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Abstract

This thesis focuses on advancing situated natural language understanding for human-robot
interaction (HRI) through the use of large language models (LLMs), aiming to create robots
that can understand, process, and respond to human commands in real-world environments.
The work addresses key challenges in integrating multitasking capabilities, scaling models
across multiple languages and modalities, including visual data, and adopting sustainable

training techniques. The key contributions of this work include:

o Integrating Multitask learning into LLMs: Methods enabling LLMs to integrate
various problem-solving approaches are explored, initially handling tasks individually
and then within a unified structure. This is demonstrated through the ExtremITA
model, which participated in the EVALITA challenge on a diverse set of [talian-specific
linguistic tasks. Following the exploration of multitasking capabilities, the thesis fur-

ther investigates the application of LLMs for syntactic analysis across languages.

o Neural transcoding for grammatical parsing based on LLMs: The thesis intro-
duces U-DepPLLaMA , a model for universal dependency parsing using large autore-
gressive language models. This model achieves state-of-the-art results in dependency
parsing across multiple languages and demonstrates the feasibility of scaling models
using low-rank adapted parameters. It can handle multiple languages without task-

specific architectural modifications.

e Grounding Language Understanding in HRI: Building on these capabilities, the
thesis presents the GrUT approach, which interprets robotic commands in multiple
languages, particularly English and Italian. This method combines frame semantics, a

knowledge base, and lexical similarity to understand natural language commands.

e Multimodal Interaction: The study incorporates multimodal models, with a par-
ticular focus on visual question answering (VQA) in Italian, using the GQA-it dataset.
The MiniCPM-V model was optimised to improve its performance on the GQA-it

dataset.



e Developing the MM-IGLU Resource: The thesis introduces MM-IGLU, an
interactive multimodal resource for grounded language understanding. It also presents
MM-IGLU-it, an extension that supports the Italian language. These resources
facilitate the training and evaluation of models in a multilingual context, grounded in

the Minecraft-like world through environmental images.

o Dialogue Systems in HRI: Preliminary work is presented on creating a dialogue
resource on MM-IGLU, where a robot can ask follow-up questions to clarify com-
mands, and evaluating the abilities of Multimodal models in effectively planning the

interaction and solving the ambiguities of input commands.

The thesis also provides a comprehensive evaluation of various models, using different,
automatic or manual metrics. Error analyses are conducted to evaluate the strengths and
limitations of the models. In summary, these contributions collectively pave the way for
developing more efficient, versatile, and interactive robots capable of understanding com-
plex commands, performing tasks in multilingual and multimodal contexts, and seamlessly

integrating into real-world human environments.
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Chapter 1

Introduction

Language is a uniquely human trait that distinguishes us from other species. It is not
merely a means of communication but a fundamental aspect of our identity and culture.
From early development, humans exhibit an extraordinary ability to learn and use language.
This ability to understand and produce an infinite number of sentences from a finite set
of elements is known as the generative nature of language [24]. The cognitive aspect of
language involves various mental processes, including perception, memory, and reasoning,
which allow us to construct complex grammatical structures and convey nuanced meanings
(80, 124, 166].

More importantly, language enables humans to exchange information and achieve
mutual understanding. From early development, humans exhibit an extraordinary ability to
learn and use language, a skill deeply connected to imitation and tool use [176]. Natural
pedagogy plays a crucial role in how humans exchange information and refine understanding
through shared interactions [66]. As children, we start communicating with our parents,
asking questions about the world and the meanings of words. This process helps us build
our internal representations of concepts [194], which, although initially imperfect, can be
refined over time. As we grow older, through language and symbols we study subjects
such as grammar, mathematics, physics, and philosophy, acquiring knowledge and building
more sophisticated internal representations of our world. When we encounter gaps in our
understanding, we ask questions in natural language to seek clarification. Language also
allows us to express our desires, plans, and viewpoints. We navigate nearly every aspect
of life through language, making it an endlessly fascinating phenomenon. The diversity of
languages plays a critical role in shaping cognitive processes, challenging the idea of universal
linguistic principles [80]

Since the dawn of time, humans have been captivated by the idea of creating something
and then having a chat with it. From the Golem of Jewish folklore [234], animated to
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perform tasks and sometimes capable of understanding commands, to Hephaestus’ golden
maidens in Greek mythology [221], designed to speak and serve their creator, this fascination
reflects a fundamental part of our nature. The development of a robot, a truly artificial being
capable of seamless interaction, holds the potential to revolutionize our world. In the field of
Human-Robot Interaction, researchers study how to facilitate clear communication between
humans and robots [259], through language. Humans should be able to command robots
using natural language, specifying their objectives and desired actions. In turn, robots must
understand these utterances, create an internal representation [111, 113], determine the in-
tent behind the commands, and identify any missing information [117, 6]. If necessary,
robots should ask clarifying questions to gather the required information, check for inconsis-
tencies, and decide if the requested action is feasible [118, 37, 5]. When a human requests
information, the robot should respond in natural language to satisfy the information needs
related to a query/request. If the request involves a physical action, the robot should be
capable of executing it. Interactive task learning allows robots and agents to acquire new
skills through natural interactions with humans [151]. Collaborative dialogue frameworks,
such as those explored in Minecraft, demonstrate the complexities of human-agent commu-
nication [193]. Moreover, simulated environments like provide a testbed for teaching agents
to execute instructions via dialogue [126].

For example, consider a dialogue between a human and a domestic robot in an automated
house. The human needs help finding an item, and the robot assists by asking questions
about the description and the possible location of the item. After gathering the necessary

information, the robot successfully locates the item and delivers it to the owner.

Hey, Robo, I need your help.

le
R Of course! What do you need assistance with today?
2.
- I can’t seem to find my glasses. Can you help me locate them?
3.
Understood. Can you please tell me where
R you last remember using your glasses?
4
- I think I had them in the living room last night while I was watching TV.
5.
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The living room, got it. Do you remem-

ber if you placed them on any specific surface?

Rﬁ:
- Maybe on the coffee table or the side table next to the couch.
7.
Ok. I will check both the coffee table and the side table. Would you
R like me to check any other areas in the living room? Maybe the sofa?
8.
- No, I think those are the most likely spots.
9.
I'm going to the living room now... I see something on the side table next to
R the couch. Confirming... Yes, these are your glasses. I'll bring them to you.
10+
Thanks, Robo!
H11:
R You're welcome! Is there anything else you need help with?
12¢
- Actually, yes. Could you remind me to water the plants in an hour?
13
R Sure, I will set a reminder for you to water the plants in one hour.
14+
Perfect. Thanks again!
H15:
R Happy to help! Don’t hesitate to ask if you need anything else.
16+

1.1 Natural Language and Human Communication

At its core, communication involves the exchange of information between individuals
through various mediums, with natural language and vision being paramount. Human com-

munication is not merely about the transmission of words; it encompasses a rich tapestry
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of verbal and non-verbal cues. These include body language, facial expressions, gestures,
and intonation, all of which contribute to the effectiveness of the message being conveyed.
The interplay between these elements allows for nuanced and layered interactions. Natural
language is the primary tool humans use to convey thoughts, emotions, and information. It
is a structured system of symbols, sounds, words, and sentences, governed by grammatical
rules that enable us to produce and understand an infinite variety of expressions.

The interplay of utterances of different speakers makes a dialogue. In conversation,
dialogue is driven by underlying intents and goals, which shape both the flow and purpose
of the exchange. Intents refer to the speaker’s immediate purpose or motivation, such as
seeking information, providing clarification, persuading, or building rapport. Goals represent
the broader outcomes the speaker aims to achieve, such as reaching an agreement, resolving
a problem, or planning a trip. These elements influence not only what is said but also how
it is communicated, affecting tone, word choice, and conversational strategies.

Dialogue is also characterized by turn-taking, where speakers alternate roles to maintain
a coherent and dynamic exchange, as exemplified in the conversation above. This process
is guided by social and cultural norms that dictate when and how individuals should speak,
listen, and respond. Effective communication requires participants to recognize cues that
signal the end of one turn and the beginning of another. These cues can be verbal, like
pausing at the end of a sentence, or non-verbal, such as maintaining eye contact or using hand
gestures. At its core, the primary purpose of dialogue is the exchange of information,
which can take many forms, from sharing facts and opinions to expressing emotions and
intentions. Successful communication depends on the clarity and relevance of the information
shared, as well as the ability of the participants to understand and interpret it accurately.

For communication to be effective, the interlocutors must establish common ground:
a shared understanding of the topic at hand. This involves the mutual recognition of knowl-
edge, beliefs, and assumptions. For instance, in the dialogue above, the human understands
that they can ask the robot to perform tasks like finding objects (Hj3) or setting alarms
(Hy3). Similarly, the robot isn’t surprised by these requests (Ry), nor is the human by the
robot using its vision (Hi;). Both are familiar with each other’s capabilities and interaction
styles, leading to a seamless communication dynamic. Moreover, this common ground is
built and maintained through confirmations and questions. Confirmations signal agree-
ment or understanding, while questions seek clarification or additional information, helping
to ensure that both parties are on the same page. Confirmations can be explicit, such as
saying “I understand” (Ry), “Ok” (Rg) or “I agree”, or implicit, such as providing appro-
priate follow-up comments. For example, an implicit confirmation involves repeating part

of the turn of the interlocutor: in R4 the robot repeats that he will set a reminder to wa-
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ter the plants in one hour, to assure the human what it understood. These signals help
to validate the information shared and reinforce mutual understanding. Questions play a
crucial role in dialogues. They can be open-ended (Ry), encouraging expansive responses, or
closed-ended (Ryg), seeking specific information. Questions help to clarify ambiguities, probe
for deeper insights, and guide the direction of the conversation. They are essential tools for
exploring common ground and ensuring that the exchange of information is accurate and
comprehensive. Seminal works laid the foundation for using procedural representations to
understand natural language [277]. More recent advances focus on problem-solving agents
that can communicate effectively while learning from interactions [192, 1, 288, 131].

Vision complements natural language by providing additional context and meaning to
verbal exchanges. Facial expressions, eye movements, and body language are visual cues that
convey emotions and intentions, often reinforcing or contradicting spoken words [91]. Facial
expressions are powerful indicators of emotional states. A smile can indicate happiness or
agreement, while a frown might suggest confusion or disagreement. These visual signals can
enhance the listener’s understanding of the speaker’s message and emotional tone [79]. Eye
movements and contact play a critical role in regulating turn-taking and signalling atten-
tion and interest. Sustained eye contact can indicate attentiveness and engagement, while
frequent shifts in gaze might suggest discomfort or distraction. Body language encompasses
gestures, posture, and movements. Open body language, such as uncrossed arms and lean-
ing forward, can indicate openness and interest, while closed body language, such as crossed
arms and leaning back, might suggest defensiveness or disengagement [134].

It is worth noting that common sense [210] plays an intriguing role in our interactions
as well. It involves the ability to make sound judgments based on everyday knowledge and
experiences. It underpins much of our decision-making and problem-solving processes, con-
tributing to effective communication by allowing individuals to infer meanings and intentions
beyond the literal words spoken [129]. For example, in the above conversation, when the
human asks the robot to find their glasses, the robot infers that the human likely wants
them. So, it first locates the glasses and then brings them to the human, even though this
wasn’t explicitly requested. This behavior is guided by common sense knowledge: when
people ask to find some of their belongings, they usually need or intend to use them. No-
tice that this is particularly true with glasses that allow to improve the ability to see and
recognize visually the environment, something that humans sometimes need. The actions of
the robot should align with this understanding. However, a detailed exploration of common
sense and non-verbal communication is beyond the scope of this thesis, as human communi-
cation is a dynamic and intricate process that relies heavily on natural language and visual

cues. Through dialogue, turn-taking, and the exchange of information, individuals build
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common ground, ensuring effective and meaningful interactions. While common sense and
body language are captivating elements of human cognition, their complexities are reserved
for further study. Understanding the fundamental aspects of communication enhances our

appreciation of the rich tapestry of human interaction.

1.2 Situated Natural Language Understanding in Hu-

man Robot Interaction: problems and objectives

The interaction between humans and robots is rapidly evolving, driven by advancements in
Natural Language Processing (NLP) and Human-Robot Interaction (HRI). A taxonomy
to structure and analyze human-robot interaction provides a framework for understanding
diverse interaction scenarios [198, 89]. The rise of Large Language Models (LLMs) has
brought significant improvements in the conversational abilities of robots. Among these,
ChatGPT [199] represents a key milestone due to its powerful natural language processing
abilities. This model excels in engaging users in fluid, human-like conversations while ef-
ficiently handling a wide range of linguistic tasks, from paraphrasing and summarizing to
text interpretation. However, these models still face challenges in fully understanding and
interpreting human language [43], especially in the context of real-world references. This
Thesis highlights the complexities of situated natural language understanding in HRI, focus-
ing on the problems and objectives that define this field. Human-robot interaction should be
intuitive, efficient, and effective. Robots are expected to understand and respond to human
language in a way that feels natural [89], as expressed in the previous section, while also
being capable of interpreting visual cues and situational context. Ideal interaction involves
a seamless integration of language and vision, allowing robots to engage in meaningful and
contextually appropriate dialogues with humans about the surrounding world. Recent re-
views highlight the integration of machine learning in human-robot collaboration [236, 249].
The advent of Large Language Models has revolutionized NLP and HRI. These models,
such as OpenAI’s GPT series [199], are highly proficient in generating human-like text and

engaging in coherent conversations. However, they have limitations:

e Understanding and Interpretation: LLMs excel in generating text but struggle
with deeper understanding and interpretation, particularly when it involves making

references to the real world.

o Contextual Awareness: Current models lack the ability to perceive and interpret

physical and situational context effectively, which is essential for grounded interactions.
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Most of the time, they simply integrate an image with text to answer questions related
to it. However, true contextual awareness involves more than this. It requires the model
to discern whether the visual context is relevant: maintaining consistent answers when
the visual input is irrelevant, and appropriately altering responses when the visual
input is indeed pertinent. Achieving this level of awareness is critical for robust and

meaningful multi-modal understanding.

One of the critical problems in HRI is enabling robots to interpret spoken language
accurately to make informed decisions. Robots must understand the intent behind human
instructions and consider the contextual implications to execute tasks effectively. Misin-
terpretations can lead to errors or inappropriate actions, highlighting the need for robust
understanding mechanisms. Robots often serve as passive responders in interactions, pro-
viding answers to human queries. However, for effective communication and task execution,
robots need to ask questions as well [117, 118, 37]. They need to implement the mechan-
ics and behaviors from the human-human interaction, such as turn-taking, confirmations
and asking questions when information is missing or something is not clear. Situations where
robots should ask questions include clarifications, to ensure they understood the instructions
correctly, additional information gathering about the task or environment, or disambiguation
in human utterances. Developing strategies for when and how robots should ask questions
is essential for improving their interaction capabilities.

For robots to function as real embodied agents, grounded or situated interaction is
crucial. This involves (a) referencing the real world, where robots must relate language to
physical objects and environments and (b) situational awareness, where understanding and
interpreting the context in which interactions occur is fundamental. This is called Grounded
Interaction, which is challenging but essential for robots to perform tasks effectively in the
real world. In [250], the authors emphasize the importance of context in human-computer
interactions, arguing that effective communication requires systems to be aware of and re-
sponsive to the situational context of their use. In [98] the symbol grounding problem
is introduced, discussing how abstract symbols acquire meaning through their connection
to physical entities and experiences, laying the foundation for grounded cognition in Al
A behavior-based approach to robotics is presented in [38], emphasizing the importance
of grounding robotic actions in real-world perceptions. In [103], the authors explore how
language learning agents can ground language in perception and action, contributing to
the development of Al systems capable of understanding and generating contextually ap-
propriate language. Finally, building interactive agents that learn to solve tasks through
grounded natural language instructions in collaborative environments is showed in [133]. In

this scenarios, vision is vital for situated interaction as it provides contextual information

24



CHAPTER 1. INTRODUCTION

that complements language. Visual perception allows robots to: identify objects and en-
vironments; interpret gestures and facial expressions; and understand spatial relationships
and situational context. Combining language and vision enables robots to engage in more
meaningful and contextually appropriate interactions, resembling how humans interact with

each other.

Figure 1.1: A 3D simulation of a house.

In a typical interaction with an Intelligent Agent, consider the scenario depicted in
Figure 1.1, which illustrates a graphical 3D capture of part of a living room. In this scene,
there is a table surrounded by chairs, some furniture, books scattered on the table, a painting
hanging on the wall, a bin, and a window situated next to the painting. If a user wants the
robot to perform a task, they would typically convey their request in natural language, as
discussed earlier, relying heavily on the vision and cognitive abilities of the robot to interpret
the environment. For example, the user might issue a command like, “ Take the book from
the table and throw it away please, it is ruined now!”. To carry out this task, the Intelligent
Agent must first identify the relevant objects, the book and the table. In this context,
“identifying” an object involves two possible approaches: (1) using the vision system of the
robot to draw bounding boxes on the image, visually highlighting the objects to dynamically
compute their position and distance, or (2) retrieving the objects and their positions from
the agent’s internal knowledge base, which may already store spatial and object information.
In many cases, one of these methods is sufficient to solve the task, but an ideal Intelligent

Agent would employ both strategies for increased accuracy and robustness.
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Home automation robots, like the iRoomba and similar devices, typically rely on
laser sensors to create a map of their operating environment [77, 191]. These sensors allow
the robot to define the boundaries of its navigable space, a strategy that proves highly
effective for tasks like cleaning [167, 148]. However, when people imagine an intelligent
robot, they often envision a humanoid android capable not only of moving but also engaging
in conversations about the world around it. The most interesting and complex approach
is the one that relies on vision, as it mimics human-like perception and requires the agent
to dynamically process visual input from the environment. Once the objects are identified,
whether through vision, internal knowledge, or a combination of both, the robot must make a
series of decisions. These include planning its movements to approach the table, safely grasp
the book, and then navigate toward the bin. The agent must also be aware of obstacles, such
as chairs around the table or other objects on the floor, to avoid collisions. Furthermore,
context-aware reasoning is essential: for instance, understanding that “throw it away” means
placing the book in the bin, as opposed to simply throwing it on the floor. The task also
involves a degree of physical manipulation, such as adjusting grip strength to avoid damaging
the book, especially if it is damaged and fragile. When reaching the bin, the robot must
release the book with precision, ensuring it lands inside the bin, not outside of it. Additional
considerations include the agent’s ability to handle dynamic environments, different lighting
conditions, multiple books on the table (requiring the robot to identify the correct one), or
if the bin has been moved from its expected position. In such cases, the Intelligent Agent
should update its understanding of the scene in real time to adapt to the changing conditions.
Thus, executing this seemingly simple command involves an intricate combination of natural
language understanding, real-time visual perception, spatial reasoning, and motor control.
The challenge lies in seamlessly integrating these components to create robust, real-world
Intelligent Agents capable of adapting to complex environments.

While ChatGPT, considered one of the most advanced dialogue frameworks at the time
of writing, excels in generating coherent text and demonstrates an impressive breadth of
(albeit shallow) knowledge, its class of models often lack the ability to integrate visual in-
formation with contextual awareness. As previously discussed, complex requests involving
real-world objects or situational context can easily confuse language-only models. Introduc-
ing visual input, such as an image, adds a layer of complexity that requires the agent to
reason across both language and vision. This challenge exposes the limitations of current
models when it comes to handling grounded, multimodal interactions. For instance, in the
interaction involving Figure 1.1, ChatGPT! exhibited an excellent understanding of the task

through its language-processing capabilities. However, it consistently struggled to identify

Wersion 4o, accessed at https://chatgpt.com/ in September 2024.
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objects or infer the necessary knowledge to execute actions like throwing something away.
Interestingly, while the model did produce bounding boxes for the book and the bin, they
were often incorrect or misaligned with the actual objects, as shown in Figure 1.2. This
highlights the gap in current Al models when it comes to combining language comprehen-
sion with visual reasoning, emphasizing the need for more advanced systems capable of fully

grounded interactions.

0

50

Figure 1.2: The Bounding Boxes ((a) book, (b) bin) produced by ChatGPT for the environ-
ment in Figure 1.1.

In the context of advancing model capabilities, one promising direction is multi-task
training, where a model is trained to handle a variety of tasks simultaneously. Multi-tasking
enhances the inherent flexibility of Large Language Models by enabling them to process
and solve multiple distinct problems within a unified architecture. This approach brings
several key advantages: first, it encourages knowledge transfer between tasks, allowing the
model to leverage shared patterns and representations across different domains. For example,
understanding syntax in one task may assist the model in parsing complex instructions in
another, which improves its overall performance and efficiency across tasks. In this Thesis,
the beneficial training was first explored and discussed in the ExtremITA model [109, 110],
where I participated in the Italian NLP challenge, EVALITA [147], an evaluation campaign
on a diverse set of linguistic tasks specific to the Italian language. ExtremITA was the first
LLM applied to all 22 tasks in this challenge using a multi-tasking approach, where the
model was trained to handle tasks such as text classification, sentiment analysis, fake news
detection, and named entity recognition, all within a unified architecture.

The results of ExtremITA (the model won 9 out of the 22 tasks and achieved top 3
performance in 16 out of the 22) highlight the significant advantages of a multi-tasking sce-
nario, as the model was able to transfer knowledge across different domains. The ability to

generalize from one task to another led to overall stronger performance, demonstrating that
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a multi-tasking approach can outperform traditional task-specific models, which may lack
the ability to leverage cross-task insights. The benefits of multi-tasking are particularly
apparent in real-world applications like HRI, where agents must integrate several modali-
ties and respond to a variety of requests. In these cases, multi-tasking capabilities enable
models to be more adaptive, moving beyond language-only interactions to incorporate vi-
sual reasoning, spatial awareness, and environmental context, all within a single framework.
This unification reduces the need for specialized models for each task, simplifying model
engineering and deployment, and reducing computational overhead.

Another challenge in this domain is representing contextual information that is not
always strictly textual. Robots and intelligent agents often receive non-textual inputs from
their sensors, such as data about the environment, movement, or proximity to objects. This
data must somehow be processed and integrated into the decision-making process. One
method for handling this is Textification, the process of converting non-linguistic data
into textual format so that it can be processed by language models. By converting sensor
data or environmental context into a textual description, the robot can reason about it in
the same way it processes traditional language inputs. For example, a robot could convert
its sensor readings about room temperature, object proximity, or movement into textual
statements like “the room is warm” or “the object is 2 meters away”. This enables the model
to respond to real-time sensor data and make decisions that involve not only the task at
hand but also the broader environmental context.

Another significant complexity in developing and training Large Language Models arises
from the increasing hardware requirements. Over the past few years, there has been
an exponential growth in the number of parameters these models utilize, which directly
translates to higher demands for GPU memory and cutting-edge technologies. To put this
into perspective, LLMs have evolved from containing a few hundred million parameters to
nearly a hundred billion in just a few short years, representing an increase of three orders
of magnitude. This surge in model size brings several challenges, as traditional hardware
setups struggle to keep up with the ever-increasing demand for memory, compute power,
and processing time. Training models of this scale typically requires high-end GPUs with
substantial memory capacity. For instance, state-of-the-art models with hundreds of billions
of parameters, such as GPT-3 [216], GPT-4 [199, 200], PALM540B [52], Qwen32B [283],
LLaMA3.2 405B [92], Claude3.5 [120], Mistral [186], Falcon [9], often need GPUs with
48GB or more memory to handle full training processes efficiently. However, such GPUs
are both expensive and inaccessible to many researchers and smaller organizations, creating
a bottleneck for innovation and equitable development in the AI space. Additionally, the

computational costs are further exacerbated by the sheer number of iterations needed to
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fine-tune these models, which not only requires more time but also significantly drives up
energy consumption [229, 122, 16|, contributing to environmental concerns in Al research.
One promising avenue to mitigate these challenges is the adoption of techniques aimed
at reducing memory and computational overhead without compromising model per-
formance. Approaches such as Low-Rank Adaptation (LoRA) [119] and lower-bit approx-
imations are becoming increasingly popular. LoRA, for example, reduces the number of
parameters that need to be updated during training by decomposing large-weight matri-
ces into smaller, low-rank matrices. This method drastically lowers memory requirements,
enabling the training of models with billions of parameters on standard GPUs with much
less memory. Recent studies, such as [109], have demonstrated that with these advanced
techniques, a 7-billion-parameter model can be trained using a standard NVIDIA T4 GPU
with just 16GB of memory, as opposed to the 48GB typically required for full training.
This represents a significant reduction in hardware requirements and democratizes access to
cutting-edge Al research. In addition to LoRA, lower-bit approximation methods further
reduce memory usage by representing model weights in fewer bits (e.g., 8-bit or even 4-bit
precision) instead of the traditional 16 or 32 bits. This technique has been shown to retain
much of the accuracy while significantly cutting down on memory and computational re-
quirements, making it a compelling solution for training larger models on more affordable

hardware.

1.3 Thesis Contribution

Given the problems highlighted before, the following topics have been studied and explored

in this thesis.

o Integration of Multi-tasking in LLMs: A key contribution of this thesis is the
exploration of multi-tasking capabilities in LLMs. While LLMs excel at processing
natural language, they often struggle to manage multiple tasks concurrently or solve
complex, multi-dimensional problems. This thesis examines methods that enable LLMs
to integrate diverse problem-solving approaches, firstly one at a time, and then within
a unified framework. By employing a multi-tasking architecture, LLMs can process
different types of inputs and contextual information, enhancing their performance in
situated interactions. This approach marks a step toward creating more versatile
and adaptive Al systems capable of solving heterogeneous tasks, ultimately improving

overall performance through synergy and diversification.

o Integration of Vision and Language for Situated Interaction: Integrating vi-

29



CHAPTER 1. INTRODUCTION

sion and language is crucial for enabling LLMs to handle grounded, situated dialogue.
This thesis explores methods for combining visual perception with natural language
processing to enhance an agent’s ability to interact meaningfully with its environment.
By incorporating both modalities, the agent can reason not only based on textual
input but also by interpreting visual scenes. This integration is essential for achiev-
ing contextually grounded understanding, which is necessary for tasks such as object

manipulation, navigation, and situational decision-making in real-world scenarios.

o Analysis of Situated Interpretation and Dialogue Capacity in Large Lan-
guage Models (LLMs): This thesis provides an in-depth analysis of situated inter-
action in LLMs, focusing on their ability to interpret and respond to commands in
real-world contexts. Through use cases such as interactions in an automated smart
home environment and collaborative tasks within a simulated Minecraft-like world,
this work examines how LLMs perform when tasked with command comprehension
and command replying, involving physical objects and contextual information. The
results reveal significant limitations of language-only models, which often struggle to
interpret user commands involving spatial relationships, object identification, or situa-
tional awareness. These use cases emphasize the gap between current LLM capabilities

and the complex demands of real-world human-robot interactions.

Together, these contributions aim to push the boundaries of Human-Robot Interaction
by enabling systems to perform grounded, multimodal tasks in real-world contexts while

remaining efficient and accessible.

1.4 Thesis Organization

The organization of this thesis follows a progressive structure, designed to build a deep un-
derstanding of situated natural language understanding (NLU) in Human-Robot Interaction
(HRI) via Large Language Models (LLMs). Each chapter introduces key concepts, presents
methodologies, and analyses results that can be built upon for the development of robust,

interactive robots.

o Chapter 1: Introduction: This chapter introduced the fundamental motivations
and challenges of applying NLU to HRI. It outlined the problem of enabling robots to
understand, interpret, and act upon human instructions in real-world environments.
By framing language as the primary medium of interaction, it sets the stage for the

subsequent exploration of semantic interpretation and multimodal understanding.
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o Chapter 2: Modern Approaches to Situated Natural Language Understand-
ing: This chapter provides a comprehensive literature review on modern approaches
to NLU and HRI, starting with foundational concepts and leading to advanced mul-
timodal models. Section 2.1 explores the intersection of NLP and HRI, highlighting
the necessity of natural language as a tool for human-robot collaboration. It discusses
the challenges of grounding language in a physical context and provides an overview
of existing frameworks. Then, SRL is presented in Section 2.2 as a crucial component
for enabling robots to understand the meaning of sentences by identifying the roles
played by different entities (e.g., agent, object, location). This section explains how
SRL supports command interpretation and execution in robotic systems. Section 2.3
describes the evolution of machine learning models for NLP, culminating in the intro-
duction of the Transformer architecture. In Section 2.4 an overview of LLMs, focusing
on their scalability and generalization capabilities, is presented by emphasizing their
potential in zero-shot and few-shot learning, which are key for developing adaptable
robots that can handle new tasks with minimal retraining. As interaction is made of
not only language, but more than one modality, Section 2.5 discusses the integration
of vision and language, a critical aspect for robots operating in dynamic environments.
Finally, given the high computational costs of training LLMs, Section 2.6 introduces
techniques like Low-Rank Adaptation (LoRA) and Q-LoRA. These methods enable
efficient fine-tuning on constrained hardware, making them practical for real-world

robotic applications.

o Chapter 3: Improving the Training in LLMs for Complex Linguistic Tasks:
This chapter presents the methodologies developed to train LLMs on complex linguistic
tasks under hardware limitations. Each section focuses on a specific approach, to lay
down the fundamentals of adapting LLMs on specific task. Section 3.1 describes the
fine-tuning of LLMs on producing semi-structured text from natural language. The
relevance to HRI lies in providing robots with the ability to understand syntactic
structures, aiding in the correct interpretation of commands. As we would like robots
to solve more than one specific linguistic task and be able to operate in a multi-task
scenario, Section 3.2 presents ExtremITA as a multi-task learning approach, where a
single model handles diverse NLP tasks. Finally, Section 3.3 introduces the integration
of multimodal inputs (text and images) into LLMs. It highlights how combining visual
and linguistic information improves the ability of a robot to interpret its surroundings

and respond accordingly.

o Chapter 4: Natural Language Understanding in HRI: This chapter shows the
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application of the developed models in real-world HRI scenarios. It is divided into three
main sections: Section 4.1 focuses on enabling robots to interpret and act upon human
commands using SRL and grounding techniques. Examples of real-world scenarios are
provided to illustrate the practical impact of such an architecture if installed onboard
of robots. Section 4.2 discusses the use of interactive dialogue systems in collaborative
tasks, where robots must clarify ambiguous commands and request additional infor-
mation when needed. It explores the Situated Interaction through a Minecraft-like
game made of blocks. Finally, Section 4.3 presents the MM-IGLU resource, developed
for training and evaluating multimodal models. The resource is designed to support

robots in tasks that require both linguistic and visual understanding.

Chapter 5: Conclusions and Discussion: The thesis concludes by summarising
the main contributions and discussing their implications for future research in Nat-
ural Language Understanding (NLU) and Human-Robot Interaction (HRI). In 5.2, a
preliminary exploration of recent language and multimodal models is presented, by
applying one of them to a targeted task to assess its suitability and test the impact of
more recent progress. This is followed by a discussion of open challenges and potential
research directions in 5.3, with an emphasis on the overarching goal of developing more
adaptive and intelligent robotic agents. The chapter culminates in 5.3.1 with the pro-
posal of a Cognitive Architecture that integrates the capabilities presented throughout
the thesis, compact and efficient enough to be deployed onboard a physical robot, and

designed to support Situated Natural Language Interaction with humans.
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Chapter 2

Modern Approaches to Situated Natu-

ral Language Understanding

This chapter surveys modern approaches to Situated Natural Language Understanding (Sit-
uated NLU), a critical field for enabling intelligent agents, such as robots, to interpret and
act upon human language in real-world environments. The ability to ground language in
a physical or visual context is essential for tasks where language alone is insufficient to
convey meaning, such as interacting with a dynamic environment or executing commands
that require spatial or temporal reasoning. Situated NLU is at the core of this thesis, as
the primary goal is to extend the capabilities of multimodal large language models (LLMs)
to handle complex dialogues that require both linguistic interpretation and environmental
awareness.

To set the foundation for this research, the chapter begins by presenting key concepts in
Human-Robot Interaction (HRI) and Natural Language Processing (NLP), which are piv-
otal in shaping modern approaches to language understanding in situated contexts. We then
explore the Semantic level of Natural Language Interpretation by using the Semantic Role
Labeling (SRL) task as an example. This task is central to structured semantic interpreta-
tion, as it provides a framework for understanding the roles played by different entities in a
given instruction or sentence. Understanding these roles is fundamental for disambiguating
commands and ensuring that robots interpret language correctly within their environment.

The chapter continues by exploring state-of-the-art Transformer architectures and Large
Language Models (LLMs), which have revolutionized NLP and are key components of mod-
ern NLU systems. It will discuss their evolution, highlighting models that are particularly
relevant for this work, including instruction-tuned LLMs that improve task generalization

by learning from explicit human-provided instructions. Since the thesis aims to extend such
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models to multimodal and dialogic scenarios, it will review how instruction tuning, when
combined with visual grounding, enhances model performance in real-world tasks.

Following this, the multimodal architectures are examined, which integrate language and
vision and play a crucial role in situated dialogues, where the context is provided not only
by the text but also by the visual scene. Multimodal learning is a cornerstone of this thesis,
as it forms the basis for extending LLMs to handle situated interactions effectively. The
key works in multimodal NLU will be highlighted and their relevance to this approach is
discussed.

Finally, the chapter is concluded with a discussion on sustainable training techniques.
Given the resource-intensive nature of large-scale models, efficient training methodologies are
essential for ensuring that future models remain accessible and environmentally responsible.
Techniques such as parameter-efficient fine-tuning (e.g., LoRA and Q-LoRA) and quantiza-
tion strategies are particularly relevant, as they allow the adaptation and extention of LLMs
for specific tasks, languages, and environments without requiring excessive computational
resources.

By the end of this chapter, the reader will have a comprehensive understanding of the
current state of the art in Situated NLU, which serves as the foundation for the contributions
presented in this thesis. Each of the surveyed areas, such as HRI, SRL, LLMs, multimodal
architectures, and sustainable training, addresses a critical aspect of the challenges this thesis
aims to overcome and provides the necessary context for the novel approaches developed in

the subsequent chapters.

2.1 HRI and Natural Language Processing

Human-Robot Interaction (HRI) is a multidisciplinary field that seeks to design, implement,
and study communication between humans and robots. Among the many modalities of
interaction, natural language processing (NLP) is one of the most intuitive and effective, as
it allows humans to interact with robots in the same way they communicate with each other.
The goal of NLP in HRI is to enable robots to understand, interpret, and generate human
language in a way that is meaningful and grounded in the physical and social context of the
interaction [89, 7].

One foundational challenge in HRI is recognizing the intents and objectives behind hu-
man communication. As Austin (1962) famously argued, language is inherently tied to the
speaker’s intentions and actions [19]. For example, when a human tells a robot “I can’t seem
to find my glasses, can you help me locate them?”, the intent is to have the robot locate

the correct object (the glasses) in the environment and perform the action (BRING THEM).
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Understanding these intents requires dialogue systems to process dialogue acts, which rep-
resent the purpose of a speaker’s utterance (e.g., a command, request, or question) [8, 61].
Dialogue act annotation schemes like DAMSL (Dialogue Act Markup in Several Layers) [§]
provide a structured way to identify these intentions in human communication.

In recent years, dialogue systems for HRI have evolved to handle situated dialogues, where
the robot must ground language in its immediate environment. Situated dialogue systems
go beyond processing raw text: they integrate multimodal data, such as visual and spatial
cues, to interpret utterances in a real-world context. For instance, in [208] systems that
combine NLP with visual understanding, enabling robots to follow complex instructions
like “Take my glasses from the table near the sofa”, are introduced. Such systems use
knowledge representation frameworks to link natural language with real-world semantics, as
demonstrated by efforts in multi-domain dialogue systems [78].

Moreover, robots often need to learn conceptual structures for performing tasks through
dialogues. Interactive dialogues can teach robots conceptual knowledge specific to a domain,
such as teaching a robot the difference between tools and furniture for a cleaning task [207].
These efforts highlight the importance of using dialogue as a tool for not only interaction
but also for learning.

Advancements in multimodal dialogue systems have further enhanced the capabilities to
interpret human language. In [7], the authors propose that by combining speech, gesture,
and vision, robots can more effectively interpret ambiguous utterances or resolve conflicts in
instructions. This is especially critical in tasks where context significantly affects language
interpretation, such as identifying which object to interact with when there are multiple
candidates in the environment.

Lastly, ethical and social considerations in HRI cannot be overlooked. The deployment
of Large Language Models (LLMs) in dialogue systems raises issues of privacy, fairness,
and bias: LLMs can perpetuate gender or cultural biases, which must be addressed when
designing systems for human-robot communication [195]. These challenges emphasize the
need for responsible and fair AI development in HRI.

Despite significant advancements in Natural Language Processing (NLP) and Human-
Robot Interaction (HRI), current systems face several limitations that hinder their applica-
tion in real-world scenarios. Traditional NLP models, while effective in specific tasks, often
lack the flexibility required to handle diverse linguistic inputs in dynamic environments.
Moreover, many existing systems rely heavily on predefined rules or static datasets, limiting
their ability to adapt to new contexts or user-specific needs. Even modern transformer-based
models, although capable of generalizing across tasks, struggle with grounding language in

physical environments and interpreting ambiguous or incomplete commands. These short-
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comings underscore the importance of developing more adaptive models that can seamlessly
integrate linguistic and multimodal information, which is a key focus of this thesis. By intro-
ducing methods for multi-task learning, multimodal integration, and efficient fine-tuning, this
work aims to bridge the gap between theoretical models and practical applications in HRI.
While dialogue systems provide the foundation for understanding and generating natural
language, the role of semantic structures such as those captured by Semantic Role Labeling
is crucial for more fine-grained interpretation of meaning. The next section explores SRL
and its relevance to Situated NLU.

2.2 Natural Language Understanding: the Semantic

Level

In this section, we introduce a theoretical framework for automatic language interpreta-
tion, a fundamental step toward enabling robots to comprehend human language and act
accordingly in real-world environments. This involves moving beyond syntactic analysis to
a semantic level, where understanding requires extracting the meaning of utterances and
linking them to real-world entities, actions, and properties. Such an approach is critical
for robots operating in dynamic and complex contexts, where they must infer intent, re-
solve ambiguities, and ground language in their perceptual and physical environment. To
demonstrate this concept, we employ the task of Semantic Role Labeling (SRL), which pro-
vides a concrete example of how structured semantic understanding can facilitate effective
human-robot interaction.

SRL is a critical task in natural language understanding (NLU) that involves identifying
the semantic roles played by words or phrases in a sentence. It provides a structured rep-
resentation of meaning by answering “who did what to whom, when, where, and why” in a
given sentence. For example, in the sentence “John gave Mary the book”, SRL identifies John
as the agent (GIVER), Mary as the recipient (RECEIVER), and the book as the thing given
(THEME). This level of semantic analysis is crucial for enabling machines to understand
natural language in a way that aligns with human interpretation [88]. This aspect will be

explored more in-depth in Chapter 4, particularly in Section 4.1.1.

SRL for Situated NLU. In the context of Situated NLU and Human-Robot Interaction
(HRI), SRL plays a central role by linking linguistic expressions to their corresponding
actions, entities, and properties in the context. For instance, consider the instruction: “Find
me the sunglasses, they should be on the table near the sofa”. Through SRL an automatic

system is able to:
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e Recognize the sunglasses as the THEME of the action finding;
o Identify the table as the SOURCE of the action;

o In case of multiple tables in the environment, disambiguate the correct one: determine
the spatial relationship between the table and the sofa, consider what near actually
means and, if these two entities satisfy the property of being near, consider it the

correct place from where to take the sunglasses.

Such structured understanding allows robots to ground their actions in the physical world
and execute tasks effectively [100, 240].

Foundational Resources for SRL. The development of SRL has been heavily influenced
by annotated linguistic resources. These resources provide the semantic frames, roles, and
syntactic patterns that form the backbone of SRL systems. By foundational resources, we
refer to large-scale, systematically annotated datasets that serve as the basis for training and
evaluating SRL systems. These resources encode essential information about how meaning
is structured in language, including semantic frames, roles, and their syntactic realizations.
They are indispensable for developing SRL models, as they provide the necessary data for
learning how to associate linguistic expressions with their underlying meaning. Without such
foundational resources, it would be impossible to build robust systems capable of performing
accurate semantic analysis across a wide range of contexts. The following are some of the
most prominent foundational resources that have significantly contributed to the develop-

ment and advancement of SRL systems:

« FrameNet [23]: FrameNet organizes meaning around semantic frames, which describe
prototypical situations (e.g., a GIVING frame includes roles such as GIVER, RECIPIENT,
and THEME). This resource emphasizes frame-based semantics and provides a rich
dataset for SRL research.

« VerbNet [235]: VerbNet categorizes verbs into classes based on their semantic and
syntactic behaviors. It provides role labels and selectional restrictions, making it a

valuable resource for linking lexical semantics with syntactic patterns.

« PropBank [204]: PropBank focuses on verb-centric annotations, assigning semantic
roles (e.g., ARGO for agent, ARG1 for patient) to verb arguments in specific syntactic
contexts. PropBank is widely used in SRL tasks due to its broad coverage and practical

applicability.
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These resources collectively provide the theoretical foundation for modern SRL systems,

enabling the modeling of rich semantic structures.

The Semantic Role Labeling Cascade. SRL can be viewed as a cascading process with
multiple subtasks, where each subtask builds on the output of the previous one to progres-
sively refine the understanding of the meaning in a sentence. This structured decomposition
helps in isolating specific challenges within the broader task, making it easier to address
individual errors and improve system performance. Below are the key subtasks involved in

this cascading process:

» Predicate Identification: The system identifies the main predicates (typically verbs)
in the sentence. For example, in “Find me my sunglasses, they should be on the table
near the sofa.”, the predicates are find and be. These predicates usually evoke the
Frame that gives the meaning to the whole sentence. In this case, the predicate to find
evokes the Frame LOCATING in FrameNet [23], while to be evokes, among others, the
Frame BEING LOCATED.

o Argument Identification: The system determines the boundaries of the arguments
associated with each predicate. In the same sentence, the arguments are me, my
sunglasses, the table and the sofa'. Usually, this step is made through a notation
called BIO, where each word is annotate with a class that reflects the position of the
words in a relevant span, the argument: B, for words in the beginning; I for words
in the middle or at the end of a span; O for words outside of any Argument. These

categories will be later used by the next step in the cascade.

o Argument Classification: Each contiguous series of B and I words are merged
together to form an argument and each argument is assigned to a semantic role (e.g.,
AGENT, RECIPIENT, THEME) based on its relationship with the predicate.

This multi-step approach allows SRL systems to decompose the problem into manageable
components, facilitating better error analysis and optimization [162]. At the end of the
cascade, the union of all the indentifications and categorization give rise to the interpretation
of the sentence in terms of structured objects, such as the Frames and Arguments. From

these, automatic systems can understand natural language and infer new knowledge.

Techniques for Semantic Role Labeling. Traditional SRL systems relied on rule-based

or feature-engineered methods, but the advent of deep learning has transformed the field.

Tt could be argued that, depending on the status of the world, i.e., how the entities are disposed, the
table near the sofa could be a single Argument. This is true and will be further explored in Section 4.1 with
the GrUT approach.
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In the past they were mainly based on complex semantic lexicons emphasizing via rule
matching linguistic modeling and unification [177, 273], e.g., data driven methods for SRL
have been also proposed either based on HMMs [47] or SVM [213], or hybrid version based
on HMMs-SVMs [190, 266]. Modern SRL approaches can be broadly categorized as follows:

« Pipeline-Based Approaches: Early SRL systems were often divided into separate
stages: syntactic parsing followed by semantic role assignment. These systems relied
onto pre-trained parsers to extract syntactic structures (e.g., dependency trees) before
labeling semantic roles [88]. An important limitation arises: errors in syntactic parsing

propagated to the semantic role assignment stage, limiting the overall accuracy.

 End-to-End SRL: Recent advances have enabled SRL systems to bypass explicit

syntactic parsing by using neural models. For example:

— In [100] a deep learning model that uses BiLSTMs (Bidirectional Long Short-Term

Memory networks) to perform SRL directly from raw text is introduced.

— In [42] the SRL accuracy is improved by incorporating self-attention mechanisms,

which allow the model to capture long-range dependencies in the input.

o Pre-Trained Language Models for SRL: Transformer-based architectures like
BERT [70] and RoBERTa [163] have further advanced SRL. These models leverage
contextual embeddings to improve role labeling without relying on task-specific fea-
ture engineering. Pre-trained models are often fine-tuned on donwstream SRL tasks,

achieving state-of-the-art performance with minimal supervision.

Applications of SRL. SRL has wide-ranging applications in both traditional NLP tasks

and emerging domains:

e Question Answering (QA): SRL enhances QA systems by providing semantic rep-
resentations that help match questions with their answers. For instance, in “ Where
are my sunglasses?” SRL can identify on the table as the answer by analyzing the
LocATioN Argument of the predicate BEING__LOCATED from the previous example
[240].

e« Machine Translation: SRL can improve the fidelity and coherence of automatic
translation by ensuring compatibility between Frames and Arguments in the different
languages. The Frame Semantics [83] exemplified before is language independent, and

so can be used in any language.
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« Human-Robot Interaction (HRI): In Situated NLU, SRL helps robots ground
language in physical actions, enabling them to interpret, disambiguate and understand

commands and further execute tasks more effectively [208].

2.3 Adopting Machine Learning in Natural Language

Processing: Transformer-based Architectures

Natural Language Processing (NLP) has undergone a profound transformation over the last
few decades, evolving from rule-based systems [177, 273] and statistical methods to neural
architectures [42] that define the modern era. Early approaches, such as Hidden Markov
Models (HMMs) [47] and Support Vector Machines (SVMs) [213], leveraged probabilistic and
optimization techniques to tackle tasks like part-of-speech tagging and text classification.
However, these methods were limited by their reliance on handcrafted features and their
inability to model complex linguistic patterns and long-range dependencies.

The introduction of distributed representations, such as Word2Vec [184], marked a sig-
nificant milestone by embedding words in a continuous vector space, capturing semantic
relationships. This innovation enabled the use of neural network architectures, particularly
Recurrent Neural Networks (RNNs) and their variants like Long Short-Term Memory net-
works (LSTMs) [104], which modeled sequences and context dynamically. Despite their suc-
cess, RNNs suffered from computational inefficiencies due to their sequential nature, making
them difficult to scale to large datasets or long input sequences.

An important breakthrough came with the development of attention mechanisms, which
allowed models to dynamically focus on the most relevant parts of an input sequence. First
introduced in [21] for neural machine translation, attention addressed the limitations of
recurrence by enabling the parallel processing of input tokens. This innovation culminated
in the transformer architecture [267], which entirely replaced recurrence with self-attention
mechanisms, fundamentally changing how machines process language.

This section examines the progression of machine learning approaches for NLP, culmi-
nating in the transformer architecture. The core principles of the transformer, including
self-attention and multi-head attention, will be discussed, followed by an exploration of its

variants and their applications in modern NLP tasks.

From Statistical Methods to Neural Architectures. Historically, statistical methods
dominated NLP, with models like Hidden Markov Models (HMMs) and Support Vector

Machines (SVMs) leading advancements in tasks such as part-of-speech tagging and text

classification. HMMs, for instance, excelled in sequential tasks by modeling probabilistic
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transitions between states. However, their inability to capture long-range dependencies in
sequences constrained their effectiveness. Similarly, while SVMs were robust for classification
tasks, their reliance on handcrafted features limited scalability and generalization to complex
linguistic phenomena [128].

The advent of neural networks introduced distributed word representations, often referred
to as word embeddings. Models such as Word2Vec [184] provided a breakthrough by map-
ping words into continuous vector spaces, capturing semantic relationships based on their
co-occurrence in large corpora. Building on this foundation, Recurrent Neural Networks
(RNNs) and their variants, such as Long Short-Term Memory networks (LSTMs) [104] and
Gated Recurrent Units (GRUs) [51], offered a solution to modeling sequential dependencies.
These architectures allowed NLP systems to process input in an order-sensitive manner, en-
abling advancements in machine translation, sentiment analysis, and more. However, their
sequential nature introduced computational inefficiencies, particularly when processing long

sequernces.

RNN LSTM GRU Transformers
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Figure 2.1: Comparing different Sequence models: RNN, LSTM, GRU, and Transformers.

The introduction of attention mechanisms addressed these limitations. First proposed
in [21] for neural machine translation, attention enabled models to dynamically focus on
relevant parts of an input sequence, allowing for better handling of long-range dependencies.
This innovation set the stage for the development of the transformer architecture. In Figure
2.1, a conceptual diagram comparing RNNs/LSTMs and transformers, highlighting how
RNNs process input sequentially while transformers process input in parallel using self-
attention.

Moreover, in the RNNs architectures the word embeddings were not context-sensitive, i.e.

the same word in different context had the same representation, failing in capturing different
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meanings and nuances. As an example, the word bank had the same representation in both
these sentences: “The bank of the river” and “I asked the bank a loan”. 1t is evident that this
drawback fails in disambiguating the meaning of the bank in such different contexts. On the
other hand, Transformers introduced learnable and context-dependent word embeddings, to

overcome this limitation.
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Figure 2.2: The Transformer architecture, as presented in [267], where the MultiHead
Attention module is decomposed until the basic operations of multiplication and addition
of the ), K and V matrices.

The Transformer Architecture. The transformer architecture [267] (Figure 2.2) marked
a turning point in NLP by replacing recurrence with a fully attention-based architecture.
Unlike RNNs, which process tokens sequentially, the transformer operates on entire input
sequences simultaneously. This parallelism, coupled with its ability to model dependencies
across an entire sequence, significantly improved both computational efficiency and task
performance. At the heart of the transformer is the self-attention mechanism, which
computes the relationship between every pair of tokens in a sequence. This mechanism
dynamically adjusts the focus of the model based on contextual relevance. For a given

input, the self-attention mechanism computes attention scores using the formula:

Attention(Q, K, V') = softma (QKT) Vv (2.1)
ntion(Q, K, V') = softmax | —— :
Vdy

where (), K and V represent the query, key, and value matrices, and dj is the dimen-

sionality of the keys. This formulation ensures that the attention scores are normalized,
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allowing the model to weigh the contributions of different tokens effectively. Here, the dot
product between @ and K measures relevance, scaled by 1/dj to stabilize training. The
output is a weighted combination of the value vectors (V'), where the weights represent the
importance of each token for the given query. Unlike RNNs, which process tokens sequen-
tially, self-attention captures long-range dependencies across an entire sequence in parallel,
significantly improving efficiency and scalability.

The transformer architecture consists of an encoder and a decoder, both of which are
composed of identical stacked layers. Each layer includes a multi-head self-attention
mechanism, which enables the model to attend to multiple aspects of the input simultane-
ously, followed by a position-wise feedforward network. Residual connections and layer
normalization are applied throughout the architecture to stabilize training.

In the encoder, self-attention mechanisms focus exclusively on the input sequence, gen-
erating contextualized representations for each token. In the decoder, an additional cross-
attention mechanism allows the model to incorporate information from the encoder out-
puts, enabling tasks such as translation and summarization. The reliance on attention,
rather than recurrence, allows this architecture to scale effectively, making it suitable for
training on massive datasets. In fact, its strength and popularity comes not only from the

architectural design, but from training on massive datasets as well.

Key Innovations of the Transformer. The transformer extends self-attention with multi-
head attention, which allows the model to learn multiple perspectives of the input. Instead
of computing a single attention score, the input is projected into multiple subspaces, with
independent attention computations for each head. The results are concatenated and trans-
formed via a learned weight matrix. This design enables the model to simultaneously capture
different types of relationships, such as syntactic and semantic structures, enriching its rep-
resentational power.

Unlike RNNs, which inherently process tokens in order, the transformer processes all
tokens in parallel, requiring an explicit representation of their positions in the sequence.
This is achieved through positional encodings, which are added to the token embeddings.

These encodings are computed using sinusoidal functions:

PE(pos,Qi) = sin < pos )

pos
o) PEoosaisy = o8 (st (22)

]_ 00002i/dmodel

where pos is the position index, ¢ is the dimension index, and d,,.q is the embedding
dimension. This approach allows the model to generalize to sequences of varying lengths
while preserving order information.

A major advantage of the transformer is its ability to process sequences in parallel,
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unlike the sequential nature of RNNs. The attention mechanism operates on all tokens
simultaneously, enabling efficient computation and better hardware utilization. This paral-
lelism reduces training time significantly and allows transformers to scale effectively to larger
datasets and models. It has been key to the development of large language models, such as
GPT and BERT, which are trained on massive corpora.

Each sublayer of the transformer incorporates residual connections and layer nor-
malization. Residual connections enable the model to retain information from earlier layers,
facilitating gradient flow, while layer normalization ensures stable activations. These mech-
anisms are critical for scaling the transformer to deep architectures without degradation in
performance.

Moreover, in transformer-based architectures, word embeddings are learnable and
context-dependent, meaning they are dynamically updated based on the surrounding con-
text of a word within a given input sequence. Unlike static embeddings, these embeddings are
generated through a self-attention mechanism, where each token attends to all other tokens
in the sequence. This allows the model to produce unique embeddings for the same word
depending on its context, effectively capturing polysemy (multiple meanings) and nuanced
word relationships. These embeddings are learned during pre-training on large corpora and
fine-tuned on downstream tasks. In contrast, classical models like RNNs and LSTMs often
used static embeddings such as Word2Vec, where each word is represented by a fixed vector
regardless of context. Word2Vec embeddings are pre-trained using techniques like skip-gram
or CBOW (Continuous Bag of Words) and remain unchanged during downstream task train-
ing. While these embeddings can capture global word similarities based on co-occurrence
statistics, they fail to differentiate between different meanings of a word in varying contexts.
Transformers overcome this limitation by dynamically updating word embeddings through
attention mechanisms, providing richer and more precise contextual representations. This
distinction makes transformer-based models significantly more powerful for tasks requiring
deep semantic understanding.

These innovations collectively transformed the field of NLP, making the transformer
the architecture of choice for tasks like machine translation, text summarization, and text
generation. By replacing recurrence with attention, the transformer achieves state-of-the-art
results across a wide range of applications, cementing its role as the backbone of modern
NLP systems.

Architectural variants of the Transformer. The transformer architecture, as originally
proposed [267], consists of an encoder-decoder framework designed for sequence-to-sequence
tasks, such as machine translation. Over time, this architecture has been adapted into

three distinct configurations: encoder-only, decoder-only, and encoder-decoder models. Each
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Figure 2.3: The BERT [70] architecture, with a specific focus on the pre-training (left) and
fine-tuning (right) process and tasks.

variant is optimized for specific types of NLP tasks, with unique design features tailored to
their respective objectives.

Encoder-only models are designed to process and understand input sequences. These
architectures consist solely of a stack of encoder layers, where each layer applies self-attention
and feedforward transformations to generate contextualized representations of the input.
Encoder-only models are particularly effective for tasks that require comprehensive under-
standing of the input, such as text classification, named entity recognition, and sentiment
analysis. The key innovation of encoder-only models is their use of bidirectional attention,
which allows the model to attend to all tokens in the input sequence simultaneously. For
example, BERT (Bidirectional Encoder Representations from Transformers) [70] processes
input left-to-right and right-to-left by considering both preceding and succeeding tokens,
capturing richer contextual information compared to unidirectional approaches. This bidi-
rectionality makes encoder-only models highly effective for tasks where understanding the
full context of the input is critical. In Figure 2.3, the BERT model is first pre-trained on
a large amount of data to learn what language is, then, on the right, a specific focus on
linguistic downstream tasks, where the model has been adapted to solve them.

While the original BERT model [70] set the standard for encoder-only transformer ar-
chitectures, subsequent advancements such as RoBERTa (Robustly Optimized BERT Ap-
proach) [163] introduced refinements that significantly enhanced performance. RoBERTa im-
proves upon BERT by optimizing its pretraining methodology: it removes the next-sentence
prediction (NSP) task, trains on larger datasets, increases the number of training steps, and
uses larger batch sizes. These changes allow RoBERTa to learn more robust representations,
making it one of the most widely adopted models for understanding tasks like classification,

named entity recognition (NER), and sentiment analysis.
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Figure 2.4: The sBERT [220] architecture, where two similar sentences are encoded
through the Siamese networks and compared using the Cosine Similarity measure.

In the context of Encoder-only model for the Italian language, ALBERTo [211]
represents a significant adaptation of encoder-only transformer architectures. ALBERTo
is a language model specifically trained on Italian tweets, making it optimized for social
media text, which is typically informal and often unstructured. This model is pre-trained
on large-scale Italian Twitter datasets, capturing nuances such as slang, abbreviations, and
hashtags that are common in social media communication. ALBERTo has been particularly
useful for tasks such as sentiment analysis and user profiling in Italian-language datasets.
Its specialization in informal text complements more general models like multilingual BERT
or XLM-R [58], which are trained on more diverse, but often formal, corpora.

While standard BERT and its variants like RoOBERTa and ALBERTo are effective at
generating contextualized representations for tokens, they are not inherently optimized for
sentence-level tasks such as semantic similarity or clustering. To address this limita-
tion, Sentence-BERT (sBERT) [220] was introduced as a modification of BERT specifically
designed for sentence embeddings. sSBERT uses a Siamese network structure to derive fixed-
length representations of entire sentences, which can then be compared using standard sim-
ilarity measures, such as cosine similarity, as depicted in Figure 2.4. sBERT is particularly
useful for tasks such as paraphrase detection, semantic textual similarity (STS), and in-

formation retrieval. For example, in multilingual and Italian-specific contexts, sSBERT has
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Figure 2.5: Top: The T5 [217] pre-training strategy, where each task is transformed into a
text-to-text. Bottom: At inference time, the T5 model answers directly by using its
internal knowledge.

been fine-tuned on datasets such as STS-B and multilingual parallel corpora to create rep-
resentations that capture cross-lingual semantic equivalence. Its ability to encode sentences
efficiently has made it a foundational model for downstream applications, including question
answering, search ranking, and clustering.

The Encoder-Decoder configuration consists of the union of the two components, and
these models are designed for sequence-to-sequence tasks, such as machine translation, sum-
marization, and question answering. For example, T5 (Text-to-Text Transfer Transformer)
[217] and BART (Bidirectional and Auto-Regressive Transformers) [152] utilize this archi-
tecture to achieve state-of-the-art results in diverse NLP applications. The combination of
bidirectional attention in the encoder and autoregressive decoding allows encoder-decoder
models to leverage both global context and sequential dependencies.

One of the key strengths of T5 lies in its innovative approach of recasting all NLP tasks
into a unified text-to-text format, as shown in Figure 2.5. Traditionally, tasks such as classifi-
cation or regression required designing task-specific architectures or adapting model outputs.
In contrast, TH reformulates these tasks as text generation problems. For example, a classifi-
cation task such as sentiment analysis can be reformulated by providing input in the format
“sentiment: The movie was excellent” and expecting output such as “positive”. Sim-
ilarly, a regression task like rating prediction is treated as text generation, with the model
outputting numerical ratings as strings. This unified framework not only simplifies training
pipelines but also enables seamless multi-task learning, allowing T5 to excel in diverse NLP
applications ranging from translation to summarization, question answering, and classifica-

tion. BART, on the other hand, distinguishes itself with a focus on text reconstruction.
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Figure 2.6: The BART [152] pre-training strategy, each task serves as a denoising strategy.

During pretraining, various noising functions are applied to the input text (e.g., token mask-
ing, sentence shuffling, as in Figure 2.6) and then BART is trained to reconstruct the original
text. This denoising objective enables BART to become highly effective at rewriting tasks
such as paraphrasing, sentence fusion, and style transfer. Additionally, its ability to recover
syntactically and semantically coherent text from noisy inputs makes it an excellent choice
for text generation tasks like summarization. The autoregressive nature of its decoder further
enhances its capabilities in generating fluent and coherent output.

Focusing on Italian specific Encoder-Decoder models, two architectures stand out:
IT5 [231] and BART-IT [142]. IT5 is an Italian adaptation of T5, pretrained on large-scale
Italian corpora including datasets from legal, medical, and literary domains. It retains the
text-to-text approach of the original T5 model, while specializing in Italian-specific tasks
such as named entity recognition (NER), sentiment analysis, and machine translation. For
instance, I'T5 has demonstrated state-of-the-art performance in tasks like paraphrasing Ital-
ian sentences or answering questions about Italian literature [231]. BART-IT [142], an
Italian adaptation of BART, follows a similar philosophy by pretraining the model with
noising and text reconstruction objectives on diverse Italian corpora. This makes it particu-
larly adept at rewriting and summarization tasks in Italian. For example, it can effectively
summarize long Italian legislative texts into concise, readable formats or paraphrase Italian
tweets for sentiment analysis [142]. Together, IT5 and BART-IT highlight the adaptability
of encoder-decoder models to specific languages and their potential to drive advancements
in language-specific NLP applications.

In the multilingual space, models like mT5 [282] and flan-T5 [54] extend the capabilities
of encoder-decoder architectures to handle multiple languages simultaneously. mT5 is a
multilingual variant of T5 pretrained on a diverse set of 101 languages, including Italian.
This extensive multilingual pretraining allows mT5 to perform exceptionally well in cross-
lingual tasks such as translation, multilingual question answering, and zero-shot learning.
For instance, mT5 can answer questions in Italian based on context provided in English or

translate between low-resource languages without explicit supervision.
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Comment allez-vous

how are you <to-fr>

1 2 3 4 1024

Figure 2.7: The Autoregressive nature of GPT [216] that generates one “token” at a time,
taking in input the original input and the generated tokens until the previous step.

flan-T5 [54], on the other hand, pushes the encoder-decoder paradigm to its limits by
incorporating instruction tuning during pretraining. Unlike standard T5, which relies
primarily on task reformulation, flan-T5 is explicitly trained on a broad set of instruction-
following datasets. This makes it exceptionally proficient in zero-shot and few-shot learning
settings. For example, flan-T5 can be prompted to summarize complex multilingual doc-
uments, perform reasoning tasks, or follow user-specific instructions in multiple languages,
including Italian [54]. Its instruction-tuned nature allows it to adapt to a wide range of user
queries with minimal additional training.

Decoder-only models, on the other hand, are specialized for generative tasks, where the
goal is to produce a sequence of outputs. These architectures consist of a stack of decoder
layers, which include self-attention and feedforward layers, as well as an additional causal
masking mechanism. The causal mask ensures that each token in the output sequence
can only attend to previous tokens, preserving the left-to-right dependency required for
generation. A notable example of a decoder-only model are GPT (Generative Pre-trained
Transformer) [216] and LLaMA [261], which predict the next token in a sequence based on
the preceding context, as in Figure 2.7. This autoregressive behavior enables decoder-only
models to excel in tasks such as text generation, dialogue systems, and code generation.
However, the unidirectional nature of decoder-only models limits their ability to fully model
bidirectional relationships, making them less suitable for tasks requiring deep understanding
of the input. The recent advent of Large Language Models has been entirely based on this
variation, i.e., the Decoder-only models, with a proliferation in the last month of models

released almost daily.
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2.4 Large Language Models

Large Language Models (LLMs) represent a significant leap forward in Natural Language
Processing (NLP), characterized by their massive scale and ability to perform diverse tasks.
LLMs are typically defined as models containing billions of parameters, which enable
them to capture complex linguistic patterns and relationships in text. These parameters,
learned during extensive pretraining on large corpora, provide LLMs with a generalized
understanding of language that can be adapted to numerous applications without requiring
extensive task-specific fine-tuning.

The transformative potential of LLMs became evident with the introduction of GPT
(Generative Pre-trained Transformer) [216], which demonstrated the generative power
of decoder-only transformer architectures. Its autoregressive design enabled it to generate
coherent and contextually appropriate text by predicting the next token in a sequence. This
breakthrough established LLMs as a foundational tool for text generation tasks.

Subsequent advancements in LLMs, such as GPT-3 [39], highlighted the role of scale in
enhancing model capabilities. GPT-3, with its 175 billion parameters, demonstrated that
increasing the size of LLMs significantly improves their performance across a wide range
of linguistic tasks, even in few-shot or zero-shot learning scenarios. Without fine-tuning,
GPT-3 achieved state-of-the-art results on tasks such as translation, summarization, and
question answering, illustrating the emergent abilities of LLMs as they grow in size [39].

With the release of ChatGPT [199, 200], LLMs gained widespread attention from the
general public. ChatGPT showcased impressive conversational abilities, combining fluency,
coherence, and context-awareness in dialogue. Its success demonstrated how instruction-
tuned LLMs could be fine-tuned to specialize in interactive tasks, making them accessible
and useful for everyday applications.

While GPT models demonstrated the capabilities of proprietary systems, the LLaMA
(Large Language Model from Meta Al) series [261, 262] marked a shift towards openness
and accessibility. Released as open-source architectures, LLaMA and LLaMA 2 enabled
researchers to study, fine-tune, and adapt LLMs without the constraints of proprietary li-
censing. These models became widely used in academic and industrial research, fostering
innovation and experimentation in the NLP community.

Despite their remarkable achievements, LLMs are not without limitations. They are
prone to issues such as biases, ethical concerns, hallucinations, and a lack of interpretability.
Moreover, certain tasks, such as mathematical reasoning and counting, reveal fundamental
weaknesses in their design. For instance, LLMs struggle with solving arithmetic problems,
as shown in benchmarks like MultiArith [223]. Recent efforts, such as MathPrompter [123],
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have sought to address these shortcomings by augmenting LLMs with external tools like
Python code execution to ground their reasoning and improve accuracy on mathematical
tasks.

In the following subsections, we will explore the evolution of LLMs in greater detail,
focusing on how increasing model size and extensive pretraining have contributed to their
capabilities. Additionally, we will examine key concepts such as prompt engineering, which
allows users to exploit LLMs without task-specific fine-tuning, and instruction-tuning, which
has paved the way for conversational models like ChatGPT. By tracing the progression
of LLMs, we aim to highlight the factors that have driven their success and identify the

challenges that remain in advancing these transformative technologies.

2.4.1 Foundational Models: the race to more and more parame-

ters

The rapid advancement of Large Language Models (LLMs) has been driven by an ongoing
pursuit of scale, where increasing the number of model parameters has consistently resulted
in enhanced performance across a variety of linguistic tasks. Foundational models such as
GPT [216], GPT-3 [39], and the LLaMA series [261, 262] exemplify this trend, highlighting
how architectural improvements combined with greater scale have propelled NLP to new
heights.

The release of GPT (Generative Pre-trained Transformer) [216] introduced a decoder-
only transformer architecture that demonstrated the generative potential of LLMs. It was
the first architecture that deviated from the original Transformers, then BERT [70] was
released as a contrapposition. In any case, by employing an autoregressive approach, GPT
generates text token by token, predicting each word based on the preceding context. This
autoregressive nature enables the model to produce coherent and contextually appropriate
text, making it suitable for a wide range of tasks, such as text generation, dialogue, and

story writing, as shown in Figure 2.7. Its success stems from two key factors:

o Pretraining on Large Text Corpora: GPT was trained on vast amounts of unstruc-
tured text, allowing it to learn linguistic patterns, grammar, and semantic relationships

across a variety of contexts.

o Transfer Learning for Downstream Tasks: Once pretrained, GPT could be fine-
tuned? on specific tasks, leveraging its general language understanding to achieve high

performance with relatively small amounts of task-specific data.

2 Assuming some hardware requirements, such as access to enough powerful GPUs for enough time.
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The release of GPT-3 [39] marked a turning point in the development of LLMs, demon-
strating that scaling the number of parameters leads to emergent capabilities. With 175
billion parameters, GPT-3 is over 100 times larger than its predecessor, GPT-2. This mas-
sive increase in scale enabled the model to achieve state-of-the-art performance on a diverse
set of linguistic tasks, even in zero-shot and few-shot settings. Without requiring explicit
task-specific fine-tuning, GPT-3 could generalize to new tasks by conditioning on examples

provided in the input prompt. The effectiveness of scaling in GPT-3 can be attributed to:

o Capacity to Memorize and Generalize: Larger models have a greater capacity to
store complex patterns from training data, enabling them to generalize more effectively

to unseen contexts.

« Emergent Abilities: Scaling the number of parameters led to qualitative improve-
ments, such as coherent text completion, reasoning over multiple paragraphs, and

performing arithmetic, tasks that smaller models struggled with.

o Zero-Shot and Few-Shot Learning: By providing examples in the prompt, GPT-
3 could perform tasks it was not explicitly trained on, such as translating text or

summarizing documents, showcasing its flexibility.

While GPT and GPT-3 demonstrated the power of proprietary LLMs, the LLaMA (Large
Language Model Meta Al) series [261, 262] introduced open-source alternatives that de-
mocratized access to foundational models. LLaMA models were designed to be efficient,
providing competitive performance with significantly fewer parameters compared to propri-
etary models. For instance, LLaMA-2 achieved results comparable to GPT-3, despite having
fewer parameters, thanks to architectural refinements and highly optimized pretraining. The

LLaMA series emphasized accessibility and reproducibility:

« Smaller Scale with Comparable Performance: By focusing on efficient training
and tokenization strategies, LLaMA demonstrated that high-quality language models

do not necessarily require billions of parameters to perform well.

o Open-Source Availability: LLaMA and LLaMA-2 enabled researchers to experi-
ment with large-scale architectures without the restrictions of proprietary licensing,

fostering innovation across academic and industrial domains.

The consistent improvement of LLMs with increasing parameters can be explained by

several factors:
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 Representation Power: Larger models can capture more intricate patterns in the
training data, enabling them to better understand complex linguistic relationships and

generate more nuanced text.

e« Smoother Optimization Landscapes: As the parameter count increases, the op-
timization process becomes more stable, reducing the likelihood of local minima and

enabling better convergence during training.

« Emergent Abilities: Scaling unlocks qualitative improvements that smaller models
cannot achieve. For example, GPT-3 demonstrated advanced reasoning, multi-hop

question answering, and logical inferences that smaller models failed to replicate.

o Task Generalization: With more parameters, LLMs can generalize across a wider
range of tasks, often requiring only minimal prompts or fine-tuning to adapt to new

challenges.

Despite their remarkable benefits, LLMs are particularly prone to challenges such as
bias and hallucination, as they often amplify patterns and imperfections present in their
training data. These issues raise significant ethical concerns, emphasizing the importance
of carefully balancing trade-offs between model size, computational efficiency, and fairness.
Ethical considerations become even more pressing as LLMs are deployed in real-world ap-
plications, where unintended biases or hallucinated content can lead to misinformation or
harmful outcomes. Furthermore, the exponential growth in the number of parameters in-
troduces significant technical challenges, including dramatically higher computational costs,
increased memory requirements, and extended training times. For example, while training
traditional machine learning models, such as Support Vector Machines (SVMs), could of-
ten be completed in seconds or minutes on a standard laptop, and LSTMs required only
modest computational resources, the advent of LLMs has drastically shifted these demands.
Transformer-based architectures rely heavily on parallelization, necessitating access to pow-
erful GPU clusters. Models like GPT-3 reached a scale that placed their training far beyond
the reach of most academic researchers and smaller institutions, further highlighting the
increasing divide in access to cutting-edge AI technologies. Interestingly, GPT-3 [39] also
introduced the ability to use LLMs in few-shot settings, a technique often referred to as
In-Context Learning. This approach enables LLMs to adapt to new tasks without requir-
ing explicit task-specific fine-tuning, showcasing the versatility of these models despite their

immense computational demands.
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concert with my friend

Yesterday I went to the concert with my

Figure 2.8: The LLaMA [261] Autoregressive decoding process, where each output token at
previous steps are input for the next steps.

2.4.2 In-Context Learning and Prompt Engineering

In-Context Learning (ICL) represents a groundbreaking capability of large language models
(LLMs), first demonstrated at scale by GPT-3 [39]. Unlike traditional machine learning
methods, where models are explicitly fine-tuned on downstream tasks, ICL allows models to
generalize to unseen tasks by conditioning on input prompts that include both task instruc-
tions and a small number of task-specific examples [154]. It is referred to as “in-context”
because the model performs the task based on examples provided within the input context,
without any updates to its weights. GPT-3 showcased state-of-the-art performance across
numerous benchmarks, including translation, question answering, and summarization, solely
by leveraging this novel capability [39].

To use in-context learning, the user constructs a prompt consisting of examples of input-
output pairs (shots) and a query that the model is required to complete. For instance, to

classify the sentiment of a sentence, the input might look like:

“I love this movie!” — Positive

“The weather is terrible today.” — Negative
“This book is fantastic!” — Positive

“I didn’t enjoy the meal.” — Negative

AN RSCIE SC

“The service at the hotel was great!” —

The model then generates the output “Positive”, leveraging the patterns observed in the
preceding examples. The input in ICL is thus a carefully crafted combination of examples,
while the output is the prediction based solely on this context [74, 275], as a completion
method, as shown in Figure 2.8.

In-context learning fundamentally differs from traditional fine-tuning, which involves

updating its weights by training the model on task-specific labeled data, requiring computa-
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tional resources and additional training steps. In contrast, ICL operates entirely at inference
time [185], with the weights remaining unchanged. This makes ICL particularly useful for
scenarios where training data is scarce [185] or where flexibility across multiple tasks is
required [280]. However, because ICL relies solely on the input prompt, its effectiveness
is contingent on the quality and structure of the provided examples [161], often requiring
careful prompt engineering [276].

A critical factor in ICL is the number of examples (K) included in the prompt, referred
to as the number of “shots” [185]. In a few-shot setting, the model is provided with several
examples of input-output pairs to infer the task. For instance, in the example above, K = 4.
When only one example is given (K = 1), the setting is termed one-shot, while providing
no examples and relying solely on the internal knowledge of the model defines the zero-shot
setting. The choice of K depends on the capacity of the model and the length constraints
of the input. As K increases, the model generally achieves better results by leveraging more
contextual examples [39, 276]. However, excessively high values of K can lead to diminishing
returns [39] due to input length limitations and the inability of the model to effectively parse
and utilize overly long prompts. Determining an optimal K is thus task-specific, often
requiring experimentation to balance the trade-off between context length and performance,
as shown in [39].

Even with a fixed number of shots (K), results can be improved through the careful
design of the input prompt, a practice known as prompt engineering [185]. It involves
rephrasing task instructions, selecting high-quality examples, or reorganizing the structure
of the prompt to maximize the performance [39, 185, 276]. For instance, ordering examples
from the most to the least representative of the task or from the simplest to the hardest,
or framing the query in natural language, can significantly enhance the output quality. An

example of rephrasing a classification task prompt is:

Task: Classify the sentiment of the following sentences by labeling them as Positive or Neg-

ative.

Such changes help in guiding the model to better understand the task, often yielding
more accurate results. Prompt engineering is an active area of research [161, 228, 268], as
small changes to the prompt can lead to disproportionately large improvements in model
performance [165].

When all examples (K) are eliminated from the prompt and only the task description
remains, in-context learning transitions to what is known as instruction-based learning [230,
254]. Here, the prompt serves solely to describe the task, relying on the ability to follow

explicit instructions. For example:
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Classify the sentiment of this sentence: “I love this movie!”

This approach underpins the transition to instruction-tuned models [255, 254, 230, 20, 28,
212], where models are explicitly asked to follow task-specific instructions across a wide range
of applications, even though sometimes it still necessitates fine-tuning [255, 119, 69]. Instruc-
tion tuning is a critical development that has led to conversational models like ChatGPT
[199], which specialize in understanding and responding to human-provided instructions.
The next chapter will explore instruction tuning and how it has shaped the capabilities of
modern LLMs.

2.4.3 Instruction tuning for LLMs

Instruction tuning represents a pivotal step in the evolution of Large Language Models
(LLMs), building on the foundational capabilities introduced by In-Context Learning (ICL).
While ICL enables models to perform tasks by conditioning on prompts that include in-
structions and examples, it relies entirely on the pre-trained knowledge and does not involve
altering the parameters of models. Instruction tuning, by contrast, involves fine-tuning
LLMs on datasets explicitly designed to teach them how to follow human-provided instruc-
tions across a diverse range of tasks. This process creates models that are inherently better
at understanding and executing user instructions without requiring elaborate prompts or
examples. The input construction shifts from completion-based prompts to detailed instruc-
tions: as an example, for Sentiment Analysis tasks, with instruction tuning we describe to
the model what we want it to perform, so the shift goes from “The sentiment of <INPUT> is:
7 to “Please tell me what sentiment the following sentence evokes, choose between Positive,
Negative and Neutral. <INPUT>".

Moreover, instruction-tuned models shift the paradigm from inference-time adaptation
to task-specific generalization through fine-tuning, ensuring a deeper alignment with human
intentions. Instruction-tuning generally yields more reliable and consistent performance
compared to zero-shot or few-shot in-context learning because it explicitly aligns the internal
representations of the model with the desired task behaviour during fine-tuning. While in-
context learning leverages large prompt examples to elicit task-specific responses, it can
be less predictable, especially when generalising to diverse tasks or inputs. Instruction-
tuned models, by contrast, benefit from learning task-specific patterns across a broad set
of instruction-response pairs, making them more sample-efficient, better generalised, and
less sensitive to prompt design. This can be critical when deploying models for specialised
tasks or under resource constraints. As an example of an instruction-response pair, consider

the task of Sentiment Analysis: the instruction could be “Please determine the sentiment
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of the following sentence and classify it as Positive, Negative, or Neutral:” followed by the
specific input sentence. The corresponding response would then be one of the three sentiment
labels, i.e. the response is expected to be one of Positive, Negative, or Neutral. This example
highlights how instruction tuning shifts the interaction paradigm from simple text completion
to explicit task-oriented communication, ensuring that the model comprehends and executes
the task based on clear human-provided instructions. This distinction is particularly evident
in the development of open-source instruction-tuned models like Alpaca [254], which marked
a milestone as one of the first publicly available instruction-following models based on LLaMA
[261].

LLaMA (Large Language Model from Meta AI) [261] introduced a series of highly efficient
and performant LLMs, trained with a focus on accessibility and reproducibility. By scal-
ing parameters while maintaining computational efficiency, LLaMA models achieved results
comparable to proprietary models like GPT-3, despite having fewer parameters. However,
the original LLaMA models were not explicitly instruction-tuned and thus lacked the fine-
tuning necessary for robust instruction-following capabilities. In essence, they were still
Large Decoder-only models based on completion. Alpaca [254] extended LLaMA by fine-
tuning it on a dataset of task instructions and responses derived from the text-davinci-003
model from OpenAl. Using approximately 52,000 synthetic instruction-response pairs, Al-
paca demonstrated impressive performance in instruction-following tasks, becoming the first
open-source instruction-tuned model. The significance of Alpaca lies not only in its capa-
bilities but also in its accessibility, as it enabled researchers and practitioners to explore
instruction-tuning without reliance on proprietary systems. This advancement paved the
way for further experimentation and adaptation of LLMs to specific languages and domains.

In addition to general-purpose instruction-tuned models like Alpaca, recent efforts have
focused on developing instruction-tuned LLMs tailored to specific languages. For the Ital-
ian language, notable contributions include Camoscio [230], Fauno [20], LLaMAntino [28],
and its advanced version, LLaMAntino-3-ANITA [212]. These models address the unique
linguistic and cultural nuances of Italian while leveraging the benefits of instruction tuning
to achieve high performance across various NLP tasks. Camoscio [230] is one of the most
prominent instruction-tuned LLMs designed specifically for the Italian language. It is based
on the LLaMA architecture and fine-tuned using the Alpaca dataset translated in Italian, in-
cluding task-specific examples, enabling it to perform a wide range of tasks, from translation
to summarization and question answering. In addition, Camoscio employs a refined prompt
engineering strategy during its instruction tuning phase, ensuring that the model generalizes
effectively across various instructions while minimizing bias and inaccuracies. The perfor-

mance of Camoscio on Italian benchmarks has demonstrated its robustness in both general
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and domain-specific NLP tasks, setting a new standard for Italian LLMs.

While instruction tuning focuses on aligning LLMs to follow instructions effectively, lan-
guage adaptation emphasizes adapting a model to a specific language by pretraining or fine-
tuning on language-specific datasets. For instance, Camoscio [230] and Fauno [20] integrate
instruction tuning with language adaptation, creating models that not only excel at following
instructions but also address the unique challenges posed by Italian morphology, syntax, and
semantics. The distinction between instruction tuning and language adaptation [27] explore
the impact of language-specific pretraining on the performance of instruction-tuned models.
While instruction tuning enhances a ability of a model to generalize across tasks, language
adaptation ensures that the model is deeply attuned to the linguistic nuances of the target
language. Combining these approaches results in models like Camoscio and LLaMAntino-
3-ANITA, which set benchmarks for Italian LLMs by addressing both generalization and
language-specific requirements.

Although LLMs excel in text-only tasks, they face significant limitations when applied
to Situated Human-Robot Interaction, where understanding language requires grounding it
in a physical environment. In HRI scenarios, robots must interpret linguistic instructions
in conjunction with visual information, such as recognizing objects, understanding spatial
relations, and responding appropriately to changes in the environment. Traditional LLMs,
trained solely on textual data, lack the capability to perceive and reason about the external
world, making them insufficient for tasks that demand situated understanding. This is where
Multi-Modal LLMs become highly relevant to this work. By integrating both visual and
textual inputs, these models enable grounded interactions, allowing robots to link language
to their perceptual context. Such multi-modal capabilities are essential for bridging the
gap between abstract language representations and real-world execution, a core challenge
in this thesis. The following section explores multi-modal neural learning architectures,
which form the basis for extending LLMs to handle complex, situated dialogues in dynamic

environments.

2.5 Multi-Modal Neural Learning Architectures

Multimodal input signals enable virtual or physical agents to perceive and interact with their
environments in more meaningful ways. A cornerstone of this field lies in the development
of advanced computer vision techniques. Early approaches relied heavily on handcrafted
features and traditional machine learning, but the advent of deep learning revolutionised the
field with architectures such as Convolutional Neural Networks (CNNs) [150]. These models,
exemplified by AlexNet [139], VGG [241], and ResNet [99], excel at extracting hierarchical
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features from images through convolutional layers. They apply learnable filters that capture
local features through convolutional operations. Stacking multiple layers enables hierarchi-
cal feature extraction, from edges to complex patterns, while pooling layers reduce spatial
dimensions, improving efficiency and invariance to transformations. Optimised via back-
propagation, CNNs excel in tasks like image classification and segmentation by effectively
modelling spatial hierarchies. However, CNNs struggle with capturing long-range depen-
dencies in visual data: their convolutional layers focus on local regions, relying on deeper
layers to aggregate broader context. This hierarchical approach makes it harder to model
direct relationships between distant parts of an image. To address these limitations, Visual
Transformers were introduced. Inspired by the success of Transformers in natural language
processing, Vision Transformers (ViTs) [75] use self-attention mechanisms to model global
dependencies in images. By splitting an image into patches and treating each patch as a
token in a sequence, ViTs allow for a more comprehensive understanding of both local and
global image features. This approach is particularly effective for tasks requiring long-range
dependencies and holistic context, such as image classification and segmentation. These
models marked a significant shift in computer vision, enabling more sophisticated represen-
tations of visual data.

One increasingly explored area in this domain is the conjunction of text and images. A
seminal contribution to this field is CLIP [215], an architecture that takes a text and an
image as input and originally produces a similarity score between the two. The architec-
ture is optimised using a contrastive learning schema, which defines a specific contrastive
loss: this is minimised if the text accurately describes the image and maximised if the two
inputs represent entirely different topics. The strength of CLIP lies in its ability to bring
similar images and texts closer in a shared latent space while pushing dissimilar pairs far
apart. This is achieved in a supervised manner, meaning that the training dataset must be
annotated. Building upon CLIP, BLIP [155] was introduced to bootstrap the architecture
from a pre-trained model in an unsupervised fashion, leveraging web image data along with
their captions. This approach eliminates the need for large amounts of annotated data.
Both CLIP and BLIP, however, depend on a global comparison of image-text similarities
across a batch, even if the pairs are not directly related. As a solution, Sigmoid loss for
Language-Image Pre-training (Sigl.IP) [286] was developed. Unlike the contrastive learning
employed by CLIP, which uses Softmax normalisation and relies on global pairwise similarity
comparisons, SigLIP introduces a sigmoid loss that operates only on individual image-text
pairs. This approach significantly enhances performance while reducing the dependence on
large batch sizes for normalisation. A major limitation of contrastive loss in CLIP is its

assumption of a single correct image-text pairing for each example. However, in real-world
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scenarios, images and captions often have multiple plausible associations. Sigmoid loss ad-
dresses this by computing binary cross-entropy for each potential image-text pair, framing
the problem as multi-label classification. This allows the model to score multiple relevant
image-text pairs, rather than forcing a single correct match. As a result, Sigmoid loss enables
smoother and more flexible alignment between images and texts, effectively handling cases
where an image may correspond to several valid captions, or a caption may describe multiple
images.

These models are specifically designed to learn optimal representations of both modalities:
vision and text. Recently, architectures such as LLaVA [160], CogVLM [274], and CogAgent
[106] have demonstrated effective approaches for integrating CLIP and/or BLIP with a Large
Language Model, often based on variants of LLaMA [262], to tackle complex inference tasks.
These tasks range from generating detailed image descriptions using ad hoc prompts, to
explaining visual memes encountered online, and performing visual grounding by identifying
entities in images through bounding boxes. Such models are of particular interest to us, as
they offer the potential to equip Intelligent Agents with the capability to seamlessly integrate
vision and language, resulting in more informed decision-making processes based on both
visual and textual inputs. Specifically, I envision employing a similar architecture for the

Intelligent Robot, as outlined in the Introduction.

2.5.1 Recent Vision and Language Models

LLaVA [160] is an end-to-end multimodal model that connects a vision encoder (CLIP [215])
with a Large Language Model (Vicuna [50]) for general-purpose visual and language under-
standing. At this point, one challenge arises: how do we reconcile the encoding of images
with the encoding of text? To address this, a third component is needed: specifically,
a single-layer MLP, known as the Projector, that maps the output of the visual encoder
into the input space of the LLM. This alignment is achieved using a subset of the CC3M
dataset, focusing on image-text pairs to map visual inputs into the embedding space of the
language model, thereby enabling the model to comprehend and generate contextually rele-
vant textual responses based on visual data. This alignment allows the model to effectively
fuse visual features with textual prompts, enabling seamless integration of information from
both modalities. This pre-training stage is crucial as it establishes a shared embedding space
between the visual and textual modalities, facilitating effective multimodal understanding.
By keeping the vision encoder and language model weights frozen and updating only the
projection matrix, LLaVA efficiently learns to integrate visual information into the language

model, setting the foundation for subsequent fine-tuning stages that enhance its performance
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Figure 2.9: The LLaVA architecture.

on specific tasks LLaVA excels in solving tasks such as image captioning, where it provides
detailed textual descriptions of images, and Visual Question Answering (VQA), where it
answers contextually relevant questions about an image. Additionally, it is highly effective
for instruction-following tasks, such as explaining visual memes or grounding textual ref-
erences to specific entities in images using bounding boxes. Its success lies in its ability
to combine the strengths of pre-trained vision and language models while ensuring they
work harmoniously through alignment techniques like the Projector. By leveraging pow-
erful pre-trained components, LLaVA achieves state-of-the-art performance with relatively
low computational overhead, making it a versatile tool for applications in human-computer
interaction, automated content generation, and multimodal research.

Figure 2.9 illustrates the architecture of LLaVA, specifically highlighting how visual and
textual inputs are processed to generate a language response. The process begins with a vi-
sion encoder, which extracts image features X, and encodes them into a latent representation
Z,. These visual features are then projected into the embedding space of the language model
via a trainable projection matrix W, producing H,. This ensures compatibility between the
visual and textual modalities. Simultaneously, the language model receives textual instruc-
tions X, such as prompts or queries, which are encoded into the textual embedding H,.
Both H, and H, are fed into the language model f,, which integrates the visual and textual
embeddings to generate the final language response X,. This response reflects the under-
standing of the image and the provided instruction, enabling tasks like image captioning,
visual question answering, or multi-modal reasoning.

On the other hand, CogVLM [274] takes a different approach. It bridges the gap be-
tween a frozen pre-trained language model and a frozen image encoder by inserting a train-
able visual expert module into the attention and feed-forward network (FFN) layers. This
modification allows the model to more deeply understand both the text and image inputs.
Its architecture allows it to process images, supporting resolutions up to 490 x 490 pix-
els, facilitating detailed visual understanding. The model has demonstrated state-of-the-art

performance across multiple cross-modal benchmarks. Pre-training in CogVLM involves a
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Figure 2.10: The CogAgent architecture, which extends the CogVLM architecture (right)
with the cross-attention module (left).

two-stage process designed to integrate visual and textual information effectively. In the
first stage, the model is trained on an image captioning task, predicting the next token in
the text sequence based on the visual input. This stage utilizes a large dataset of 1.5 billion
image-text pairs and runs for 120, 000 iterations with a batch size of 8, 192. The second stage
combines image captioning with referring expression comprehension, enabling the model to
understand and generate textual descriptions that refer to specific regions within an image.
However, a limitation of CogVLM is that it processes images at a lower resolution, which
makes it less capable of capturing smaller details in the image. As a follow-up to CogVLM,
CogAgent [106] is built on the same architecture but introduces a visual cross-attention mod-
ule. This module operates between the image-text input pair and a high-resolution version
of the input image. By incorporating this high-definition image, the model can boost perfor-
mance, enabling it to capture finer details and provide more accurate visual understanding.
Both CogVLM and CogAgent excel in understanding and describing images, following in-
structions, and solving image-dependent tasks such as Visual Question-Answering (VQA).
They also have the ability to reference specific entities within an image using bounding boxes,
a crucial feature that helps these models focus on particular objects and allows intelligent

agents to better understand their surroundings.
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Figure 2.10 presents the architecture of CogAgent, which builds upon the CogVLM frame-
work while incorporating a high-resolution cross-attention module for enhanced image un-
derstanding. On the right, the architecture follows the original CogVLM design. Input
images are first processed by a low-resolution image encoder, which downscales them to
224 x 224 dimensions, extracting low-resolution image features. Simultaneously, input text
is embedded through a word embedding layer. Both the text features and low-resolution
image features are concatenated and passed through an MLP adapter to align them before
being input to the visual language decoder, which has a hidden size of 4096. This decoder
integrates the multimodal features and generates the target text response. On the left,
the new high-resolution cross-attention module extends the architecture to improve visual
grounding and reasoning. High-resolution images, preserved at 1120 x 1120, are processed
by a lightweight high-resolution image encoder to extract detailed image features. These
features are passed through multiple layers of cross-attention modules, where they interact
with the intermediate representations of the visual language decoder. This cross-attention
mechanism, with a hidden size of 1024, allows the decoder to leverage high-resolution details,
capturing finer visual information.

Finally, a smaller multimodal model called MiniCPM-V 2.6 [284] has been released, which
aims to reduce the number of parameters while maintaining strong OCR and multimodal
capabilities. Unlike larger models such as CogVLM and LLaVA, which require consider-
able computational resources, MiniCPM-V 2.6 is tailored for scenarios where computational
efficiency and speed are crucial, such as mobile phones, thanks to its carefully designed
training methodology that enables scaling of both model size and data horizons. The archi-
tecture of MiniCPM-V 2.6 consists of three main components. The visual encoder, based on
the SigL.LIP model, processes high-resolution images to extract visual tokens. These tokens
are then passed through a compression layer, which includes a perceiver resampler (as in
Flamingo [4]) that uses cross-attention to reduce the dimensionality of the data while retain-
ing key features. Finally, the compressed visual tokens and text inputs are fed into the LLM,
based on the recent Qwen2-7B [283] architecture. The pre-training of MiniCPM-V involves a
multi-phase approach. Initially, the model undergoes pre-training on large-scale datasets to
learn general language and vision-language representations. This is followed by supervised
fine-tuning (SFT) on specific tasks to enhance its performance in targeted applications. Re-
markably, it shows competitive performance even when compared to much larger models.
This makes it an appealing choice for real-time or resource-constrained environments, as it
can process complex multimodal inputs without sacrificing the depth of its understanding
or generation quality.

Figure 2.11 illustrates the architecture of MiniCPM, which integrates adaptive visual
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Figure 2.11: The MiniCPM architecture.

encoding with a large language model (LLM) for multimodal processing. In the overall
structure (a), the input image is processed through an adaptive visual encoding layer, which
partitions the image into slices to extract visual features. These features are passed to a
visual encoder to generate compact visual tokens. A shared compression layer then reduces
the dimensionality of these tokens to align them with the language embedding space of the
MiniCPM model. The LLM receives both the visual tokens and text input, integrating
them to produce a multimodal language response. The adaptive visual encoding module,
detailed in (), partitions the input image into slices based on a scoring function S(f), which
determines the ideal slice number N for optimal feature extraction. Various partition solu-
tions are considered, such as 1 x 6, 2 x 3, 4 x 2, etc., and the scoring function selects the
configuration that best represents the image. Once partitioned, 2D positional embedding
interpolation is applied to the slices to preserve spatial relationships, generating slice encod-
ings. These encodings are then passed through the rest of the pipeline, allowing the model to
handle high-resolution images efficiently while maintaining strong multimodal understanding
capabilities.

The development of recent vision-language models like LLaVA, CogVLM and MiniCPM
has showcased the power of integrating visual and textual modalities to solve complex mul-
timodal tasks. However, these models require huge amounts of data, particularly images
and text, which is challenging to collect. This issue will be further explored in Chapter 4,
in particular in Section 4.3.1. Moreover, as these models grow in scale and sophistication,
their training and adaptation demand increasingly significant computational and data re-

sources. This challenge underscores the need for sustainable training methodologies that
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balance performance and efficiency. The next focus is on techniques like fine-tuning, LoRA,
and quantization, which aim to optimise training pipelines for resource constraints while

maintaining state-of-the-art capabilities.

2.6 Sustainable Training Methods

The development of large language models (LLMs) has revolutionised natural language un-
derstanding (NLU), transitioning from task-specific architectures to expansive, multi-task,
and multi-modal frameworks capable of addressing a wide array of linguistic and visual
challenges. Traditional training methods for such models required task-specific annotated
datasets and significant computational resources. These approaches often relied on fine-
tuning pre-trained models for specific objectives, which, while effective, became increasingly
infeasible as the scale of LLMs grew. In contrast, zero-shot, few-shot, and instruction-based
learning approaches leverage the inherent generalisation capabilities of pre-trained models,
significantly reducing the need for task-specific data and enabling the application of LLMs
across diverse domains with minimal additional training. Despite these advancements, the
ever-growing size of LLMs and multimodal large language models (MLLMs) introduces se-
vere computational and memory constraints, necessitating novel strategies for sustainable
training.

Modern LLMs frequently surpass 100 billion parameters, and while smaller models, such
as those with one billion parameters, can be fine-tuned within the memory limits of a sin-
gle GPU, larger models require considerable resources. Training these models efficiently
involves overcoming the limitations of memory bandwidth, computational power, and data
parallelism. To address these challenges, adaptation methods such as Low-Rank Adaptation
(LoRA) [119] and Quantized LoRA (Q-LoRA) [69] have emerged as key techniques. LoRA
introduces trainable low-rank matrices (Wypyn and W,,,) into specific layers of the model,
freezing the majority of the pre-trained weights (W,, Wi, W,, and W,). Here, Wypyy, is
a projection matrix that reduces the dimensionality of the input by mapping it to a lower-
dimensional space. This reduction captures the most salient features necessary for the specific
task, minimizing computational complexity. W, is a projection matrix that maps the lower-
dimensional representation back to the original higher-dimensional space. This expansion
integrates the task-specific adaptations into the existing feature space of the model. This
projection and expansion effectively works as an autoencoder. By only updating the low-rank
matrices, LoRA significantly reduces the number of trainable parameters and approximates
the necessary weight updates for fine-tuning, enabling task-specific fine-tuning even on lim-

ited hardware. For instance, LoRA facilitates the fine-tuning of 7-billion-parameter models

65



CHAPTER 2. MODERN APPROACHES TO SITUATED NLU

h

AN

Pretrained
Weights

W € R

xCC

Figure 2.12: The LoRA flow. On the left a pre-trained model, that is kept frozen. On the
right, the two matrices (A and B) which function as an approximation of the training.

like LLaMA on a single 16GB GPU, making it feasible to explore sophisticated linguistic
objectives without excessive infrastructure demands [255, 230, 109].

In Figure 2.12 the LoRA mechanism, used to fine-tune pre-trained models efficiently is
represented. The original weight matrix W € R%“, shown in blue, represents the pre-trained
weights of a model. These weights remain frozen during the fine-tuning process, preserving
the knowledge already learned during pre-training. The input vector x of dimension d is
processed through the pre-trained weights W to generate the primary output. To adapt
the model for specific tasks, LoRA introduces two additional trainable matrices, A and B.
The matrix A € R™" projects x into a lower-dimensional space of size r (where r < d), and
B € R™? maps the resulting representation back to the original dimension. Importantly, B is
often initialized to zero, ensuring that the outputs of the pre-trained model are not perturbed
at the start of fine-tuning. The final output h is computed as the sum of the output from
the frozen pre-trained weights (W - z) and the task-specific adaptation introduced by the
low-rank decomposition (B - A - x).

Q-LoRA [69] extends this efficiency by integrating quantization into the fine-tuning pro-
cess. Quantization reduces the precision of model parameters, such as converting 16-bit
floating-point values to 4-bit integers, thereby drastically reducing memory usage while pre-
serving downstream task performance. Moreover, Q-LoRA permits the introduction of LoRA

matrices into all the modules of the Transformer:

o W, (Query weight matrix): Transforms the input embeddings into query vectors, which

are used to assess the relevance of other tokens in the sequence.

o W (Key weight matrix): Transforms input embeddings into key vectors, facilitating
the computation of attention scores that determine the influence of each token on

others.

o W, (Value weight matrix): Transforms input embeddings into value vectors, which are
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Figure 2.13: The QLoRA flow in comparison with the traditional full fine-tuning and the
LoRA adaptation.

weighted and aggregated based on attention scores to produce the attention output.

o W, (Output weight matrix): Applies a linear transformation to the concatenated out-
puts from multiple attention heads, integrating the attention information back into

the representation space of the model.

This technique not only compresses the model to fit within available hardware but also
ensures that fine-tuning maintains high precision by dynamically dequantizing parameters
during computations, balancing efficiency with accuracy.

Figure 2.13 illustrates the differences between three approaches for fine-tuning trans-
former models: Full Fine-Tuning, LoRA, and Q-LoRA, focusing on their resource usage and
efficiency. In Full Fine-Tuning, all parameters of the transformer model are updated during
training. This requires a 16-bit transformer, a large optimizer state (32-bit), and significant
memory resources since no parameter-efficient techniques are employed. Consequently, this
approach is computationally expensive and often impractical for large-scale models on lim-
ited hardware. LoRA addresses these limitations by freezing the pre-trained model weights
and introducing lightweight adapters into specific layers of the transformer. The model itself
remains a 16-bit transformer, but only the adapters are updated during training, drastically
reducing the optimizer state. Q-LoRA builds on LoRA by incorporating quantization, fur-
ther improving resource efficiency. It reduces the precision of the weights of the base model
to 4 bits, which significantly decreases memory requirements. Additionally, Q-LoRA offloads
some operations, such as paging, to the CPU.

Quantization and low-bit precision methods are increasingly recognised as fundamen-
tal for sustainable training of LLMs and MLLMs. These approaches optimise resource

usage, enabling efficient training and fine-tuning of large models in low-resource environ-
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ments. In recent months, such methods have been successfully applied to Visual Language
Models (VLMs), demonstrating their adaptability to multimodal tasks. For instance, by
integrating LoRA and Q-LoRA with vision encoders, researchers have extended the benefits
of parameter-efficient adaptation to models like LLaVA and MiniCPM, enabling effective
visual-textual reasoning and multi-modal understanding with reduced computational re-
quirements. This flexibility positions these methods as critical tools for advancing LLM
and VLM research while addressing the pressing challenges of resource constraints in diverse
domains. These parameter-efficient techniques have proven effective across a wide range of
applications, including text classification, generation, visual question answering, and depen-
dency parsing. Their ability to adapt large-scale models to specific tasks without incurring
prohibitive computational costs ensures their utility in both high-resource and low-resource
settings. This versatility not only optimises the training pipeline but also makes LLMs
and MLLMs accessible to broader domains and research communities, paving the way for

sustainable advancements in NLU and multimodal learning.

Model Traditional Fine-Tuning LoRA Additional Q-LoRA Additional
LLaMA-7B 7B 0.42B 0.21B
LLaMA-13B 13B 0.78B 0.39B
LLaMA-65B 65B 3.90B 1.95B

Table 2.1: Comparison of model parameters during inference and training for different tuning
methods, all numbers are to be intended as billions.

The tables 2.1 and 2.2 provide a detailed comparison of model parameters and memory
usage during training for different tuning methods. In Table 2.1, we observe that while
traditional fine-tuning requires updating all parameters of the model, LoRA and Q-LoRA
introduce only a small fraction of additional parameters, approximately 6% and 3%? of the
total, respectively. This results in a minimal increase in the overall size of the models, making

these methods highly efficient in terms of parameter overhead.

Model Traditional Fine-Tuning LoRA Tuning Q-LoRA Tuning
LLaMA-7B 28GB 7+4GB 7+2GB
LLaMA-13B 52GB 13+8GB 13+4GB
LLaMA-65B 260GB 65+40GB 65+20GB

Table 2.2: Memory requirements during training for different tuning methods, all numbers
are to be intended as GBs.

3This percentage is computed assuming an r hyper-parameter equal to 8
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Table 2.2 highlights the significant reduction in memory requirements when using LoRA
and Q-LoRA compared to traditional fine-tuning. For instance, training LLaMA-7B with
traditional fine-tuning requires approximately 28 GB of memory, whereas LoRA reduces
this to 4 GB and Q-LoRA further reduces it to just 2 GB, summing of course the memory
requirements for the forwards pass of the original model, i.e. 7 GB. This reduction becomes
even more pronounced for larger models such as LLaMA-65B, where Q-LoRA requires only
20 GB of memory compared to the 260 GB needed for traditional fine-tuning. These results
demonstrate that LoRA and Q-LoRA are not only parameter-efficient but also memory-
efficient, making them practical choices for large-scale model tuning in resource-constrained

environments.

This chapter has provided an extensive survey of modern approaches to Situated Natu-
ral Language Understanding (Situated NLU), laying the groundwork for the contributions
presented in the remainder of this thesis. The surveyed topics are crucial for enabling intelli-
gent systems to interpret language in real-world environments, a core challenge of this work.
Starting from foundational aspects of Human-Robot Interaction and Natural Language Pro-
cessing and Interpretation, the importance of grounding language in physical contexts has
been explored for effective human-robot communication. Next, Semantic Role Labeling was
presented as a structured method for semantic interpretation, essential for task-oriented sys-
tems operating in dynamic settings. The review continued with state-of-the-art transformer-
based architectures and Large Language Models, focusing on instruction-tuned models that
improve task generalization. Since this thesis aims to extend such models to multimodal
and dialogic scenarios, the chapter also examined multimodal architectures that integrate
language and vision, laying the foundation for grounded interaction. Lastly, sustainable
training techniques like LoRA and Q-LoRA were discussed, providing methods for efficient
fine-tuning under resource constraints. These insights collectively set the stage for the novel

methodologies and contributions presented in the following chapters.
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Chapter 3

Improving the Training in LLMs for

Complex Linguistic Tasks

In the previous chapter, we analysed the Transformer architecture and the foundational prin-
ciples of Large Language Models (LLMs), examining their core components, capabilities, and
practical applications. Among these, we emphasised the significance of in-context learning,
which enables models to execute tasks without further parameter updates, and fine-tuning,
the traditional method for optimising model performance on specific datasets or objectives.
Additionally, we highlighted the growing importance of LLMs tailored for the Italian lan-
guage, given the scarcity of resources for non-English languages, and explored multimodal
models that integrate diverse data modalities to enhance their utility.

As LLMs grow increasingly complex, their size and computational demands pose sig-
nificant challenges. Training and deploying these models require substantial memory and
processing power, often limiting accessibility to well-resourced institutions. To address these
issues, researchers have developed parameter-efficient fine-tuning techniques, such as LoRA
[119, 69]. By isolating task-specific updates and incorporating them into pre-trained mod-
els, LoRA significantly reduces computational costs, enabling scalable fine-tuning without
compromising model performance.

This chapter explores three distinct methodologies for adapting LLMs to specific appli-
cations, each addressing unique challenges and demonstrating the versatility of such models
across linguistic and multimodal contexts. These approaches not only showcase the flexibility
of LLM architectures but also illustrate how targeted adaptations can unlock their potential
across a wide array of tasks. Organised into three methodological frameworks, this chapter
introduces an incremental complexity for fine-tuning LLM-based architectures, ranging from

simple rewriting tasks to multitask learning and multimodal integration:
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o Training a Large Language Model for Rewriting Natural Language into
Semi-Structured Syntactic Representations: A foundational challenge in natural
language processing is the conversion of free-form text into structured representations
suitable for downstream tasks. Models like DepPLLaMA [112] and U-DepPLLaMA [114]
are examples of this capability by fine-tuning LLMs for syntactic parsing. These mod-
els represent a critical step in transitioning from natural language to semi-structured,
syntax-based text. They generate dependency parsing trees (structured, interpretable
representations of linguistic syntax) enabling applications in computational linguistics
and multilingual analysis. Importantly, DepPLLaMA and U-DepPLLaMA achieve state-of-
the-art results without requiring specialised architectures, underscoring the adaptabil-
ity of Transformer-based models. This section demonstrates how to employ the LoRA

approach to fine-tune large models (7B or 13B parameters) on a downstream task.

o Multitask Scaling to the Extreme: Extending the functionality of LLMs to han-
dle a variety of tasks is essential for broad applicability. ExtremITA [109] highlights
the potential of multi-instruction tuning, where tasks are framed as natural language
prompts, allowing a single model to process diverse objectives within a unified frame-
work. This multitask paradigm streamlines the integration of numerous tasks into a
single monolithic system, reducing the need for bespoke models while maintaining high
performance. ExtremITA demonstrates how carefully curated instruction tuning en-
hances the generalisability and efficiency of LLMs. This capability is a cornerstone of
what we expect from intelligent robots: the ability to solve multiple, diverse problems

while maintaining high performance across all tasks, as humans do.

e Incorporating Multimodal Evidence into LLMs: Expanding the scope of LLMs
to integrate multiple data modalities, such as text and images, opens new frontiers
in Al research. Multi-Modal Visual Question Answering in Italian (MM-VQA-it) [233]
represents a significant advancement in this domain by fine-tuning models to process
and reason across visual and textual inputs. By addressing tasks that require synthe-
sising multimodal information, MM-VQA-it introduces a straightforward methodology
to enhance the capability of LLMs to mirror human-like reasoning, such as answering
questions about images. This methodological approach differs radically from the oth-
ers, as it involves fine-tuning all components of the model, i.e., no LoRA is employed

and all model parameters are trained.

The three methodologies explored in this chapter directly address core challenges in
extending Large Language Models for Situated Human-Robot Interaction, a central theme of

this thesis. Specifically, each method contributes to the overarching goal of creating a robust,
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adaptable multimodal system capable of interpreting language and context in real-world
environments. Fine-tuning models for syntactic parsing supports structured understanding
of commands, crucial for grounding language in physical tasks. Multitask scaling equips
models with the flexibility to handle a diverse range of tasks, a fundamental requirement
for intelligent agents operating in complex settings. Lastly, integrating multimodal evidence
lays the foundation for perception-driven interaction, enabling models to bridge textual and
visual information. These methodologies collectively demonstrate how targeted adaptations
of LLMs can overcome key limitations in HRI and provide a stepping stone towards building
a comprehensive multimodal dialogue system.

Moreover, this chapter provides a comprehensive overview of these training method-
ologies, illustrating how they enhance the adaptability, efficiency, and scope of LLMs. The
foundational methods discussed here have been instrumental in training and evaluating other
models and systems presented throughout this thesis. The ultimate goal is to explore var-
ious training modalities that, when combined, could one day enable the creation of a truly

intelligent robot.

3.1 Training a Large Language Model for Rewriting
Natural Language into Semi-Structured Syntactic

Representations

Training large language models (LLMs) under constrained computational resources presents
a significant challenge, especially as the demand for more sophisticated natural language
understanding (NLU) capabilities grows. This section demonstrates the application of Q-
LoRA (Quantised Low-Rank Adaptation) [69] as an efficient method for fine-tuning a large
LLM on a single 16GB GPU, using the task of dependency parsing as a testbed for the
approach. Dependency parsing serves as an interesting test case for evaluating LLM fine-
tuning due to its relevance in two critical aspects of situated NLU.

Firstly, formal syntactic representations, such as parse trees, are valuable as knowledge
representation formalisms for integrating linguistic input into dynamic, context-aware sys-
tems, particularly in situated environments like Human-Robot Interaction (HRI) [128, 170].
Parse trees provide structured insights into relationships between words, enabling systems
to capture how words interconnect within sentence structures. Secondly, dependency pars-
ing exemplifies complex linguistic inference, a core requirement in HRI and similar domains
where syntactic understanding contributes to tasks such as instruction execution and object

grounding [32]. By leveraging dependency parsing as a mere task, this section illustrates
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how Q-LoRA facilitates efficient training of LLMs on computationally intensive tasks under
constrained resources.

Dependency parsing, a critical component of NLU, involves analysing the grammatical
structure of sentences to delineate relationships between words [140]. Its primary goal is
to establish dependencies among words, enabling systems to capture how words intercon-
nect and rely on one another within sentence structures [258]. This process serves as the
backbone for a myriad of downstream applications, including machine translation [172, 72],
question answering [31, 96], and information retrieval [182, 127], as it allows systems to derive
meaning and context from unstructured text [67, 219]. Moreover, high-performance neural
parsing systems support the study of emergent grammatical competence, as demonstrated
through probing techniques [59]. These could be used to test the internal representation
and understanding of grammatical rules of the language in a model, as it is thought to be
fundamental for comprehending and executing commands in robotic platforms. Despite its
centrality to language understanding, developing dependency parsers that are both robust
and efficient remains a complex challenge [158]. This complexity is further magnified in mul-
tilingual contexts and low-resource languages, where the scarcity of annotated data hinders
progress.

The integration of LLMs into dependency parsing workflows addresses key limitations of
traditional approaches. Conventional parsers often depend on manually engineered features
or bespoke architectures tailored to specific tasks or languages, resulting in limited scalability
and flexibility. In contrast, LLMs provide a unified, data-driven framework that can adapt
to diverse linguistic phenomena with minimal task-specific adjustments. This versatility
enhances their applicability across various languages, particularly in multilingual and low-
resource scenarios where task-specific solutions are often impractical. A prominent parsing
technique is the shift-reduce method [196, 48]. This parser processes sentences from left to
right while maintaining a buffer for unprocessed words. Machine learning-based approaches,
such as biaffine neural networks [76], have also proven effective in capturing complex word
dependencies. An alternative approach is UDPipe [247], which focuses on parsing within
the Universal Dependency Framework [68]. UDPipe handles dependency parsing alongside
tasks such as tokenization, morphological analysis, part-of-speech tagging, and lemmatiza-
tion across multiple languages without relying on external data. It employs a Bi-LSTM
architecture fed with end-to-end, character-level, pre-trained, and contextualised embed-
dings. Trained on a vast multilingual dataset, UDPipe captures cross-lingual relationships
effectively. The system was later extended as UDPipe+ [248], integrating multilingual BERT
[70] into its token representations.

Despite their state-of-the-art results, these methods are tailored for structured prediction
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problems and rely on task-specific techniques, specialised neural architectures, and complex
optimisation strategies. The emergence of sequence-to-sequence (seq2seq) modelling for de-
pendency parsing [157] introduced a simpler, end-to-end paradigm. This approach allows
models to predict the relative position of word heads directly within a sentence. It also incor-
porates a beam search decoder with tree constraints and sub-root decomposition to improve
accuracy. Further advancements include [137], where a multi-task, multilingual BERT [70]
pre-trained on 104 languages demonstrated the ability to predict dependency parsing trees,
lemmas, part-of-speech tags, and more within a unified framework.

The goal of this section is to evaluate the ability of LLMs to perform end-to-end depen-
dency parsing without requiring task-specific architectural designs. We present a straight-
forward methodology to fine-tune LLaMA-based models for this downstream task. Specifi-
cally, we focus on generating tree-shaped representations that transform sentence syntax into
bracketed structures. These bracketed structures, directly derived from sentence dependency
graphs, represent the syntactic structure of a sentence in tree format [64]. The final result is
a system that processes raw sentences as input and outputs these bracketed forms. Once the
bracketed representation is obtained, constructing the corresponding dependency graph be-
comes straightforward. The Dependency Parsing task serves as an example of how LLMs can
be effectively and easily fine-tuned for syntactic downstream tasks, even in limited-resource

scenarios.

3.1.1 Large Language Models for Dependency Parsing

This section presents two dependency parsing models developed using LLMs: DepPLLaMA
(Dependency Parsing LLaMA) [112] and its evolved version, U-DepPLLaMA (Universal
Dependency Parsing LLaMA) [114]. Both models are LLaMA-based architectures fine-tuned
for dependency parsing but the former is trained and optimized for the Italian language, while
the latter is extended to support a broader spectrum of languages, in a multi-lingual scenario.
Modelling tasks using LLMs poses a unique challenge due to their inherent nature of taking
sequences as input and generating sequences as output. To illustrate this, let’s consider the
following sentence:

This section presents two dependency parsing models developed using LLMs: Dep-
PLLaMA (Dependency Parsing LLaMA) [112] and its evolved version, U-DepPLLaMA (Uni-
versal Dependency Parsing LLaMA) [114]. Both models are based on LLaMA architectures
fine-tuned for dependency parsing; however, the former is specifically trained and optimised
for the Italian language, while the latter extends its support to a broader spectrum of lan-

guages in a multilingual scenario. Modelling dependency parsing tasks using LLMs intro-
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duces unique challenges due to their inherent sequence-to-sequence nature, where inputs and
outputs are treated as linear sequences. To illustrate this concept, consider the following

sentence:

“He was most widely recognized for some of his books.” (3.1)

The Dependency Graph of this sentence is depicted in Figure 3.1, where nodes represent
words and arcs signify syntactic relationships, each labelled with a specific dependency type.
A notable node in such graphs is the ROOT, which typically corresponds to the main verb.
The same syntactic information can be represented as a Dependency Tree, shown in Figure
3.2. In this tree, the main verb acts as the actual tree ROOT and non-terminal nodes represent
dependency labels, while terminal nodes correspond to the actual words of the sentence. For
instance: the NSUBJ arc identifies He as the subject of the verb; the OBL arc highlights the
nominal phrase some; the verb recognized is modified by the adverb widely, which itself is
further modified by most through the ADVMOD relation. Both representations, the Dependency
Graph and the Dependency Tree, convey the same syntactic information. The transition

between these representations preserves all structural details.

NSUBJ {PUNCT}

AUX
CASE
ADVMOD ADVMOD NMUD

most widely recognized  for some his books

NMDD

Figure 3.1: Example of a dependency graph associated with the sentence (3.1).

Finally, the plain parenthetic representation of the dependency tree shown in Figure 3.2

corresponds to the following form:

[ROOT[NSUBJ| He]][AUX[was]||[ADVMOD[ADVMOD [ most]|[widely)] [recognized)

[OBL[CASE|[for]][some] [NMOD|CASE|of]|[NMOD|his|| [book]|] [PUNCT].]]] (3.2)

The idea is thus straightforward: to employ an LLM to transform the example sentence
(3.1) into its parenthetical format (3.2) using solely raw text, without relying on intermediate
information such as morphological data, part-of-speech tags, or lemmatization. In particular,

this sequence-to-sequence model is obtained by fine-tuning the LLaMA2 7B' and 1352

1https ://huggingface.co/meta-1lama/Llama-2-7b-hf
2ht:tps ://huggingface.co/meta-1lama/Llama-2-13b-hf
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ROOT
W
NSUBJ AUX ADVMOD recognized 0OBL PUNCT

| 7 T |
He  was ADV@ely CASE some NMOD .
T
most for CASE NMOD book
of his

Figure 3.2: The syntactic parse tree associated with the dependency graph from Figure (3.1).

models [262]. As of this writing, these models strike an optimal balance between accuracy
and size across a broad range of tasks, as detailed in [262].

LLaMA?2 operates as an auto-regressive sequence-to-sequence model, processing input
text and generating output text. The model begins by analysing the input sentence to iden-
tify and generate the ROOT node, which typically corresponds to the primary verb or central
idea of the sentence. Once the root is established, the attention mechanism delineates the
primary nodes directly connected to the root, capturing the main syntactic constituents or
“branches” sprouting from it. At this point, the model employs a recursive strategy: for
each primary node, it drills down to identify and generate the corresponding subtrees. As
it traverses deeper into the syntactic branches of the sentence, the phenomena encountered
become more localized and, thus, more straightforward. The model processes each seg-
ment sequentially: first “He”, then “was”, followed by “most widely”, and so forth. This
step-by-step approach ensures that each subtree (i.e., syntactic chunk) is unpacked systemat-
ically, while the attention mechanism dynamically handles both short-range and long-range
dependencies. The recursive nature of this method ensures a thorough and hierarchical ex-
amination of each segment, from broad constituents to specific syntactic details. This first
idea was explored in DepPLLaMA [112], specifically tailored for Italian. Given the inherent
multilingualism of syntactic structures, as formalised in the Universal Dependency Annota-
tion scheme [174], and the capability of LLMs to process multiple languages, we extend this
framework to a multilingual model. By aggregating training data from as many languages
as possible, we aim to achieve a singular, language-independent architecture.

It is important to note that LLaMA2 was not pre-trained on data from every existing
language. Its pre-training corpus comprises texts from 27 languages, with a substantial bias
towards English, which accounts for approximately 90% of the sentences. The remaining
languages each contribute less than 1% of the training data (the full distribution is detailed
in Table A.1 in the Appendix). To evaluate the efficacy of this model fairly, experiments
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are restricted to the languages present in the pre-training data. While this approach does
not address challenges associated with low-resource languages, which were not considered
during LLaMAZ2 pre-training, this work aims to avoid attributing potential shortcomings of
the initial experiments to a lack of pre-training data. Nonetheless, there are no intrinsic
constraints on further fine-tuning LLaMA?2 with data from additional languages or applying
it to cross-lingual parsing scenarios, as demonstrated by [239]. To implement this method-
ology, we utilise training data from the Universal Dependency Treebank® and refer to this
enhanced model as U-DepPLLaMA: Universal Dependency Parsing via Auto-regressive LLMs
based on LLaMA [114].

The only potential complexity arises from the non-projectivity of the dependency graph,
which may alter the word order within the tree. A dependency graph is said to be non-
projective when arcs cross over one another, meaning the word order in the sentence does
not align neatly with a tree structure [141]. Non-projectivity often arises in languages with
flexible word order or constructions that involve long-range dependencies. While this phe-
nomenon adds a layer of complexity to parsing, it remains manageable within the framework.
However, this does not hinder syntactic analysis, as realigning the words to match the orig-
inal sentence is straightforward. The recursive pseudo-code used to derive the parenthetical
form from a dependency graph is provided in Table B.1 in the Appendix. This algorithm
assumes that dependency graphs are loaded using the conllu* Python library. While Algo-
rithm B.1 handles projective graphs effectively, it may encounter challenges when dealing
with non-projective graphs. An example of such a case is shown in Figure 3.3, which depicts

the non-projective dependency graph for the sentence:
“I gquess you get what you pay for.”

In this example, the phrase “what you pay for” exhibits non-projectivity. However, as
shown by the corresponding tree in Figure 3.4, it can still be generated straightforwardly. The
phrase was reordered to “what for you pay”. During fine-tuning, such derived non-projective
trees are directly provided to the model. It is important to note that non-projective cases
constitute a minor fraction of the overall Universal Dependency dataset. During tagging,
realigning the sentence to its original word order while retaining the dependency relations is

sufficient to ensure accurate analysis.

3https://universaldependencies.org/
“https://pypi.org/project/conllu/
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PUNCT

I guess you get what you pay for

Figure 3.3: Example of a non-projective dependency graph associated with the sentence “/
guess you get what you pay for.”.

ROOT
p—" L e
NSUBJ guess CCOMP PUNCT
| -
I NSUBJ get CCOMP |
\ — N —
you OBL NSUBJ pay
/\ ‘
what CASE  you
|
for

Figure 3.4: The syntactic parse tree associated with the dependency graph from Figure (3.3).

3.1.2 Experimental Setup and Evaluation

Training and fine-tuning large-scale models typically require vast computational resources,
often necessitating multiple GPUs. As discussed in the previous chapter, an efficient so-
lution is LoRA [119]. The Quantized-LoRA (Q-LoRA) technique, detailed in [69], further
improves efficiency by propagating gradients through a 4-bit quantized frozen pre-trained
model within the LoRA structure. This enables fine-tuning of a 7-billion-parameter model
(7B) on a conventional 16GB GPU while preserving full 16-bit task performance. For the
experiments, we adopted the Q-LoRA method to produce adapters® specialised for the de-
pendency parsing task. The focus lies on assessing the potential of the proposed model for
multilingual dependency parsing. Although this model is not inherently task-specific, its
uniqueness stems from the distinct input and output representations. Key questions include
its robustness across languages, particularly those it was minimally exposed to during pre-
training (i.e., all except English), and the impact of sentence complexity on parsing quality.
We also examine the benefits and limitations of employing architectures with 7 billion and
13 billion parameters. Lastly, we evaluate the end-to-end capability of the model, wherein

it autonomously derives tokenization from raw sentences and generates the corresponding

5The model, along with all necessary software for training and utilizing U-DepPLLaMA, has been publicly
released on a dedicated GitHub page at https://github.com/crux82/u-deppllama, under the LLaMA
https://ai.meta.com/llama/license/ and UD https://github.com/UniversalDependencies/LICENSE
licenses.
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dependency graph.

In these experiments, we focused on the Universal Dependency Parsing dataset v2.3°.
This approach aligns with the state-of-the-art architecture proposed in [248]|. From this
dataset, we concentrated on the subset of 27 languages supported by LLaMA2, as indicated
in their report [262]. This subset spans languages from English and Finnish to Korean (listed
in Table 3.1). However, texts written in Vietnamese were excluded due to encoding issues in
the LLaMA2 tokenizer. The final dataset thus comprises examples written in 26 languages.
For high-resource languages like Czech, Norwegian, and Russian, which contain over 30, 000
examples, the training datasets were capped at 30,000 sentences per language to maintain
balance across all languages. After this reduction, the aggregated dataset includes 392, 088
training examples, 59, 084 development sentences, and 62,069 testing examples. To ensure
consistency with the evaluation frameworks presented in [247, 248], two pivotal metrics
were employed: Unlabeled Attachment Score (UAS), which evaluates the precision of the
dependency tree structure by verifying the correct generation of head and dependency arcs;
Labeled Attachment Score (LAS), which offers a stricter evaluation by assessing the accuracy
of the assigned dependency labels for each arc. The training process was implemented using
PyTorch and the HuggingFace library, combined with the Peft package for Q-LoRA. The
LLaMA2 models were subjected to 3 training epochs, utilizing a learning rate of 3-10~* and a
batch size of 16. To optimize the performance of the model, a linear scheduler with warmup
was employed, incorporating a warmup ratio of 0.1. Throughout the training process, Q-
LoRA with 4-bit precision was utilized to enhance the W, W, Wi, Wo, Wate, Waown, Wap
and Wi, heaa modules of the transformer, as detailed in the previous Chapter 2.6. The
LoRA matrices featured a matrix rank (R) of 8 and a parameter a of 16.

Training was conducted on a single NVIDIA H100 GPU with 80GB total memory. Us-
ing Nvidia MIG, only 20GB was utilised during both training and inference. Training re-
quired approximately 160 hours for the U-DepPLLaMA 7B model and 190 hours for the
U-DepPLLaMA 13B model. This result demonstrates the feasibility of Q-LoRA for fine-
tuning even on standard hardware with the two smallest LLaMA2 models (7B and 13B)

7. All hyperparameters were selected

without requiring extensive computational resources
using a 10% subset of the training and development data. In the final generation process,
no sampling method was applied, as the objective was to produce the best sequence that
explains the given sentence, not to increase sequence variability. Consequently, a greedy de-

coding policy was adopted. Preliminary experiments using beam search revealed a modest

Shttp://hdl.handle.net/11234/1-2895
"Reducing the batch size to 4, these models can also be trained on an NVIDIA T4 GPU with 16GB
memory.
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0.2% increase in UAS and/or LAS, but at a significant computational cost: decoding time
increased by nearly an order of magnitude. To prioritise efficiency, the greedy approach was
preferred as we are interested in exploring the adaptability of an LLM to syntactic-based
tasks, rather than optimising performance. The final goal is to show how such models can
be fine-tuned with limited resources.

The experimental results focus on the comparison between U-DepPLLaMA and the state-
of-the-art linguistic analysis system, UDPipe2.0 [248]. The primary distinction between the
two lies in their architectures. UDPipe2.0 is a task-specific system, combining recurrent
networks, attention-based biaffine networks, and diverse word embedding techniques. It
also handles multiple tasks beyond parsing, including POS tagging and lemmatization, and
has been trained on 89 datasets across 54 languages. In contrast, U-DepPLLaMA is based
on LLaMA2 and does not rely on architectural modifications. Its uniqueness stems from
the prompting method used for parsing. U-DepPLLaVMA is trained on a narrower set of 50
datasets for LLaMA-supported languages. Although its architecture possesses significantly
more parameters, it remains a task-agnostic model, leaving open possibilities for adaptation
to other tasks. Further discussion on multi-task scenarios and how problems can mutually
benefit each other is provided in the next section, ExtremITA [109].

Different output formats have been explored, as in [157, 136], where sentences like “ The
dog runs” are rewritten into pseudo-sentences such as “R1-det R1-nsubj ROOT”. These ap-
proaches explicitly count the relative distance between head and modifier tokens to label
dependency relations. However, LLMs are not inherently designed for numerical precision
tasks [223, 123], which makes measuring token distances challenging. This limitation par-
ticularly affects decisions involving long-distance dependencies, such as correctly attaching
a punctuation mark to a distant ROOT.

Table 3.1 presents UAS and LAS performance metrics for both UDPipe2.0 and its en-
hanced variant, UDPipe2.0++. The key improvement in UDPipe2.0++ stems from the
integration of BERT and additional word/character embeddings for input representation,
leading to a noticeable boost in performance across all treebanks. Both UDPipe models rely
on gold-standard (GS) tokenization for input text. For consistency, the initial U-DepPLLaMA
experiments also adopt this simplification.

The U-DepPLLaMA 7B and 13B architectures are evaluated using GS tokenization: the 7B
version shows improvements for specific treebanks, such as Czech-CLTT, Dutch-LassySmall,
German-GSD, and Italian-PoSTWITA, with on-par results for other Romance languages.
However, it suffers significant performance drops for languages that are structurally differ-
ent from English. The 13B version, with its larger parameter size, achieves better results

across several treebanks, including Bulgarian, Croatian, Czech, French-GSD, Italian, Nor-
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UDPipe 2.0 UDPipe 2.04++ U-DepPLLaMA 7B | U-DepPLLaMA 13B | U-DepPLLaMA 7B

Language GS Tokenization GS Tokenization End-to-End
UAS LAS UAS LAS UAS LAS UAS LAS UAS LAS

Bulgarian-BTB 93,38% 90,35% | 95,34%  92,62% | 96,21%  93,55% | 96,37% 93,77% 95,82%  93,27%
Catalan-AnCora 93,22% 91,06% | 94,49%  92,74% | 94,28%  92,60% | 94,53% 92,86% 94,22%  92,47%
Chinese-GSD 84,64% 80,50% | 90,13% 86,74% | 85,35%  81,09% | 86,20% 82,21% 83,40%  718,69%
Croatian-SET 91,10% 86,78% | 93,20%  89,35% | 93,09%  88,47% | 93,71% 89,51% 93,07%  88,60%
Czech-CAC 92,99% 90,71% | 93,59%  91,50% | 93,39%  91,19% | 94,48%  92,71% | 93,50%  91,35%
Czech-CLTT 86,90% 84,03% | 89,59%  87,01% | 93,14%  90,84% | 91,82% 89,55% 94,38% 92,28%
Czech-FicTree 9291% 89,75% | 94,34%  91,87% | 93,58% = 90,94% | 95,30% 93,44% 93,74%  91,05%
Czech-PDT 93,33% 91,31% | 94,43%  92,56% | 93,51%  91,44% | 94,85% 93,22% 93,45%  91,41%
Danish-DDT 86,88% 84,31% | 89,32% 87,24% | 87,29%  84,63% | 88,04% 85,55% 87,711%  84,96%
Dutch-Alpino 91,37% 88,38% | 94,12%  91,78% | 94,07%  91,78% | 94,32% 91,93% 92,94%  90,24%
Dutch-LassySmall 90,20% 86,39% | 93,07%  89,88% | 94,33%  91,13% | 94,19% 91,07% 94,19% 91,29%
English-EWT 89,63% 86,97% | 92,50% 90,40% | 92,19%  89,91% | 92,32% 90,05% 91,85%  89,44%
English-GUM 87.27% 84,12% | 91,47% 88,80% | 90,84%  87,92% | 90,42% 87,47% 90,71%  87,88%
English-LinES 84,15% 79,71% | 87,28%  83,48% | 88,25% 84,94% | 88,23%  84,97% 88,21%  84,71%
English-ParTUT 90,29% 87,27% | 93,75% 91,12% | 93,05%  90,41% | 92,96% 90,29% 91,43%  88,85%
Finnish-FTB 90,68% 87,89% | 91,68% 89,02% | 85,51%  80,60% | 86,74% 81,95% 91,31%  88,53%
Finnish-TDT 89,88% 87,46% | 91,66% 89,49% | 85,96%  81,69% | 86,90% 83,01% 91,33%  88,74%
French-GSD 90,65% 88,06% | 92,55%  90,31% | 93,51%  91,21% | 94,00% 91,90% 93,80%  91,51%
French-ParTUT 9217% 89,63% | 94,51% 92,47% | 92,03%  89,42% | 91,36% 88,75% 91,32%  88,34%
French-Sequoia 92,37% 90,73% | 94,88% 93,81% | 92,02%  89,89% | 91,92% 89,47% 92,12%  89,54%
French-Spoken 82,90% 77,53% | 86,27% 81,40% | 85,66%  80,24% | 84,77% 78,92% 85,30%  80,29%
German-GSD 85,53% 81,07% | 88,11%  84,06% | 88,34% 84,16% | 88,22% 84,14% 87,82%  83,66%

Hungarian-Szeged 84,04% 79,73% | 88,76% 85,12% | 85,42%  80,59% | 86,87% 82,03% 86,01%  81,24%
Indonesian-GSD 85,31% 78,99% | 86,47% 80,40% | 86,43%  80,05% | 86,09% 80,08% | 86,49% 80,32%

Italian-ISDT 93,49% 91,54% | 94,97%  93,38% | 95,20%  93,61% | 95,65% 94,09% | 95,02%  93,39%
Italian-ParTUT 92,64% 90,47% | 95,36%  93,38% | 96,65% 94,59% | 96,62% = 94,42% 96,20%  93,92%
Italian-PoSTWITA | 86,03% 81,78% | 87,25%  83,07% | 87,24%  83,40% | 87,65% 83,87% | 87,33%  83,35%
Japanese-GSD 95,06% 93,73% | 95,55% 94,27% | 93,32%  90,83% | 92,53%  89,85% 87,18%  84,14%
Korean-GSD 87,70% 84,24% | 89,38% 86,05% | 79.81%  70,33% | 80,21% 70,56% 85,66%  80,88%
Korean-Kaist 88,42% 86,48% | 89,35% 87,54% | 86,00%  82,63% | 87,15%  83,79% 87,17%  84,82%
Norw.-Bokmaal 92,39% 90,49% | 93,78%  92,19% | 93,81%  92,20% | 94,28% = 92,78% | 94,34% 92,70%
Norw.-Nynorsk 80,09% 75,04% | 82,64%  78,08% | 86,55%  83,16% | 87,02% 83,68% | 86,57%  83,14%
Norw.-NynorskLIA | 68,08% 60,07% | 71,42% 64,12% | 70,87% 64,41% | 70,75%  64,23% 70,95%  64,24%
Polish-LFG 96,58% 94,76% | 97,44% 96,03% | 96,22%  94,11% | 96,38%  94,47% 96,28%  94,05%
Polish-SZ 93,39% 91,24% | 95,73% 94,25% | 94,11% 89,67% | 94,18%  89,63% 93,61%  89,18%

Portuguese-Bosque | 91,36% 89,04% | 92,69% 90,70% | 91,22%  87,66% | 92,12%  88,64% 89,71%  84,83%
Portuguese-GSD 93,01% 91,63% | 94,74% 93,71% | 94,44%  92,92% | 94,54%  93,13% 94,18%  92,35%
Romanian-Nonst. 89,12% 84,20% | 89,61%  84,78% | 88,71%  83,73% | 89,88% 85,32% | 89,21%  83,28%

Romanian-RRT 91,31% 86,74% | 92,41%  88,05% | 92,47%  88,18% | 92,72% 88,46% 92,68%  88,27%
Russian-GSD 88,15% 84,37% | 90,74% 87,51% | 90,10%  85,56% | 91,16%  87,03% 90,76%  86,38%
Russian-SynTagRus | 93,80% 92,32% | 94,92% 93,68% | 94,45%  92,68% | 95,21%  93,62% 94,41%  92,65%
Russian-Taiga 75,45% 69,11% | 80,74%  75,65% | 82,94%  77,08% | 84,91% 79,27% 83,42% 77,34 %
Serbian-SET 92,70% 89,27% | 94,57%  91,65% | 95,24%  91,85% | 96,14% 92,52% 95,87%  92,49%
Slovenian-SSJ 92,96% 91,16% | 94,81% 93,49% | 94,14%  92,55% | 94,43% 93,14% 94,04%  92,51%
Slovenian-SST 73,51% 67,51% | 77,23% 71,79% | 77,12%  71,06% 76,65% 71,06% 76,78% 70,67%
Spanish-AnCora 92,34% 90,26% | 93,75% 92,03% | 93,31%  91,21% | 93,41%  91,38% 93,61%  91,44%
Spanish-GSD 90,71% 88,03% | 92,32% 90,11% | 91,26%  87,76% | 90,96% 87,65% 89,37%  85,17%
Swedish-LinES 86,07% 81,86% | 88,16%  84,55% | 89,43%  8598% | 90,05% 86,91% 89,63%  86,21%
Swedish-Talbanken | 89,63% 86,61% | 92,42%  90,16% | 92,92%  90,64% | 93,03% 90,90% 92,74%  90,40%
Ukrainian-1U 88,29% 85,25% | 91,65%  89,36% | 93,40%  91,37% | 93,89% 91,89% 93,85%  91,30%
Average 88.88% 85.60% | 91.10% 88.26% | 90.37%  86.96% | 90.72% 87.42% ‘ 90.48%  87.16%

Table 3.1: Results in terms of UAS and LAS for UDPipe 2.0, UDPipe 2.04++ with the
different embeddings, U-DepPLLaMA 2 7B and 13B with Gold Standard (GS) Tokenization
and the End-to-End version of U-DepPLLaMA 2 7B. These last results are in italics as they
are not comparable with the others because the End-to-End model is trying to solve a much
more complex task. The best result for each treebank is highlighted in bold.

wegian, Romanian, Russian, Serbian, Swedish, and Ukrainian. Despite these improvements,

performance drops are notable for languages such as Korean, Chinese, and Finnish, which
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are significantly different from English, the primary pre-training language for LLaMA mod-
els. For example, in Chinese-GSD, U-DepPLLaMA lags behind UDPipe2.04++ by over 4%,
and by nearly 10% for Korean-GSD. Exploring models with balanced linguistic exposure
during pre-training could mitigate such limitations. The performance of U-DepPLLaMA 7B
End-to-End, which directly processes raw sentences into dependency trees without relying
on GS tokenization, is also reported in Table 3.1 (in italics). Notably, this model matches,
and in some cases even surpasses, the results of its GS-tokenized counterpart. This out-
come suggests that the language model may perform better on unaltered, real-world text,
free from artificial tokenization constraints. Moreover, the added task complexity may help
mitigate overfitting effects, encouraging better generalisation. The final row of Table 3.1
reports the mean UAS and LAS scores for each model. While UDPipe2.0++ remains the
leading solution, the U-DepPLLaMA models are highly competitive. The comparison high-
lights the trade-off between UDPipe, a task-specific, feature-engineered approach, and the
universal architecture of LLaMA, which generates dependency trees consistently across lan-
guages without requiring modifications. Across 50 treebanks, both architectures achieve top
performance in 25 cases, demonstrating the potential of embedding syntactic expertise into
language models for synthetic outputs.

However, the computational demands of LLaMA models, both during training and infer-
ence, are significantly higher than those of UDPipe, due to their larger parameter sizes. To
ensure applicability, the dependency tree output by the model must form a valid tree struc-
ture. For the 7B parameters model, this requirement fails in 0.45% of generated sentences,
resulting in those sentences being discarded. This error rate decreases to 0.31% for the 13B
model. Without GS tokenization, the error rate for the 7B model rises to 1.44%. Larger
models may reduce these issues, but further experimentation is required.

Occasionally, the model experiences hallucination issues: while it does not add new terms,
it may omit some words or switch their order, particularly in non-projective tree cases (as
discussed earlier). Most of these errors can be corrected using Algorithm B.1, which restores
word order while preserving dependency relations. Missing words can be connected directly
to the root node of the tree, which is always present. Such recovery measures are required
in less than 7% of cases. However, a more in-depth manual analysis is needed to confirm
whether non-projectivity is consistently the root cause of these issues.

An in-depth error analysis is reported in the Appendix B.2, while an error based on the
sentence level is reported in Appendix B.3.

The ability of U-DepPLLaMA to handle multiple languages without task-specific archi-
tecture modifications marks a significant advancement, achieving state-of-the-art results in

dependency parsing across various languages. These models (DepPLLaMA and U-DepPLLaMA)
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offer several key insights into the application of LLMs for dependency parsing: i) the use of
low-rank adapted parameters in U-DepPLLaMA demonstrates the viability of scaling models
to handle multilingual data without drastically increasing computational demands; ) the
broader training dataset in U-DepPLLaMA enhances its ability to generalise across syntactically
diverse languages, leading to improved accuracy and adaptability; i77) both models illustrate
the adaptability of language models for parsing tasks, while U-DepPLLaMA highlights the po-
tential for universal, task-agnostic designs that do not require specialised architectures per
language. However, the vast capabilities of such models suggest a natural extension beyond
syntactic parsing. A real-world system, such as a robot, would likely be tasked with more
than just syntactic analysis. In the next section, we explore how to instruction-tune a Large
Language Model for a multi-task scenario, encompassing tasks such as Sentiment Analysis,

Information Extraction, and Discourse Coherence.

3.2 Multi-task scaling to the extreme: ExtremITA

U-DepPLLaMA is a strong model for parsing sentences and producing parenthetic forms as
output. It exploits a consolidated Large Langauge Model to do so and has been fine-tuned
using the Q-LoRA approach. However, in more realistic scenarios, we would expect a system
to solve more tasks and to adapt its responses based on the different input it receives .Ideally,
a model should handle diverse instructions, whether stylistic (e.g., responding in rhymes or
biblical terms) or functional (e.g., constrained answer length or specific output formats), i.e.
it should be able to follow instructions. This word has become pivotal in the last years, as
models more and more able to follow instructions. Researchers haven even coined a term:
Instruction-Tuning. It refers to the process where a model is fine-tuned to follow instructions,
that can be either stylistic, such as using biblical terms, or answering in rhymes or just a
constraint about the length of the answer. And this methodology gave birth to ExtremITA
[109].

The generative power exhibited by models like GPT [216] and GPT3 [40], as well as the
recent development of LLaMA [261] foundational models, has opened up new avenues for
leveraging the concept of “prompting”. This approach allows for modeling inductive tasks
by formulating them linguistically, as natural language queries or instructions, enabling
the model to provide accurate responses based on it. By combining the power of these
models and the prompting technique, complex tasks can be addressed using a straightforward
and intuitive interaction paradigm, without the need for task-specific feature engineering or
neural architectures. This is a contraposition and a further expansion of U-DepPLLaMA, where

a single Large model was used to solve a single task.
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ExtremITA was developed for the EVALITA 2023 campaign [146], which is dedicated to
advancing Natural Language Processing and speech technologies for the Italian language.
Since its beginning in 2007, EVALITA has provided a structured framework for evaluating
and comparing diverse systems across a spectrum of tasks pertinent to Italian linguistic
processing. By facilitating consistent evaluation practices, EVALITA plays an important
role in the creation of standardized resources and tools, thereby promoting the growth and
refinement of NLP and speech technologies in the Italian context. Its primary objective is
to foster the development of language and speech technologies tailored for Italian by offering
shared tasks that encourage collaboration and innovation within the research community:.
These tasks encompass a wide array of challenges, including sentiment analysis, named entity
recognition, and hate detection, among others. Traditionally, participants choose one task
and participate by optimizing a specialised model to solve the specific task. Each shared
task provides a set of data for the participants to use, such as training and evaluation, while
the test set usually stays undisclosed. If participating in multiple tasks, researchers typically
fine-tune distinct models for each. The approach of ExtremITA is extreme: inspired by the
seminal work of [55] on instruction-tuned models, we developed a single monolithic architec-
ture capable of solving all linguistic tasks simultaneously. To the best of my knowledge, this
is the first attempt to apply such an approach in the context of EVALITA.

The objective of this work is to push the limits of LLMs by proposing a single model
capable of tackling a wide array of heterogeneous tasks. Adapting a Large Language Model
using techinques such as LoRA [119] enables the model to be fine-tuned on the downstream
tasks. Importantly, in robotics one expects these model to solve a plethora of tasks, mainly
linguistics, with a particular focus on the Situated topic, which will be further explored in the
next Chapter. It leverages a Decoder-only model, trained on the union of all the available
datasets for the challenge. By adopting a multi-task learning framework, the objective
is to evaluate the applicability of a single model in effectively solving multiple tasks at
once. Notably, the approach offers a significant advantage as it enables the resolution of
diverse tasks by employing a unified architecture and fine-tuning based on input-output pairs.
The EVALITA challenge serves as a robust testing ground for assessing the capabilities of
LLMs across various Italian linguistic tasks, without any specific architectural requirement.
Instead, the model is triggered with task-specific prompts, such as “Is there any mention of
a conspiracy in this text? Answer yes or no.” or “How much consistent is this sentence, on
a scale of 0 to 577.This methodology differs significantly from traditional solutions, such as
those for Sentiment Analysis [29, 46], Conspiracy Detection [237], or Semantic Role Labelling
[30], which rely on task-specific models and architectures.

The complete list of tasks in which the ExtremITA approach participated is here reported,

84



CHAPTER 3. IMPROVING TRAINING FOR LLMS

in a wide range of semantic dimensions, including Affect Detection, Authorship Analysis,
Computational Ethics, Named Entity Recognition, Information Extraction, and Discourse

Coherence:

« EMit - Categorical Emotion Detection in Italian Social Media [15]: it presents two
subtasks: (7) Subtask A, that consists in an emotion detection challenge, and (7i) Sub-

task B, that introduces a novel problem of target detection of the expressed emotion.

« EmotivITA - Dimensional and Multi-dimensional Emotion Analysis [85]: EmotivITA
is a task of emotion regression based on EmolTA, the Italian version of the EmoBank

dataset.

« PoliticIT - Political Ideology Detection in Italian Texts [224]: aims to extract political
ideology information from Italian texts. For this, an automatic document classification
task on clusters of texts is proposed. It consists of extracting the self-assigned gender
as demographic trait, and the political ideology as a psychographic trait from a set of

texts written in Italian from several authors that share those traits.

« GeoLinglt - Geolocation of Linguistic Variation in Italy [218]: a shared task on geolo-
cation of linguistic variation in Italy from social media posts exhibiting non-standard
[talian language. The task is meant to both advance natural language processing
(NLP) in dealing with non-standard Italian language, and inform sociolinguistics with

language variation insights derived from large-scale, quantitative analysis.

« LangLearn - Language Learning Development [11]: automatic language development
assessment. The task consists of predicting the relative order of two essays written by

the same student.

« HaSpeeDe 3 - Political and Religious Hate Speech Detection [145]: explores hate
speech in strong polarised debates, concerning in particular politics and religion. It is
articulated in two different tasks: A)In-domain political hate speech detection and B)

Cross-domain hate speech detection about political and religious tweets.

« HODI - Homotransphobia Detection in Italian [197]: a shared task that aims to
identify Italian homotransphobia on Twitter. This will allow researchers to investigate
a phenomenon that has received little attention from the worldwide NLP community
and has never been built for the Italian one. It is critical to comprehend not only

whether a text is hateful, but also why.
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« MULTI-Fake-DetectiVE - MULTImodal Fake News Detection and VErification
[36]: it focuses on the automatic detection of fake news in a multimodal setting in-
cluding texts and images. The goal of the task is twofold: i) given a piece of content
(e.g., a social media post or a news article) that includes both a visual and a textual
component, determining its likelihood of being a real or a fake news; i) understanding
how the visual and textual components of news can influence each other, i.e., given a
text and an accompanying image, is the combination of the two aimed at misleading

the interpretation of the reader about one or the other, or not?

o ACTI - Automatic Conspiracy Theory Identification [225, 226]: identification of con-
spiracy theories, which have diffused dangerous ideas generating societal harm. This
task aims to recognize and categorize brief texts from platforms such as Telegram,

4chan, and Parler, into conspiracy theory categories.

« NERMuD - Named-Entities Recognition on Multi-Domain Documents [205]: con-
sisting in the extraction and classification of named-entities in a document, such as

persons, organizations, and locations, both domain-specific and domain-agnostic data.

o CLinkaRT - Linking a Lab Result to its Test Event in the Clinical Domain [10]: is
a relation extraction task based on clinical cases taken from the E3C corpus, i.e. on
Italian written documents reporting statements of a clinical practice (thus including,
for example, the reasons for a clinical visit, the physical exams undertaken, the as-
sessment of the patient’s diagnosis and subsequent treatments). The task consists in
identifying test results and measurements and linking them to the textual mentions of

the laboratory tests and measurements from which they were obtained.

o WIC-ITA - Word-in-Context task for Italian [45]: the general goal of the WiC-ITA
task is to establish if a word w occurring in two different sentences s; and sy has the

same meaning or not.

e DisCoTEX - Assessing DIScourse COherence in Italian TEXts [41]: it is conceived
to address two distinct scenarios: a more traditional one, aimed at evaluating whether
models are able to distinguish well-organized documents from corrupted ones; a less
explored one, which assesses the performance of models on texts evaluated for coherence

by human raters.

The aforementioned 13 tasks comprised 22 subtasks, where the proposed models ranked
first in 9 subtasks (41%), and achieved a top-three position in 14 subtasks (64%). By

framing tasks as natural language queries and leveraging LLaMA-based models, ExtremITA
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achieved high performance while avoiding the need for task-specific architectures. This work
underscores the potential of instruction-tuned LLMs to address heterogeneous challenges in
NLP efficiently.

3.2.1 The Multi-task Prompting Approach

A first effective application of an Encoder-Decoder architecture in a multi-task scenario is
presented in [217]. Specifically, the pre-training process of the T5 model involves training the
model on a large corpus of diverse text data from sources such as books, articles, websites,
and data related to tasks like machine translation, classification, and regression. During
pre-training, TH employs a denoising objective, similar to other popular Transformer-based
models like BERT and GPT. This objective requires the model to reconstruct masked or
corrupted input text, enabling it to learn meaningful representations and capture contextual
information effectively. One of the key strengths of T5 is its versatility. By casting various
NLP tasks into a text-to-text problems, it can be fine-tuned for specific tasks simply by
adding a prefix that describes the task, along with appropriate input-output pairs during fine-
tuning. In practice, such an architecture can be triggered by concatenating the name of the
task it is trained on with an input text, prompting the model to generate the corresponding
solution, e.g., a class label in a classification task or a text span question answering. This
flexibility eliminates the need for task-specific architectures or modifications, simplifying the
application of T5 to diverse scenarios. Recently, T5 has been applied to hundreds of tasks
[55], and large-scale systematic pre-training efforts [54] have demonstrated its effectiveness
“zero-shot” or “few-shot” learning scenarios.

Decoder-only models, on the other hand, are designed to be triggered by natural language
inputs, such as requests or text intended for processing. These models generate text one word
at a time, producing outputs that align with the given prompt. Such models have the ability
to essentially follow instructions, as exemplified by the recent release of ChatGPT. This
characteristic holds a greater appeal, as tasks can be linguistically described using prompts,
where the input sentence serves as contextual information. InstructGPT [203] is an extension
of the GPT language model [40] explicitly designed to excel in multi-task scenarios when used
with natural language prompts. It combines the power of language models with the ability
to follow instructions provided in the form of natural language prompts. Unlike conventional
language models that generate text freely, InstructGPT is fine-tuned using human feedback
to understand and generate text based on a given prompt and to select the best sequence
that humans prefer.

Another noteworthy instruction-tuning model is Alpaca [255], which builds upon the
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Task Name ‘ Natural language instruction

EMit A “Quali emozioni sono espresse in questo testo? Puoi scegliere una o pit emozioni
tra ‘rabbia’, ‘anticipazione’, ‘disqusto’, ‘paura’, ‘gioia’, ‘amore’, ‘tristezza’, ‘sorpresa’,
‘fiducia’, o ‘neutro’”

EMit B “Di cosa parla il testo, tra ‘direzione’, ‘argomento’, ‘entrambi’, ‘non specificato’?”
EmotivITA “Scrivi quanta valenza € espressa in questo testo su una scala da 1 a 5, sequito da
quanto stimolo € espresso in questo testo su una scala da 1 a 5, sequito da quanto

controllo é espresso in questo testo su una scala da 1 a 5.7

PoliticIT “Scrivi se l'autore del testo € ‘uomo’ o ‘donna’, seguito dalla sua appartenenza politica
tra ‘destra’, ‘sinistra’, ‘centrodestra’, ‘centrosinistra’”

GeoLinglt “Scrivi la regione di appartenenza di chi ha scritto questo testo, sequito dalla latitudine,
sequita dalla longitudine.”

LangLearn “Questi due testi separati da [SEP] sono presentati nell’ordine in cui sono stati scritti?
Rispondi si o no.”

HaSpeeDe 3 | “In questo testo si esprime odio? Rispondi si o no.”

HODI A “In questo testo si esprime odio omotransfobico? Rispondi st o no.”

HODI B “Con quali parole l'autore del testo precedente esprime odio omotransfobico? Separa le
sequenze di parole con [gap].”

MULTI-‘Fake “L’evento riportato nel testo é ‘certamente vero’, ‘probabilmente vero’, ‘probabilmente

-DetectiVE
falso’, o ‘certamente falso’?”

ACTI A “In questo testo si parla di una cospirazione? Rispondi st o no.”

ACTI B “Di quale teoria cospirazionista parla questo testo, tra ‘Covid’, ‘Qanon’, ‘Terrapiat-
tista’, ‘Russia’?”

NERMuD “Scrivi le menzioni di entitd nel testo, indicandone il tipo: [PER] (persona), [LOC]
(luogo), [ORG] (organizzazione).”

CLinkaRT “Trova 1 risultati dei test e delle misurazioni nel testo. Per ogni risultato, scrivi

‘{BREL]’, sequito dal risultato sequito da ‘[SEP]’, sequito dal test, seguito da ‘{(EREL]’
Se non trovi nessun risultato, scrivi (NOREL]"”

WiC-ITA “La parola compresa tra [TGTS] e [TGTE] ha lo stesso significato in entrambe le frasi?
Rispondi st o no.”

DisCoTEX 1 | “Le due frasi precedenti, separate da ‘[SEP]’, sono coerenti tra loro? Rispondi si o no.”
DisCoTEX 2 | “Quanto ¢é coerente questa frase, su una scala da 0 a 527

Table 3.2: List of the natural language instruction definition for all tasks in the ExtremITA
model. Notice that these instructions have not been heavily optimized against individual
tasks, also due to time constraints during the EVALITA challenge.

LLaMA foundational models [261]. The authors of Alpaca created 175 sets of instructions
paired with input sentences and corresponding outputs. These were expanded using GPT-
3.5, resulting in a collection of approximately 52,000 instruction examples. The LLaMA
model was further fine-tuned using this extensive dataset, a process referred to as instruction-
tuning. The outcome of this effort was the Stanford Alpaca [255] as an instruction-following
LLaMA model. Recently, an Italian counterpart named Camoscio [230] underwent a similar
instruction-tuning process to Alpaca on Italian data, essentially serving as the Italian equiv-
alent. Also based on the same LLaMA model, it was instruction-tuned on the same 52.000

instructions which were automatically translated into Italian using ChatGPT [230]. This
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adaptation has made Camoscio a viable instruction-following model for Italian. Following
the discussion from the previous Section, the LoRA [119] approach was used in ExtremITA
as well to adapt the model to solve the EVALITA tasks.

The original LLaMA model is pre-trained to execute instructions by leveraging a struc-
tured prompt that includes both a textual description of the task and a specification of
the desired output format. For example, in the ACTI task, the provided instruction is “In
questo testo si parla di una cospirazione? Rispondi st o no.”®. The subsequent sentence to
be evaluated is appended to this instruction. A complete list of such instructions is available
in Table 3.2.

The decoder is then expected to continue the prompt by generating an appropriate re-
sponse. For instance, given the input sentence “ACTI: Hanno votato tutti obbligo vaccinale,
green pass, persecuzioni varie”®, the model is expected to generate a simple output: either
Yes or No.

Task ‘ Output Templates

EMit A {“Rabbia”, “Anticipazione”, “Disqusto”, “Paura”, “Gioia”, “Amore”, “Tristezza”,
“Sorpresa”, “Fiducia”} TV “Neutrale”

EMit B {“Direzione”, “ Argomento”, “ Entrambi”, “ Non specificato”}

EmotivITA “Valenza: {0-5} Stimolo: {0-5} Controllo: {0-5}7

PoliticIT “Gender: {“Uomo”, “Donna”} PIB: {“Sinistra”, “Destra”} PIM: {“Sinistra”, “De-
stra”, “Centro Sinistra”, “ Centro Destra”}”

GeoLinglt “Regione: {Abruzzo, .., Veneto} Latitudine: {} Longitudine: {}”

LangLearn* {“Corretto”, “Non Corretto”}
HaSpeeDe 3* | {“Odio”, “Non Odio”}

HODI A* {“Omotransfobico”, “ Non Omotransfobico”}
HODI B <HOMOTRANSPHOBIA__MENTION>
MULTI-.Fake {“Certamente Fualso”, “Probabilmente Falso”, “Probabilmente Vero”, “Certamente
-DetectiVE
Vero”}
ACTI A* {“Cospirazione”, “Non Cospirazione”}
ACTI B {“Terrapiattista”, “ Covid”, “Qanon”, “Russia”}
NERMuD [<ENTITY__TYPE>| <TEXT__SPAN_ THAT__EVOKES_ ENTITY>
CLinkaRT “[BREL] <RML_ENTITY__MENTION> [SEP] <EVENT__ENTITY_ MENTION> [EREL]”
WiC-ITA* {“Uguale”, “ Differente”}

DisCoTEX 1* | {“Coerente”, “Non Coerente”}
DisCoTEX 2 | {0-5}

Table 3.3: Output templates for the ExtremITA model. In EMit A the model is requested
to generate one or more labels from the first set (1) or the text “Neutrale” if no emotion
is expressed. In the tasks with * the model is requested to respond with {“S2”, “No”}, for
more details see Table 3.2.

8In English, “Is there any mention of a conspiracy in this text? Answer yes or no.”
9n English, “ They all voted compulsory vaccination, green pass, persecution”
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The output of the ExtremITA model depends on the specific task. For a complete overview

of output formats across tasks, please refer to Table 3.3. Below are examples of the various

output formats used in different tasks:

In classification tasks involving only one label (such as EMit B, LangLearn, HaspeeDe
3, HODI A, MULTI-Fake-DetectiVE, ACTI A, ACTI B, WiC-ITA and DisCoTEX 1)
the output is just the label of the target class. In the above example, the output would

be “Cospirazione” as the input text reflects some conspiracy theory.

In multi-label tasks, such as PoliticIT [224], where a text is expected to be associated
with the gender and the political inclination of the author, multiple labels reflecting
such different dimensions are used, e.g., “vomo sinistra centro-sinistra”. In EMit A [15]

where multiple emotions can be triggered, these are provided as a sequence of labels.

For regression tasks, such as EmotivITA [85] and DisCoTEX 2 [41], the output is the

number to be predicted within a specific range.

In GeoLinglt [218], the model is requested to determine the region of origin of the tweet
and the corresponding coordinates (latitude and longitude) based solely on the text.
For example, if the input sentence is “ Daje che je ’a famo!”, the model should provide
the answer “Lazio 41.8984164 12.54514535”, considering the use of the typical Roman
dialect. This particular task combines both multi-label classification and regression, as
it requires determining the region (classification) and providing the precise coordinates

(regression) simultaneously.

In HODI B [197] where the span of the offending text is expected to be extracted, it

is simply requested as output.

In NERMuD [205], the list of expected Named Entities is reported as a sequence of

text spans, each associated with the corresponding entity type.

CLinkaRT [10] focuses on extracting the names of medical tests performed on patients
from an input text and linking them to the corresponding test results, treating it as
a Relation Extraction problem. Here the relations are encoded with a slightly more
complex form to summarize a list of relations, each associating an EVENT with a
corresponding measure (or RML); as an example, the sentence “Il PSA aumentava da
2 a 62 ng/ml.” is associated with “[BREL] 2 [SEP] PSA [EREL| [BREL] 62 ng/ml
[SEP] PSA [EREL]” (where 2 and 62 reflect the RML while PSA is the test event).

90



CHAPTER 3. IMPROVING TRAINING FOR LLMS

3.2.2 Experimental Setup and Evaluation

The evaluation section aims to assess the effectiveness of a unified large language model
(LLM) in handling a diverse set of natural language processing (NLP) tasks in Italian. The
primary objective is to determine whether a single, instruction-tuned decoder-only LLM can
achieve competitive performance across multiple tasks without task-specific architectural
modifications. This approach sought to streamline NLP workflows by reducing the need for
bespoke models for each task, thereby enhancing scalability and efficiency. This ability is
reflected in the evaluation score of each task, as reported hereafter.

The model was trained on the unified dataset of all the tasks of EVALITA. Generally,
one example in an EVALITA task corresponds to an example in this learning setting. Below

are some exceptions where datasets underwent preprocessing or augmentation:

o ACTTI: The dataset was expanded by incorporating positive examples (those involving
conspiracy theories) from the ACTI B dataset into ACTI A, and vice versa. This
process increased the number of examples from 460 to 1,909 for subtask A and from
300 to 777 for subtask B.

o CLinkaRT: The available medical reports were segmented into smaller parts using
the Spacy library, respecting sentence boundaries. Each segment contained between
50 characters and 30 words. The decision of the model for each report was de-
rived from the combined predictions of its segments. Additionally, examples from
the TESTLINK@IberLEF 2023 dataset'®, containing Spanish medical reports, were
used to augment the dataset. Despite the language difference, these texts exhibited
language-invariant phenomena related to events and measures, making them useful for
augmentation. This process expanded the dataset from 83 large documents to 3,903

shorter sentences, recovering over 95% of annotated relations.

« EMit: Emojis in the dataset were converted into textual descriptions to improve

compatibility with language models.

o GeoLinglt: Tasks A and B were merged to allow simultaneous prediction. By gen-
erating both answers in the same process call, the shared context was expected to

enhance performance.

« HODI B: Only sentences expressing homotransphobia were retained, reducing the
dataset from 5,000 to 1,914 examples. Empty examples were excluded as they were

deemed uninformative for training.

Onttps://e3c.fbk.eu/testlinkiberlef

91


https://e3c.fbk.eu/testlinkiberlef

CHAPTER 3. IMPROVING TRAINING FOR LLMS

o LanglLearn: Sentences were truncated to a maximum of 100 tokens, and additional
examples were generated by flipping sentence pairs (e.g., swapping positive and nega-
tive labels). This augmented the dataset from 3,377 to 6,438 examples.

« MULTI-Fake-DetectiVE: Since the model is text-only, images were excluded. Du-
plicate examples (i.e., identical text paired with different images) were removed, re-

ducing the dataset from 1,058 to 860 examples.

e« NERMuD: The dataset was transformed from a token classification task into a
sequence-to-sequence format, where the model outputs only the identified entities along

with their classes.

o PoliticIT: Texts were divided into sentences of up to 200 tokens, making them more
manageable for the language model. A majority voting strategy was used at classifica-
tion time to determine the final class (gender and political inclination) for all sentences

authored by the same individual.

o WIiC-ITA: Positive examples were augmented by flipping sentence orders while main-
taining their labels to rebalance class distribution. This increased the dataset size from
5,610 to 6,600 examples.

Overall, the entire dataset is composed of a total of 134,018 examples!!. The model
underwent 2 epochs of training with a learning rate of 3 - 107%, employed a batch size of
32 and a linear scheduler with warmup was applied, utilizing a warmup ratio of 0.1. The
training process utilized LoRA to refine the W,, Wj,, W, and W, modules of the transformer
(as previosuly detailed), incorporating a matrix rank R = 8 and a parameter ov = 16 for the
LoRA matrices. The decoding strategy in the generation phase used a beam search equal
to 4, temperature of 0.2, with a top probability of 0.75 amongst the first 40 candidates.
A single Tesla T4 GPU with 16GB of memory was used for this model and its training
duration exceeded 144 hours. The training data was divided into a 95% training set and
a 5% validation set initially for hyper-parameter optimization. The test set was used from

each shared task from the competition.

Results and Discussion. The experimental results are summarised in Table 3.4. Tasks
are categorised by subtask, followed by the evaluation metric, and the scores and ranks
achieved by ExtremITA compared to the best-performing competitor. For each subtask,

the best-performing method is highlighted in bold. The system ranked first in 9 out of

1 The code made available at https://github.com/crux82/ExtremITA allows replicating the data gen-
eration process.
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22 subtasks (41%) in the EVALITA 2023 competition. Furthermore, ExtremITA secured a
top-three position in 14 subtasks (64% of all subtasks). Despite these successes, ExtremITA
encountered challenges in certain tasks, including GeoLinglt, LanglLearn, and WiC-ITA.
These tasks require detecting and analysing nuanced changes in writing style (e.g., author-
specific features) or the contextual meaning of words. Since the monolithic architecture was
primarily designed for tasks such as sentence classification or rewriting spans of input text
(e.g., HODI), it showed limitations in these more specialised scenarios.

Enhancing the prompting phase by optimising task-specific prompts could improve per-
formance. Reformulating certain tasks differently is another potential avenue. For instance,
in GeoLinglt, keeping the two subtasks (region classification and coordinate prediction) dis-
tinct, as in the original shared task, could yield better results by reducing task complexity
during generation. Another area for improvement is incorporating real-world knowledge into
the system. For example, in GeoLinglt, the generated coordinates strongly depend on the re-
gion from which a tweet originates. The model lacked explicit constraints on the coordinates
it could generate, relying solely on patterns within the training data. Injecting geographical
knowledge, such as region boundaries, during generation could significantly enhance accu-
racy. This approach proved essential for the winning system [138], which achieved a lower
error distance in kilometres by employing a rectification module. This module adjusted pre-
dictions falling outside land boundaries to the nearest point within the predicted boundaries
of a region, resulting in a more accurate and realistic output.

On the other hand, the zero-shot application of Camoscio demonstrated poor performance
across all tasks. This outcome was expected, as the model was used without additional fine-
tuning, relying solely on the original instruction-tuning of the 52,000 Alpaca instructions.
Most often, the model either predicted the most frequent class or hallucinated by rewriting
portions of the input text. These results highlight the necessity of instruction-tuning tailored
to the specific tasks using natural language descriptions. Such tuning is essential to guide
the model towards generating accurate and meaningful answers, especially in Italian.

The results also bring attention to the computational cost of both training and inference.
Training the 7-billion-parameter model took over 144 hours, and during inference, the model
could process only 2 to 3 sentences per second. This substantial delay in processing speed
makes the model less practical for real-world applications, despite its strong performance
across a wide array of tasks. Furthermore, the number of parameters in the model typi-
cally exceeds those of competing task-specific solutions by one order of magnitude, further
contributing to its resource-intensive nature.

Overall, the results are remarkable, especially considering that no task-specific architec-

tural designs were applied. Instead, a single LLM was used, achieving competitive perfor-
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Task SubTask | Eval metric Camoscio 0-shot | ExtremITA Best Competitor
Score Score R Score R
EMit A F1 0.0092 0.6028 1 | 0.5086 2
! B F1 0.1325 0.6459 1 | 0.6331 2

Pears Val 0.0000 0.8110 0.8110
EmotivITA B Pears Aro 0.0931 0.6330 1 0.6520 2
Pears Dom 0.0000 0.6300 0.6540

PoliticIT - F1 0.2965 07719 3 | 0.8241 1
GeoLinglt A F1 0.0205 0.3818 11 | 0.6630 1
g B Avg Km 280.14 14515 9 | 97.74 1
LaneLearn COWS F1 na 0.5500 8 | 0.7500 1
& CITA F1 na 0.6100 8 | 0.9300 1
A F1 - text. 0.3333 0.9034 3 | 0.9128 1
HaSoeeDe 3 F1 - context. 0.3333 0.9034 3 | 0.9128 1
P B F1 - xRel. 0.4558 0.6525 1 | 0.6461 2
F1 - xPolitic. 0.3333 0.9034 3 | 0.9128 1
A F1 0.3284 0.7942 5 | 0.8108 1
HODI B F1 0.4790 0.7228 1 | 0.7051 2
MULTI-Fake- A F1 0.3800 0.5070 2 | 0.5120 1
DetectiVE ATD F1 0.2900 0.4640 1 | 0.4600 2
A F1 0.3306 0.8565 2 | 0.8571 1
ACTI B F1 0.1603 0.8556 5 | 0.9123 1
NERMuD | DAC | F1 | na | 0.8900 1 | na na
CLinkaRT | - | F1 | na | 05916 2 | 0.6299 1
A F1 it-it 0.3333 0.5100 10 | 0.7300 1
WiC-ITA F1 it-en 0.3333 0.5400 8 | 0.7400 1
B F1 all 0.3333 0.5100 10 | 0.7300 1
. 1 na 0.8150 1 | 0.7200 2
DisCoTEX 2 HM* na 0.6500 1 | 0.6300 2

Table 3.4: ExtremITA ranks and results. Here each task is divided into the subtasks we
participated in. We reported Camoscio in 0-shot (i.e. no training), the ExtremITA model
and as a comparison the best competitor (either that won or placed higher in the ranking). In
bold the rank and the scores of the winning systems. The HM* measure for the DisCoTEX
task refers to the Harmonic Mean between Pearson’s and Spearman’s correlations. The
“na” value is due to missing the official evaluation scripts for the specific tasks at the time
of writing.

mance on nearly all tasks. The key to success lies in effectively prompting the model with
natural language instructions or employing task-specific encoding techniques for outputs.
Future improvements could include leveraging larger LLMs, such as LLaMA 65B or the
recently introduced LLaMA 3.1 405B, which might offer even higher performance. Addition-

ally, to enable a more comprehensive evaluation and optimisation, a broader exploration of
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architectures and hyperparameters would have been beneficial. Unfortunately, the time con-
straints imposed by the EVALITA deadlines and the substantial effort required to complete
all 13 tasks in parallel limited the ability to perform a thorough hyperparameter search.
With more time and resources, fine-tuning larger models, refining task-specific prompts,
and systematically optimising hyperparameters could further enhance the capabilities of the

model and address its limitations.

Task SubTask Eval TOTAL 0 100 500 1000 | All
metric examples

) A F1 0.0092 0.2438 0.3526 0.4440 | 0.6028

EMit B F1 088 101325 04013 0.5797 0.4450 | 0.6459

Pears Val 0.0000 0.2115 0.6399 0.7043 | 0.8110

EmotivITA B Pears Aro 7608 | 0.0931 -0.0218 0.3447 0.4398 | 0.6330

Pears Dom 0.0000 0.1836 0.4441 0.5627 | 0.6300

PoliticIT | - F1 16047 | 0.2965 0.3129 0.5956 0.5548 | 0.7719

. A F1 0.0205 0.1163 0.1351 0.1523 | 0.3818

GeoLinglt B Avg Km 13669 | 9g0.14  277.32 28114 267.48 | 145.15

LaneLearn COWS macro-F1 320 0.3347 0.5428 0.4875 0.4804 | 0.5739

& CITA macro-F1 307 0.3326  0.3725 0.4845 0.4918 | 0.5954

A F1 - text. 0.3333  0.4212 0.7239 0.8498 | 0.9034

F1 - context. 0.3333  0.4212 0.7239 0.8498 | 0.9034

HaSpeeDe 3 5 F1 - xRel. 9340 4558 05079 0.6199  0.6500 | 0.6525

F1 - xPolitic. 0.3333 04212  0.7239 0.8498 | 0.9034

HODL A F1 4770 | 0.3284 0.3653 0.6126 0.6606 | 0.7942

B F1 1914 | 0.4790 0.4831 0.5782 0.6122 | 0.7228

Moulti-Fake- A F1 260 0.3800 0.4200 0.4400 0.4700 | 0.5070

Detective ATD F1 0.2900 0.4200 0.3900 0.4700 | 0.4640

ACTI A F1 1909 | 0.3306 0.6129 0.7850 0.7944 | 0.8565

B F1 77 0.1603 0.3691 0.8471 0.8440 | 0.8556

A F1 it-it 0.3333  0.3333  0.3333 0.3333 | 0.5100

WiC-ITA F1 it-en 5610 | 0.3333  0.3378  0.3333  0.3333 | 0.5400

B F1 all 0.3333  0.3333  0.3333 0.3333 | 0.5100

Table 3.5: Scores of different ExtremITA models, where 0, 100, 500 and All refer to the
number of examples the models were trained on. Not all the tasks from EVALITA are
reported in this table as some official evaluation scripts are missing at the time of writing
and thus the evaluation could not be performed.

The Impact of different training set sizes. The ExtremITA model was trained using
about one hundred thousand examples, with a significant portion (30-40%) derived from
the NERMUD dataset. While LLaMA and its derived models, Alpaca and Camoscio, are
intended to be used in a 0-shot manner, we conducted additional instruction tuning using

the EVALITA data. In order to evaluate the generalization capabilities of the model across
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these domains and its reliance on specific data, we conducted more in-depth experiment to
analyze its learning curve based on different training set sizes. For this experiment on the
EVALITA data, we followed the methodology outlined previously for instruction-tuning, with
a differnce: we utilized up to 100, 500, and 1000 examples for each task, whenever available.
Additionally, we used the 0-shot application of Camoscio as is from before as a comparison,
i.e. using 0 examples with no additional instruction-tuning. Table 3.5 displays the results for
selected tasks, for which official evaluation scripts were available, categorized by the trained
models: 0, 100, 500, 1000 and the “All” model, which corresponds to ExtremITA as it was
trained using all the available data. This analysis provides insights into the performance of
the model across different levels of training data availability and highlights the benefits of
instruction-tuning for domain-specific tasks.

Unsurprisingly, the “All” model consistently outperforms others acrross all tasks. For
example, in the EMit task, where the model achieved first place in both subtasks, we observe
a clear improvement in performance as the training set increases from 0 to 1000 examples.
This suggests that performance gains are directly correlated with the size of the training
set. Similar trends are observed in other tasks, such as EmotivITA, HaSpeeDe3, HODI,
and ACTI. However, some tasks, such as WiC-ITA, remain more challenging, with models
frequently defaulting to predicting the most frequent class. Similarly, in GeoLinglt, even
with 1000 examples, the performance remains low, indicating that this number of examples
is insufficient to capture the complex relationships between the input and output. For the
LangLearn task, the evaluation metric was switched from F1 of the positive class (used in
the official script and Table 3.4) to macro-average F1. This adjustment better captures the
performance of biased models. Notably, the official metric for this task is artificially high for
the 0-shot model, which always outputs the positive label, while the macro-F1 is more sen-
sible with respect to this aspect. Conversely, the 0-shot application of Camoscio performed
the poorest. While designed to comprehend instructions, respond to queries, and provide
argumentation for its decisions in natural language, Camoscio often fails to strictly adhere
to the instructions provided in the prompt. This inconsistency leads to deviations in the
generated output and reduces accuracy when classifying examples. These results highlight
the significant challenges presented by the EVALITA tasks and emphasize the necessity of
instruction-tuning for enhancing the performance of Large Language Models (LLMs). Even
with computationally efficient models like LLaMA 7B, instruction-tuning using a sufficient
number of representative examples remains essential for achieving competitive results in com-
plex tasks. Of course, a more thorough evaluation is needed for deriving more significant
conclusions, but this simple application is a first result.

To explore the few-shot learning capabilities of LLMs, we experimented with a limited
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number of input-output pairs embedded in the prompt, without training. The HaSpeeDe 3
task, involving binary classification to detect hate speech, was selected for this evaluation.
Using the Camoscio model without additional instruction-tuning, we modified the prompt
to include two examples: one positive example and one negative example, randomly-selected
from the training set. The resulting prompt included the task description (see Table 3.2) to

which was added the following structure:

“This text does not contain hate: <NEGATIVE EXAMPLE>, and you should answer no.
This text contains hate: <POSITIVE EXAMPLE>, and you should answer yes.”.

The current example to be predicted was then appended to the prompt. This few-
shot version achieved an F1 measure of 0.4486, surpassing the fine-tuned version on 100
examples by more than 2%. This result demonstrates the few-shot learning capabilities
of LLMs as they exhibit a remarkable ability to capture dependencies and relationships
with just minimal examples. Moreover, we evaluated the use of prompts by the 2-shot
strategy over the model instruction-tuned on 100, 500, and 1000 examples, with results
of 0.60, 0.67, and 0.83, respectively: this thus shows that a good increase in performance
is observed at 100 examples (from 0.42 to 0.60) but then slightly poorer performances are
obtained. Applying the same strategy on the “ACTI” task, which involves detecting if a text
concerns a conspiracy theory, yielded different results: the 2-shot Camoscio model achieved
an improvement up to 0.4819 of F1, while all the other versions (instruction-tuned on 100, 500
and 1000 examples) exhibited a drop in performance. This discrepancy may arise from the
inherent complexity of recognising conspiracy elements in brief texts, which could demand
capabilities beyond those of the current models, even in a few-shot setup. To validate these
findings conclusively, further comprehensive experimentation is necessary. However, this is
the first application of such strategies on the EVALITA data and we believe that this paves

the way for diverse evaluations and prompting engineering tests of such models.

Error Analysis. To gain deeper insights into the inner workings of the models, an error
analysis is conducted on two tasks: one where the system performed exceptionally well and
another where it performed poorly.

We selected EmIt Task A, where ExtremITA ranked first in the official rankings, as the
high-performing task. This task involves multi-label classification, assigning one or more
of eight emotions defined by Plutchik [209], along with additional labels for “love” and
neutral texts. Table 3.6 presents the performance of the system broken down by individual
labels. Interestingly, the overall advantage of ExtremITA on the aggregated result is largely
influenced by a skewed label distribution. The Best Competitor struggles significantly with

“fear”, which is also the least represented label in the test set. Moreover, there is a clear
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Label ‘ ExtremITA ‘ Best Competitor ‘ A

‘ Support

‘ Prec. Rec. F1 ‘ Prec. Rec. Fi ‘ Prec. Rec. F1 ‘
Anger 0.759 0.393 0.518 | 0.500 0.464 0.481 | 0.259 -0.071 0.037 56
Anticipation | 0.675 0.612 0.642 | 0.690 0.471 0.559 | -0.015 0.141 0.083 85
Disgust 0.674 0.588 0.628 | 0.554 0.594 0.573 | 0.120 -0.006 0.055 165
Fear 0.636 0.538 0.583 | 1.000 0.077 0.143 | -0.364 0.461 0.440 13
Joy 0.648 0.590 0.618 | 0.684 0.520 0.591 | -0.036  0.070  0.027 100
Love 0.745 0.398 0.519 | 0.708 0.330 0.450 | 0.037 0.068 0.069 103
Neutral 0.657 0.757 0.704 | 0.705 0.614 0.656 | -0.048 0.143 0.047 210
Sadness 0.750 0.537 0.626 | 0.584 0.474 0.523 | 0.166 0.063 0.103 95
Surprise 0.632 0.422 0.506 | 0.344 0.539 0.420 | 0.288 -0.117 0.086 102
Trust 0.698 0.673 0.685 | 0.679 0.699 0.688 | 0.019 -0.026 -0.003 272

Table 3.6: Precision, Recall and Fl-measure of ExtremITA on the EmIt A task, where the
A column is the difference between ExtremITA and the best competitor of this shared task,
that achieved second position.

inverse correlation between the frequency of positive instances in the test set and the gain in
performance of ExtremITA over the Best Competitor. This suggests that ExtremITA excels
at classifying sparser phenomena. In addition to its strength in handling less common labels,
ExtremITA demonstrates superior performance across most emotions. The only exception
is “trust”, where the Best Competitor achieves better results. This analysis highlights the
nuanced advantages of ExtremITA, particularly its ability to model and correctly predict
underrepresented labels. These insights provide valuable directions for future refinements in

multi-label classification tasks, especially for addressing imbalances in label distributions.

Label 0 100 500 1000 All Sup.
Pr. R. F1 Pr. R. F1 Pr. R. F1 Pr. R. F1 Pr. R. F1
Anger 077 .018 .029 111 .018 .031 .488 .357 412 .500 .268 .349 .759 .393 .518 56
Antic. .000 .000 .000 .310 .106 .158 .542 .376 .444 .621 424 .503 .675 .612 .642 85
Disgust .480 .073 126 476 412 .442 .632 .333 .437 .586 .455 512 674 .588 .628 165
Fear .071 .077 .074 .500 077 .133 .000 .000 .000 .750 .231 .353 .636 .538 .583 13
Joy .068 .240 .106 675 .270 .386 571 .360 .442 .588 .470 522 .648 .590 .618 100
Love .190 .039 .065 571 .078 137 .882 .146 .250 .683 272 .389 745 .398 519 103
Neutral .000 .000 .000 .364 .495 419 .400 .824 .538 .513 .743 .607 .657 757 .704 210
Sadness .244 .305 271 1.000 .105 .190 742 .242 .365 .667 .358 .466 .750 537 .626 95
Surprise .081 157 .107 .000 .000 .000 1.000 .039 .075 .382 .333 .356 .632 .422 .506 102
Trust .339 .618 .438 .429 .735 .542 .556 570 .563 .648 .562 .602 .698 .673 .685 272

Table 3.7: Precision, Recall and Fl-measure of ExtremITA on the EMit A task. The last
column (Support) is the number of positive instances per label in the test set.

In Table 3.7, we present a learning curve analysis for the EMit A task with an increas-
ing number of examples in the training set. While the overall performance of ExtremITA
is competitive, the figures illustrate its strong reliance on fine-tuning. Notably, even with
1000 examples for instruction-tuning, the performance remains significantly lower than that
achieved with access to the full EMit training set, across all labels. This highlights the im-
portance of larger datasets for fine-tuning to capture the nuances of multi-label classification

effectively.
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Figure 3.5: Fl-measure of ExtremITA on the LanglLearn test set, with texts removed that
are longer than an increasing threshold (horizontal axis).

In contrast, ExtremITA performed poorly on the Langlearn task, a text-pair classification
problem. This task primarily relies on stylistic features rather than semantic information
to identify the development in language learning of the text author. Given this premise, we
anticipated subpar performance from the transformer-based model, which is better suited
to capturing semantic relations. A further challenge in this task is the length of the texts.
For computational reasons, we truncated texts to 100 tokens or fewer, which resulted in
retaining only 24.6% of the tokens from the two training sets combined. This significant
reduction in input data is likely a key factor in the lower performance. We hypothesised
that longer texts in the test set, which were truncated more heavily, are penalised due to the
loss of information. To investigate this, we plotted the accuracy of the different ExtremITA
models against portions of the test set filtered by text length. In Figure 3.5, the horizontal
axis represents a threshold on the minimum size (in characters) of the two texts forming an
instance. The downward trend for the “full” model confirms that the predictions are more
accurate on shorter pairs of texts, while errors increase as text length grows. The trend is
consistent, albeit noisier, across different training sizes, indicating that additional training
examples provide a greater performance gain on shorter texts compared to longer ones.
This marked trend was unexpected, since the Transformer architecture is well-known for its
long-range attention. More experiments in this direction are needed to derive significant

conclusions.

The ExtremITA approach demonstrates how instruction-tuned Large Language Models can

effectively address a wide range of linguistic tasks within a single, monolithic framework. By
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training on a diverse set of examples and relying on prompt-based methodologies, the model
achieves competitive performance across many tasks, ranking first in several while remain-
ing robust in others. However, the results also highlight limitations, particularly in tasks
requiring stylistic analysis or involving lengthy input texts. These challenges underline the
importance of adapting large models to specific task characteristics, balancing efficiency and
generalization. While ExtremITA focuses exclusively on textual input, the natural evolution
of these systems involves integrating multimodal capabilities. This is especially relevant for
tasks that require reasoning across diverse modalities, such as visual and textual data. The
next section explores how to incorporate Multimodal evidence into LLMs, introducing MM-
VQA-it, and evaluating the simple application on a Visual Question-Answering task, where

the model is requested to reason about both images and texts.

3.3 Incorporating Multimodal Evidence into LLMs:
MM-VQA-it

Visual Question-Answering (VQA) is a rapidly advancing and highly challenging task in
Artificial Intelligence (AI). It requires systems to generate accurate answers to questions
posed in natural language, relying on the visual content of an image. These questions
often depend on intricate details such as objects, relationships, actions, or other visual
attributes. Successfully addressing VQA tasks demands the integration of two complex
domains, vision and language, along with reasoning and inference capabilities to produce
contextually appropriate responses [14, 244, 116].

For this study, we focused on GQA-it [65], the first large-scale dataset specifically de-
signed for Visual Question-Answering in Italian. Adapted from the original GQA dataset
[121], which was created to evaluate real-world visual reasoning in English, GQA-it offers
a wealth of visual and linguistic data tailored for Italian. The original GQA dataset com-
prises over 22 million question-answer pairs associated with images sourced from the Visual
Genome dataset, where each image is enriched with detailed scene graphs that capture ob-
jects, attributes, and relationships present in the scene. Figure 3.6 illustrates an example
image, showcasing the diversity of questions that can be posed, each with corresponding

answers in both English and Italian:
e Q..: Is the remote to the right or to the left of the book? A., : Right
e Qi Il telecomando € a destra o a sinistra del libro? Ay . Destra
o Q..: How thick is the book to the left of the remote? A., : Thick
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Figure 3.6: Example of an image from the GQA-it dataset, taken from [65] (image id:
n90294)

o Qi Quanto é spesso il libro a sinistra del telecomando? A, : Spesso

o Qcn: What device is to the left of the calculator made of plastic? A, : Charger

o Qi Quale dispositivo si trova a sinistra della calcolatrice di plastica? A, : Carica-

batterie

e Q..: What’s the charger made of? A., : Plastic

o Qi: Di cosa é fatto il caricabatterie? Ay : Plastica

o Q... Are there any phones? A,, : No
o Qi Cisono dei telefoni? Ay @ No

These examples demonstrate the complexity and variability of the task. Some questions,
such as identifying the colour of an object or its position, can be answered directly through
image observation. Others may require prior knowledge, such as understanding the typical
materials of a charger. Additionally, ambiguities arise when questions lack clear focus, involve
objects not present in the image, or demand follow-up clarifications, often leading to the
necessity of dialogical interaction [117, 118, 37|, topics further elaborated in the next Chapter.
This diversity of challenges underscores the importance of robust multimodal architectures
capable of integrating visual and textual data. In the following Section, we will present the
method of MM-VQA-it [233] for adapting a multimodal model to this complex downstream

task, enabling it to generate accurate and context-aware answers to image-based questions.
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3.3.1 A Multimodal Approach to Visual Question Answering

Visual Question-Answering (VQA) has emerged as a critical benchmark for evaluating the
ability of AI systems to perform tasks requiring deep semantic understanding and cross-
modal reasoning between language and vision. Over recent years, substantial advancements
in models and resources, particularly for the English language, have driven progress in this
domain [121, 284]. These developments have enabled systems to tackle increasingly sophis-
ticated reasoning tasks. Surveys such as [159] offer a comprehensive overview of the diverse
methodologies employed in VQA, with a particular emphasis on integrating vision and lan-
guage, a pivotal area in modern Al research.

Multimodal Large Language Models (MLLMs) have emerged as particularly promising
solutions in this space [285]. Unlike traditional language models, these models process inputs
from multiple modalities, such as text and images, by incorporating embeddings from both
visual and textual data. Visual inputs are typically encoded using specialized encoders, such
as Convolutional Neural Networks (CNNs) or Vision Transformers (ViT, [75]). By merging
these embeddings, MLLMs enable reasoning over combined linguistic and visual contexts.

State-of-the-art MLLMs like LLaVA [160], CogVLM [274], InternVL2-8B [49], MiniCPM-
V [284], GPT-4 [199], and Gemini [17] extend foundational language models such as LLaMA
261, 262] or the GPT series [199] by incorporating visual encoders. These models utilize
techniques like cross-modal attention [253] and visual grounding to align visual information
within the input space of LLMs, allowing for accurate, context-aware responses in multimodal
tasks [106]. A notable exception is GPT-40 [200], designed as an omni-modal system capable
of processing and generating outputs across all modalities. While promising, this model
remains inaccessible at the time of writing due to resource and availability constraints.

These multimodal systems often reuse pre-trained LLMs, which have been fine-tuned
within a multimodal architecture [160]. However, their effectiveness is tied closely to the
original language model, including its inherent limitations. For example, models like LLaMA-
2 [262], pre-trained on trillions of words, exhibit a significant language imbalance: over 90%
of the text is in English, with less than 0.1% in Italian. As detailed in Appendix A, such
imbalances risk reducing performance in multilingual contexts. Additionally, fine-tuning
for visual reasoning is overwhelmingly conducted on English datasets or, in some cases,
bilingual English-Chinese datasets, as seen with CogVLM [274, 105]. The scarcity of large-
scale multimodal datasets in non-English languages, such as Italian, further hinders the

robustness, generalizability, and performance of VQA models in multilingual settings.
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3.3.2 Experimental Setup and Evaluation

This section addresses two key research questions: how well state-of-the-art multimodal
models perform on VQA tasks in non-English contexts, and whether fine-tuning on Italian-
specific data enhances their performance. To investigate this, we applied MiniCPM-V 2.6 to
the GQA-it dataset, evaluating its off-the-shelf performance and its results after fine-tuning.
The primary objective was to measure the impact of fine-tuning on the target language and
analyze common error types in both setups. The evaluation was conducted on the 3,000
manually validated (gold) examples from the GQA-it test set [65]. This high-quality subset
ensures reliable results and allows direct comparisons with LXMERT [253], a BERT-based
model that serves as a strong baseline in this domain.

Each question in GQA-it is presented in natural language, with the expected answer being
a concise expression, typically one to four tokens long. Model performance was assessed using
accuracy, calculated as the percentage of questions for which the generated response exactly
matched the expected answer. This straightforward metric provides a clear measurement
of the effectiveness of the model in generating correct responses. Two distinct experimental

setups were designed to evaluate the MiniCPM-V model:

1. Zero-Shot Setting: In the first setup, the model was applied in a zero-shot setting,
meaning no additional training or fine-tuning was performed on the target dataset.
MiniCPM-V 2.6, sourced from Huggingface'?, was used as-is. While the model was
primarily trained on data dominated by English, it is expected to exhibit some un-
derstanding of other languages, including Italian. This setup evaluates the ability to
generalize to a new language and domain without any task-specific adjustments. The

following prompt!® was used:

<IMAGE>
Rispondi alla sequente domanda con una sola parola o poche parole ma solo

se mecessario, non aggiungere ulteriori informazioni:
<QUESTION>

where <IMAGE> is a fictitious token and at run time it will be replaced with the em-
bedding of the image and <QUESTION> is a placeholder for the input question. This
formulation was designed to be clear and direct, ensuring that the model understood
it needed to provide a concise, single-word (or few words) response without adding any

extra information.

2https://huggingface.co/openbmb/MiniCPM-V-2_6
13In English: Answer the following question with one word or a few words, but only if necessary. Do not
add further information.
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2. Fine-Tuned Setting: In the second setup, MiniCPM-V was fine-tuned on the GQA-
it training set to assess the extent to which task-specific data in Italian improves
its performance. Fine-tuning involved adapting the model to the unique linguistic
and domain-specific features of the dataset, enabling a more tailored evaluation of
its capabilities. The training was conducted using the DeepSpeed framework!* on a
cluster of four A100 GPUs, each equipped with 80GB of memory. TStandard fine-
tuning parameters'® were used, with a learning rate of 1-107% and the model was
trained for a single epoch given the large number of examples in the dataset. Both
the vision encoder and the language model components of MiniCPM were fine-tuned.
To manage memory usage efficiently, the batch size per device during training was set
to 4. The fine-tuning process utilized a streamlined prompt format, where only the

original question and the image itself were presented to the model:

<IMAGE>
<QUESTION>

This minimalistic prompt design was intentionally chosen to allow the model to fo-
cus exclusively on the content of the question and the corresponding visual context.
Additional instructions were considered unnecessary for the task, as the repetitive use
of the same prompt structure during both training and application naturally guided
the learning. By simplifying the prompt, the fine-tuning process emphasized direct
question-answering in Italian, enabling the model to adapt to the task without extra-
neous distractions. However, this approach also introduced a drawback: the model
lost its instruction-following capabilities, which are typically integral to many general-
purpose language models. After fine-tuning, MiniCPM-V became task-specific, de-
signed solely to respond to image-related questions with concise answers, limiting its

versatility in broader multimodal applications.

Results and Discussion. The results of the experiments are presented in Table 3.8. The
first row reports the baseline model from [65], which employs a naive approach of predicting
the most frequent response in the dataset (“yes” or “si”). This method achieves an accuracy
of 17.6%, providing a minimal benchmark for comparison.

A more sophisticated baseline, LXMERT-it, was introduced in [65] and specifically
trained on the GQA-it dataset. This model achieves an accuracy of 51.0%, representing

the current state-of-the-art on this benchmark prior to the current work. In comparison,

Yhttps://github. com/microsoft/DeepSpeed
https://github.com/0penBMB/MiniCPM-V/blob/main/finetune/finetune_ds.sh
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Model ‘ Accuracy
Baseline [65] 17.6%
LXMERT-it [65] 51.0%

MiniCPM-V 2.6 (Zero-shot) 33.4%
MiniCPM-V 2.6 (Fine-tuned) 59.4%

Table 3.8: Performance comparison of various models on GQA-it.

when MiniCPM-V 2.6 is applied in a zero-shot setting, it achieves an accuracy of 33.4%,
which surpasses the naive baseline but still falls short of the performance of LXMERT-it.
A significant portion of errors in this zero-shot scenario stems from the model generating
responses in languages other than Italian, as well as its struggles with yes/no questions. This
behaviour likely reflects the predominance of English and Chinese data in the pre-training
and evaluation of these models, leading to weaker generalization for Italian.

Fine-tuning MiniCPM-V 2.6 on the GQA-it dataset produces a substantial improvement,
achieving an accuracy of 59.4%. This surpasses both the LXMERT-it model and the zero-
shot MiniCPM-V performance. These results highlight the importance of fine-tuning on
target language datasets, enabling the model to adapt to the specific linguistic nuances and
complexities of Italian. Moreover, fine-tuning helps the model address the unique visual rea-
soning challenges posed by the dataset, resulting in more accurate and contextually relevant
responses.

It is also important to consider the architectural differences between the models. LXMERT-
it, despite being specifically designed for this dataset, has at least one order of magnitude
fewer parameters compared to MiniCPM-V 2.6. However, MiniCPM-V benefits from the
extensive pre-training of its Qwen2-based LLM component [283], which was trained on sig-
nificantly larger and more diverse datasets. This broader training base enables it to better
handle the complexities of multimodal reasoning and cross-lingual understanding, particu-
larly when fine-tuned. Fine-tuning both the language and vision components of MiniCPM-V
contributed significantly to its performance. Future work could explore selective fine-tuning
strategies or parameter-efficient techniques like LoRA [119] to further optimize the process.
These methods may provide insights into balancing computational efficiency with fine-tuning
efficacy. Notably, this study represents the first instance where a multimodal model of this
scale has been fully fine-tuned for the GQA-it task, marking a significant step forward in

adapting multimodal architectures for language-specific applications.

Error Analysis. The error analysis aimed to identify the most common types of misclas-
sifications made by the system. The percentages are summarized in Table 3.9 and include

a comparison with the analysis from [65], which examined errors on a random 10% sample
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Error Type ‘ Example(s) ‘ Our ‘ [65]
Object tavola (‘table’) vs sedia (‘chair’) 39% | 30%
Syn or hyp persona (‘person’) vs donna (‘woman’) 16% | 17%
Attributes blu (‘blue’) vs nero (‘black’); chiuso (‘closed’) vs aperto (‘open’) | 17% | 14%
Morph. feat. | bella (‘beautiful’) vs bello (‘beautiful’); per- 5% | 3%
sona (‘person’) vs persone (‘people’)
Actions sta dormendo (‘sleeping’) vs sta sdraiato (‘is lying down’) 3% | 3%
Spatial feat. | destra (‘right’) vs sinistra (‘left’) 2% | 2%
Binary st (‘yes’) vs mo (‘no’) 18% | 31%

Table 3.9: Distribution of errors of MiniCPM-V 2.6 (Our fine-tuned) and LXMERT-it on
GQA-it gold test set into the predefined classes from [65].

of the validated test set. In contrast, the current analysis was manually conducted on the
entire test set, providing a more comprehensive overview of performance. While the results
are not directly comparable due to differences in sampling, the error types and their distri-
bution offer valuable insights into the differing behaviours of the LXMERT-it model and the
fine-tuned version of MiniCPM-V. These insights serve as a foundation for guiding future
improvements to both models.

The most striking difference lies in binary-type questions, particularly those involving
yes/no answers. These seemingly straightforward questions often depend on subtle contex-
tual cues, making them challenging for models to handle. For example, as shown in Figure
3.7, when asked, “C’¢ del vino in questa foto?”®, the model incorrectly responds with “si”
(“yes”), despite the image showing only empty wine glasses, not actual wine. MiniCPM-V
reduces errors in this category to 18%, compared to 31% for LXMERT-it, likely due to bet-
ter collaboration between its vision and language components, which aids in more nuanced
reasoning.

Object-related errors are another prominent category, accounting for 39% of the errors,
compared to 30% for LXMERT-it. These errors often involve confusion between visually
or semantically similar objects. For instance, in Figure 3.8, the model misinterprets the
question “Quale tipo di mobile ¢ nero?”17, predicting “tavola” (“table”) instead of “sedia”
(“chair”). This suggests that improvements in object recognition and feature differentiation
are necessary to reduce such errors.

Attribute-related errors, constituting 17% of the misclassifications, highlight the chal-
lenges in fine-grained feature extraction. Common mistakes include confusing similar at-

tributes, such as “blue” and “black,” indicating limitations in precise color or texture recog-

16Tn English: “Is there any wine in this picture?”
1"In English: “What type of furniture is black?”
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Figure 3.7: Example from the GQA-it gold test set (image id n28572) where the
fine-tuned MiniCPM-V 2.6 model predicts “si” instead of “no” for the question “C"¢ del
vino in questa foto?”.

Figure 3.8: Examples from the GQA-it gold test set (image id n283587) where fine-tuned
MiniCPM-V 2.6 model predict “tavola” instead of “sedia” when answering the question
“Quale tipo di mobile é nero?”.

nition. Semantic errors involving synonyms (syn) or hypernyms (hyp) represent 16% of the
errors. Examples include confusing “donna” and “ragazza” (“woman” vs. “girl”) or “uomo”
and “persona” (“man” vs. “person”), reflecting the difficulty with linguistic nuances and hi-

erarchical semantic relations. This limitation suggests a need for better linguistic grounding
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to distinguish related but distinct concepts.

Ambiguity in spatial relationships also contributes to errors. For instance, in Figure 3.9,
the model answers “scrivania” (“desk”) instead of the annotated “tappeto” (“carpet”) for
the question “Cosa c’¢ davanti alla felpa?”'®. This discrepancy may stem from differing
interpretations of “in front”, when the annotator’s perspective versus the spatial reasoning
of the model. The ability to ask clarifying questions, such as “ What do you mean by ‘in

front’?”, could help resolve such ambiguities.

Figure 3.9: Examples of ambiguity from the GQA-it gold test set (image id n398257)
where fine-tuned MiniCPM-V 2.6 model answered “scrivania” instead of “tappeto” to the
question “Cosa c’é davanti alla felpa?”

Similarly, attentional focus differences can result in errors. As shown in Figure 3.10, the
model answers “scrivania” (“desk”) instead of the annotator’s “tappetino” (“mouse pad”)
for the question “Su cosa ¢ sdraiato il gatto?”'®. These errors highlight divergent focal
points: the annotator focuses on the specific mat under the cat’s head, whereas the model
considers the larger desk. This suggests the need for enhanced attentional mechanisms to
align the focus of the model with human annotators’ expectations. These findings provide
valuable directions for improving multimodal models. Enhancing object recognition, refining
linguistic grounding, and addressing ambiguities in spatial reasoning and attentional focus

could significantly improve model performance in VQA tasks.

18Tn English: “ What is in front of the sweatshirt?”
9In English: “ What is the cat lying on?”
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Figure 3.10: Examples of attention ambiguity from the GQA-it gold test set (image id
n433692) where fine-tuned MiniCPM-V 2.6 model responded “tappetino” instead of
“scrivania” to the question “Su cosa € sdraiato il gatto?”

The exploration of multimodal approaches to Visual Question Answering through MiniCPM-
V on the GQA-it dataset has highlighted the transformative potential of integrating visual
and linguistic reasoning within Al systems. While fine-tuning significantly enhanced the per-
formance of the model, especially in adapting to [talian-specific datasets, it also underscored
critical limitations, such as difficulties in resolving spatial ambiguities and object-related
misclassifications. These challenges reflect broader issues in aligning vision and language
processing, particularly in multilingual contexts where pre-training biases may persist. De-
spite these limitations, the ability of multimodal systems to bridge the gap between visual
understanding and textual reasoning is a step forward in developing Al capable of com-
plex, context-aware interactions. This progress connects directly to the broader challenge of
interpreting and interacting in natural language, particularly in Human-Robot Interaction
(HRI). In the next chapter, we will go deeper into how advancements in Natural Language
Understanding (NLU) are essential for enabling robots to comprehend, interpret and re-
spond effectively to natural language inputs. Moreover, a specific focus on collaborative

environments will addressing issues of ambiguity and intent interpretation, as observed in
multimodal tasks like VQA.
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Chapter 4

Natural Language Understanding in HRI

In the field of Human-Robot Interaction (HRI), one of the most significant challenges is
enabling robots to understand and respond to natural language effectively. For humans,
comprehending a sentence involves interpreting its meaning within the context of experiences
shaped by social and cognitive processes. For robots, however, language understanding is a
far more intricate, multi-layered task that extends beyond parsing words or executing pre-
defined commands [18]. While the previous chapter focused on systems addressing isolated
linguistic or visual tasks, this chapter shifts the focus to architectures that interpret language
comprehensively, decipher its implications, and decide how to act accordingly.

To achieve genuine understanding, robots must go beyond syntactic analysis [112, 114,
115] and grasp the intent behind utterances. This intent is shaped by the environment, the
speaker’s goals, and the task at hand [164]. Such understanding becomes particularly chal-
lenging in dynamic, collaborative settings where instructions may be ambiguous or heavily
reliant on shared context. For instance, an instruction like, “ Could you hand me that?” re-
quires the robot to infer what “that” refers to, considering the objects present, the surround-
ings, and the current activity. Thus, natural language understanding in robots necessitates
grounding language in the physical world [269, 242, 287]. Typically, this grounding involves
processing images captured through the cameras [102, 222, 156], which provide vital con-
text about the environment, complementing spoken or written instructions. Integrating these
modalities, visual perception and language, is a hallmark of Multimodal Systems [35, 12, 25].

Effective human-robot communication depends on several critical factors. First, there
must be a shared framework for interpreting language, where words and phrases are mapped
to real-world entities and actions, commonly referred to as Grounded Language Understand-
ing [189]. Second, robots must align their goals with those of their human collaborators,
fostering seamless cooperation [264, 272]. Third, feedback mechanisms, such as clarification

and correction, are essential for maintaining robust communication [245, 164]. These mech-
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anisms enable both humans and robots to refine their mutual understanding continuously.
For example, if a robot cannot resolve the referent of “that”, it might ask, “ What do you
mean by ‘that’?”. Alternatively, when presented with multiple potential referents, the robot
might hypothesize and seek confirmation: “Do you mean the book?”. Such adaptive feedback
loops are crucial for navigating the inherent ambiguity of human language.

This chapter will go deeper into two critical aspects of natural language understanding in
HRI. The first section, Interpreting Natural Language, explores how robots connect linguis-
tic input to their perception and understanding of the physical world, emphasizing grounded
language understanding. The second section, Interacting in a Collaborative Environment,
examines how robots use this understanding to cooperate with humans effectively. This sec-
tion highlights how robots can actively participate in conversations, pose relevant questions,

and make informed decisions to support collaborative tasks.

4.1 Interpreting Natural Language

Interpreting a sentence involves far more than identifying keywords: it requires an under-
standing of the relationships between words, their syntactic roles, and their contribution to
the overall meaning of the sentence [60, 171, 84, 290, 265, 34, 271]. For robots, this entails
transforming a sequence of words into actionable or perceptible meanings, firmly grounded
in their operational environment.

How can a robot truly interpret a sentence? In Natural Language Processing (NLP),
sentence interpretation involves mapping linguistic input (phrases, sentences, or entire di-
alogues) onto a structured representation that a machine can use to take actions or make
decisions. This process requires robots to understand not only the literal meaning of an
utterance but also its contextual implications, discerning what each word or phrase means
in relation to the task, environment, and interaction at hand. This interpretation typically

unfolds across several layers:

« Syntactic Analysis: Identifying the sentence structure (e.g., subjects, verbs, objects)

to extract relevant information and understand how words relate to one another.

e Semantic Analysis: Deriving meaning from the syntactic structure, such as deter-

mining the primary action and the entities involved.

e Pragmatic Understanding: Interpreting the intent behind the utterance, under-
standing the domain of discussion, and situating the utterance within the goals of the

interaction.
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At its core, language interpretation involves mapping linguistic expressions onto exe-
cutable actions and real-world entities, informed by the prior knowledge and shared context
of the robot. A robust framework for interpreting natural language must satisfy several
criteria: it should comprehensively capture linguistic nuances and intentions, operate inde-
pendently of specific domains or languages, and be adaptable for use by any robotic entity to
facilitate human-robot interactions. In addition to computational approaches, psycholinguis-
tics [263, 87, 246] offers valuable insights by combining methods and theories from psychology
and linguistics to evaluate the psychological underpinnings of linguistic rules and processes.
Psycholinguistics also bridges the gap between word and sentence processing and the deeper
processes of constructing and interpreting messages. Resources such as FrameNet, based
on Frame Semantics theory, along with VerbNet and PropBank, play a crucial role in this
domain. These frameworks provide structured representations of meaning that help robots
interpret language more effectively, linking linguistic input to actionable understanding.

FrameNet[23] is a comprehensive lexical database that organises semantic frames [83],
which are conceptual structures describing specific types of events or situations. It structures
predicates into frames, where arguments are mapped to frame elements. Each frame consists
of a verb (or related action) and the associated roles required to complete its meaning. For
instance, the KILLING frame, evoked by words like assassinate, behead, or kill, is notable for
its extensive set of evoking words, making it among the most polysemous.

FrameNet serves as a crucial resource for systems aiming to generalise language under-
standing across various contexts. Each frame defines its frame elements, specifying the roles
of participants or attributes within the event or situation. For example, the BRINGING and

TAKING frames include elements such as:

AGENT: The entity performing the action.

THEME: The object being moved.

SOURCE: The starting location.

GoAL: The destination.

The difference between these frames depends on the context of the utterance. Consider
the sentence: “Take the book on the table”:

o If the book is already on the table, the frame is TAKING, and the THEME is “the book
on the table”. Here, the required action is to simply pick up the book.

112



CHAPTER 4. NATURAL LANGUAGE UNDERSTANDING IN HRI

o If the book is elsewhere, the frame is BRINGING, the THEME is “the book”, and the
GOAL is “on the table”. In this case, the instruction implies moving the book to the
table.

This example illustrates the importance of integrating contextual knowledge to resolve
ambiguities and correctly interpret frame structures.

VerbNet[235] is the largest online verb lexicon for English, offering a hierarchical,
domain-independent classification of verbs based on shared syntactic and semantic prop-
erties. Building on Levin’s original verb classification, VerbNet refines this framework by
organising verbs into classes characterised by thematic roles, selectional restrictions, and
syntactic frames linked to semantic predicates. A notable feature of VerbNet is its mappings
to other lexical resources, such as WordNet, PropBank, and FrameNet, enhancing its appli-
cability across NLP tasks. For instance, the verb take is associated with the steal-10.5
class, which includes verbs where an agent removes a theme from a source. Thematic roles

for this class include:
o AGENT: the doer of the action
o THEME: the object being taken
e SOURCE: the origin of the object
In the sentence “Take the book from the table”, VerbNet would parse the roles as:
o AGENT: (implicit, e.g., “you”)
o THEME: “the book”

e SOURCE: “the table”

This classification supports a wide range of NLP tasks, including semantic role labelling,
machine translation, and information extraction, by providing a clear understanding of verb
behaviour.

PropBank|[204] is another widely used resource, offering verb annotations that link
predicates to their arguments using a simplified role set. While less conceptually detailed
than FrameNet, PropBank excels in providing fast and straightforward mappings between
verbs and their arguments, making it a valuable tool for training systems requiring efficiency
and scalability. PropBank annotations are often integrated with syntactic parsers to identify
the core arguments of verbs within sentences. It defines core roles (e.g., ARGO for Agent,
ARGl for Patient) specific to each verb sense. For example, the verb take might have the

following role definitions:
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o If the book is already on the table: Verb sense is take.01 (to physically pick up an
object), ARGO (Agent) is the person performing the action (e.g., “you” in an implicit
context) and ARG1 (Patient) equals to “the book on the table”.

o If the book is far away: Verb sense is take.01 (the same sense), ARGO (Agent), the
person performing the action (e.g., “you”), ARG1 (Patient) is “the book” and ARG2
(Goal) equals to “on the table”.

In FrameNet, examples are framed in terms of abstract conceptual models like TAKING or
BRINGING, with richly annotated frame elements such as THEME and GOAL, which adapt to
the context of the utterance. In contrast, PropBank approaches examples with a narrower,
verb-specific focus (e.g., take.01), using numbered arguments like ARGO (Agent), ARG1
(Patient), and ARG2 (Goal). These roles are consistent across different verbs but lack the
expressiveness to capture nuanced conceptual distinctions. Both FrameNet and PropBank
have been instrumental in advancing natural language understanding by providing standards
that enable models to assign roles across various contexts. VerbNet bridges the gap between
these resources by combining the broad coverage of verbs with thematic roles and syntactic
patterns. It offers a hierarchical, unified framework that links directly to both FrameNet and
PropBank. While FrameNet excels in conceptual depth and flexibility, PropBank prioritises
simplicity and efficiency, and VerbNet provides a balanced integration of syntax and seman-
tics. Together, these resources form a complementary trio, each with unique strengths that
support semantic analysis. For this thesis, FrameNet has been chosen as the foundation for
the next work discussed, due to its rich conceptual structures and detailed semantic frames,
which offer the depth and flexibility required to interpret language in diverse and complex
contexts. One of the key methods for interpreting language, leveraging such psycholinguistic

theories, is Semantic Role Labeling.

4.1.1 Semantic Role Labeling

Semantic Role Labeling (SRL) is a fundamental task in Natural Language Processing (NLP)
that focuses on identifying the roles that words play in a sentence, particularly in relation
to a main action or verb [82]. SRL is instrumental in interpreting utterances by providing
a structured, unambiguous representation of their meaning. Its goal is to answer questions
such as “Who did what to whom?” by labelling each word or phrase with its corresponding
semantic role. This process typically involves identifying predicates (often verbs) that denote
actions or events and their associated arguments, which define roles such as the agent,
patient, or instrument. SRL acts as a bridge between syntactic structures and their semantic

meanings, offering machines a deeper understanding of natural language.
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For instance, consider the sentence: “Bring me the book on the table”.

e Who? — Implicitly you (the AGENT of the action)
o What? — the book (the THEME being acted upon)

o To whom? — me, the speaker (the RECIPIENT of the action)

SRL has undergone significant evolution, transitioning from traditional rule-based sys-
tems to modern machine learning and deep learning approaches. Early methods relied on
rule-based techniques and annotated corpora to manually define predicate-argument struc-
tures. Machine learning models, such as Conditional Random Fields [143, 57] and Structured
Support Vector Machines [62, 213], later automated this process, leveraging statistical pat-
terns to improve performance. In recent years, transformer-based models, such as BERT
[70] and GPT [216], have revolutionised SRL by capturing long-range dependencies and con-
textual nuances with remarkable accuracy. These models excel at understanding complex
sentence structures and disambiguating semantic roles. Despite these advancements, SRL

still faces several challenges:

« Ambiguity: Resolving syntactic and semantic ambiguities, such as prepositional
phrase attachment, remains a major hurdle. For example, the phrase “on the ta-
ble” in the original sentence “Take the book on the table” can either modify the noun

“book” (indicating its location) or the verb “take” (specifying the goal of the action).

e« Domain Adaptation: SRL models often struggle to generalize across domains with-
out extensive retraining. Usually, when changing the operational domain, a change of

the specific knowledge is needed.

« Resource Scarcity: Developing SRL systems for under-resourced languages is hin-
dered by the lack of annotated datasets, as resources like FrameNet, VerbNet or Prop-

Bank are primarily available for English.

The primary objective of Semantic Role Labeling (SRL) is to enable machines to interpret
sentences in a manner that aligns with human understanding. By identifying semantic roles,
robots can determine who is performing an action, what the action entails, and how various
entities are interconnected within a task or environment. This capability is crucial for robots
to follow instructions, perform tasks accurately, and engage in collaborative activities with
humans. In Human-Robot Interaction (HRI), SRL empowers robots to process language

beyond surface-level commands. For example, when a robot receives the instruction, “Take
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the book on the table”, SRL allows it to identify that “book” is the object to be grasped (the
THEME) and “table” is the source location (the SOURCE) from which the book should be
taken. This level of understanding is essential for the robot to execute the task correctly
and efficiently. By establishing these roles, SRL enables a deeper comprehension of linguistic
constructs, supporting advanced NLP tasks such as text summarisation, question answering,
and machine translation. Resources like FrameNet, VerbNet, and PropBank, as discussed
earlier, provide theoretical and practical frameworks for implementing SRL. Most SRL sys-
tems rely on one or more of these resources, leveraging their underlying psycholinguistic
theories and associated dependencies to interpret language meaningfully.

For SRL to be effective in real-world applications, robots must integrate semantic un-
derstanding with their perception of the environment. While linguistic resources offer stan-
dardised frameworks for recognising common actions and their associated roles, they must
be applied dynamically to the sensory inputs of the robots, such as visual or spatial data,
to truly ground language understanding in context. This combination of linguistic knowl-
edge and environmental awareness is critical for enabling robots to respond naturally to
human commands. Whether following a direct instruction or resolving ambiguities in an ut-
terance, robots need to link language processing with real-world perceptions. For instance,
understanding the phrase “ Take the book on the table” requires not only identifying semantic
roles but also perceiving and locating the book and table within the physical environment.
Grounding SRL in sensory and contextual data bridges the gap between abstract linguistic
frameworks and practical task execution. This integration allows robots to interpret and act
upon language in a natural, human-like manner, making them more capable collaborators

in diverse scenarios.

4.1.2 The SRL Cascade

A widely adopted approach for addressing the Semantic Role Labeling (SRL) task is to
decompose it into a sequence of classification tasks, organised in a processing cascade. This
methodology mirrors the layered structure of SRL, with each step building upon the outputs
of previous ones. However, a known limitation is that errors in earlier stages can propagate
downstream. To mitigate this, each stage incorporates the outputs of prior steps as additional

context, effectively narrowing the decision space for subsequent tasks:

o Frame Detection: The first step is to identify the frames evoked by predicates in the
input sentence. Each word or phrase is classified as either triggering a specific frame
(e.g., BRINGING, TAKING) or being irrelevant for frame detection. This step relies on

linguistic features such as word embeddings, lexical units, and syntactic information.
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Additional features, such as the capabilities of the robot or domain-specific frames,

may also be included to enhance accuracy.

o Argument Identification: After detecting the frames, the next step is to identify
the arguments associated with each frame. This involves determining the boundaries
of argument spans (e.g., “the book” or “on the table”). Typically, sequential tagging
schemes like IOB2 are used, where tokens are labelled as the Beginning (B), Inside (I),
or Outside (O) of an argument span. This stage plays a crucial role in establishing

which parts of the sentence correspond to frame elements.

e Argument Classification: In the final step, identified argument spans are classified
into semantic roles (e.g., THEME, GOAL, SOURCE). Features such as the syntactic head
of the argument, domain-specific properties (e.g., whether an object is containable),
and distributional semantics are used to generalise over lexical variations and ensure

precise classification.

Traditionally, each of these tasks is modelled using supervised learning techniques, such as
Conditional Random Fields (CRFs) or structured Support Vector Machines (SVMs) [252, 71,
63]. Recently, end-to-end neural models have shown promise in performing SRL holistically.
However, the cascade framework remains advantageous for its modularity and the ability to

integrate diverse sources of knowledge.

SRL with the LU4R Framework. One prominent implementation of the cascade ap-
proach is the LU4R framework [266], which extends traditional SRL by incorporating a
linguistic grounding into the interpretation process. Grounded SRL connects linguistic rep-
resentations to physical entities in the environment of the robot, enabling the interpretation
of commands in a situated context. LU4R achieves this through the use of a Semantic Map,
a structured representation of the environment that links the names of the entities and their
attributes to lexical, but still linguistic, symbols in the command. For example, in LU4R, the
grounding process resolves the prepositional phrase “on the table” in the instruction “ Take
the book on the table” by leveraging spatial relationships encoded in the Semantic Map. If
the map indicates that the book is located on the table, the system interprets the frame as
TAKING. Conversely, if the book is elsewhere, the frame is interpreted as BRINGING. This
integration of contextual knowledge reduces syntactic and semantic ambiguities, ensuring
that the correct frame is assigned based on the understanding of the physical world. While
LUA4R effectively integrates linguistic and spatial knowledge, it still operates predominantly
at the linguistic level. The resulting frames and frame elements remain anchored to linguistic
expressions, without directly linking the words to corresponding physical objects in the envi-

ronment [290, 156, 102]. For instance, the word “book” does not directly connect to a unique,
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identifiable entity in the Semantic Map. To address this limitation, an enhanced grounding
process could introduce unique identifiers for physical entities, as provided by the Semantic
Map. In such a system, instead of interpreting the THEME as “the book”, the system could
identify it as m1, where m1 is the identifier for the specific book. This approach would force
the interpretation cascade to link linguistic expressions to real-world objects, bridging the
gap between abstract language processing and physical task execution.

The cascade structure for Semantic Role Labeling (SRL) involves training specialised
models for each subtask, allowing for precise optimisation tailored to the unique require-
ments of tasks such as frame recognition or role assignment [88, 190]. This approach reflects
the layered nature of SRL, where each subtask addresses a distinct linguistic challenge. For
example, Frame Detection focuses on recognising semantic frames evoked by predicates,
leveraging lexical and syntactic features. In contrast, Argument Classification depends on
contextual and domain-specific features to assign roles appropriately. The specialisation in-
herent in this structure ensures that the nuances of each subtask are adequately captured.
A critical implication of this architecture is its sequential dependency: the output of one
classifier serves as additional input for the next, enriching the decision space of downstream
models [190, 266]. For instance: The Frame Detection model identifies the frame (e.g.,
BRINGING, TAKING) and provides expectations about the argument structure to the Ar-
gument Identification model. The Argument Classification model relies on the boundaries
identified by the previous stage to assign semantic roles only to the selected spans. This
cascading flow enables intermediate knowledge to be incorporated at each step, refining the
accuracy and contextual appropriateness of the final output. However, it also introduces
the potential for error propagation: mistakes in upstream models can compound errors in
later stages. For instance, a Frame Detection error, such as predicting KILLING instead
of BRINGING, may result in incorrect argument spans and misclassified roles downstream
[44, 260]. Consequently, each stage must produce robust and reliable outputs to minimise
the impact on the overall system performance.

At inference time, the cascade operates as a unified pipeline, where the outputs of one
model are fed into the next. While this design ensures modularity and interpretability, it
also creates a strong interdependence between stages. Each classifier must excel both in
isolation and in complementing downstream tasks. The integration of intermediate predic-
tions as contextual inputs introduces additional complexity, as the system must balance local
optimisation for individual classifiers with the global objective of accurate SRL [260, 214, 95].

The cascade framework, while modular, poses significant design and implementation

challenges:

» Specialised Models and Annotated Data: Each subtask requires a dedicated
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classifier trained on task-specific annotations, as Frame Detection needs annotations for
predicates and their frames, Argument Identification requires span-level annotations for
all arguments in a sentence, and Argument Classification demands role-specific labels
for the identified arguments. All annotations must be aligned across tasks to ensure
consistency. The resource-intensive nature of this annotation process [213, 130] requires
significant expertise to maintain accuracy and coherence across these interdependent

layers.

o Error Propagation: The reliance on intermediate predictions increases the risk of
cumulative errors. A robust design is essential to mitigate cascading inaccuracies,

ensuring that errors in one stage do not disproportionately affect subsequent stages.

o Feature Engineering: Traditional systems, such as LU4R [266], often rely on Sup-
port Vector Machines (SVMs), which demand extensive feature engineering. Features
such as lexical patterns [266, 190], dependency relations [190, 214, 95], and semantic
attributes [88, 213] must be manually crafted, requiring domain expertise and iterative
refinement. This process is time-consuming [101, 73] and error-prone [97], with limited

generalisability to unseen data or new domains [94].

o Integration with Grounded Features: In grounded SRL systems like LU4R, the
cascade must integrate linguistic features with perceptual knowledge from a Semantic
Map. These grounded features help resolve ambiguities, such as prepositional phrase
attachment, by incorporating spatial and environmental information. However, this

coupling adds layers of complexity to feature design and integration.

Despite its challenges, the cascade structure offers distinct advantages. Fach stage can be
independently optimised and evaluated, allowing researchers to isolate bottlenecks and target
specific areas for improvement [190, 260, 214]. For example, errors in Frame Detection can be
addressed without conflating them with issues in Argument Identification or Classification.
The modular approach enables the use of different machine learning models or feature sets
for each subtask, allowing for task-specific optimisation [94, 97]. In systems like LU4R, the
cascade facilitates the integration of linguistic and perceptual features. By incorporating
environmental knowledge from the Semantic Map, the system can reduce ambiguities and
enhance contextual understanding. For instance, the phrase on the table is disambiguated
by spatial relationships in the Semantic Map, ensuring accurate role assignment and frame
interpretation.

Alternatively, Semantic Role Labeling (SRL) can be addressed using a monolithic ar-

chitecture, where a single model handles the entire task in an end-to-end manner. Recent
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advancements in deep learning have enabled such approaches [33, 111, 113], with models like
Large Language Models (LLMs) capable of performing predicate identification, argument
recognition, and role labelling simultaneously within a unified framework. This monolithic
approach is significant because it allows the model to internalise the relationships between
subtasks, making decisions holistically based on the input and context. Rather than relying
on sequential predictions, where each stage constrains the subsequent one, the monolithic
model considers all subtasks concurrently. This integration ensures that the final output
reflects the best possible decision across all tasks, conditioned on the full context. Mod-
ern deep learning architectures, such as transformers, are particularly well-suited for this
approach. Transformers excel at handling the complexities of natural language interpre-
tation while integrating grounded sensory input. By processing linguistic information and
real-world context simultaneously, these models enhance the accuracy and robustness of
grounded language understanding.

In the next section, a methodology for applying transformers to grounded language un-
derstanding will be explored. This approach enables robots to interpret and act on natu-
ral language instructions by leveraging both textual and environmental data, coupled with
structured representations from Frame Semantics. Such integration represents a significant
advancement in creating robots capable of understanding and collaborating in complex, real-

world environments.

4.1.3 Grounded Language Understanding via Transformers

Grounded language understanding involves mapping linguistic inputs to physical referents
within the environment. In this context, Semantic Role Labeling serves as the theoretical
foundation for interpreting the roles of entities within a command, enabling the robot to
identify the agent, object, and location involved. When integrated with Transformers, this
process becomes more effective due to the sophisticated context-aware architecture of these
models. Transformers, such as BART or GPT, are particularly adept at capturing depen-
dencies across long text sequences, making them suitable for interpreting complex linguistic
instructions in real time. Capturing long-range dependencies is crucial in Human-Robot
Interaction (HRI) because it allows the model to understand contextual relationships that
span multiple parts of a command, ensuring accurate interpretation even when details are
distributed across different segments of the input. Moreover, Transformers can maintain
coherence over extended dialogue turns, enabling them to interpret commands embedded
within complex interactions.

Consider the command “Bring the book on the table”. In this example, SRL helps the
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model break down the command by identifying the action (BRINGING), the object (book),
and the goal location (on the table). Suppose the book is present in the room but located far
from the table. SRL assigns these roles and fills the arguments based on the current configu-
ration of the environment, enabling the model to infer that the action involves changing the
state of the world by bringing the book to the table. If the command were instead “Bring
the book from the table”, the SRL structure would adapt, replacing the GOAL argument with
SOURCE, indicating a change in the required action. This flexibility allows the robot to
adjust its behaviour dynamically to subtle variations in commands.

This argument-filling process relies on the semantic map, which is reflected in a Knowl-
edge Base (KB) storing attributes such as the positions of objects, their properties, and
unique identifiers. These identifiers bridge the gap between the physical world and its lin-
guistic representation. For instance, in the command “Bring the book on the table”, the
robot identifies the book (identifier b1) and the table (identifier t1) from the KB, enabling
it to execute the instruction accurately.

In a home automation context, the environment encompasses the physical space in which
the robot operates, including various objects, their attributes, and spatial relationships.
The KB maintains this information, mapping each object to a unique identifier and storing
attributes like position (x, y, z), size, and colour. This detailed representation allows the
robot to interact effectively with its surroundings, as illustrated in Figure 4.1. Even when
the command remains unchanged, SRL interpretations may vary based on environmental
configurations. For example, if the book is not on the table, the command “Bring the
book on the table” would result in the action being interpreted as BRINGING. Conversely,
if the book is already on the table, the same command might be interpreted as TAKING,
reflecting a different interaction based on the current state. This adaptability ensures that
the understanding is always aligned with the environment, facilitating accurate and context-
aware execution of tasks.

In this light, the process of grounding involves linking linguistic interpretation to corre-
sponding physical entities, such as the book and the table. For example, when a command
references “the book”, the robot uses its Knowledge Base (KB) to identify the specific object
being referred to and associates it with its unique identifier. Grounding enables the robot to
translate abstract linguistic expressions into executable formulas tied to the physical world.
Moreover, incorporating spatial relationships into the KB enhances the ability of the robot
to interpret commands involving relative positioning. This critical feature, absent in the
LU4R [266] architecture discussed earlier, allows the robot to reason about the world by
focusing on real physical objects and their attributes. For instance, a command like “ Bring

the book near the table” requires the robot to not only recognise the book and table but also
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obj: {
1D: "w1",
type: "window",
lexicalRef: [*window"],
position: { x:0, y:10,z: 10 }

}

obj: {

1D: "b1",

type: "BOOK",
lexicalRef: ["book"]
position: { x:2, y:13,z: 10 }

obj: {
1D: "h127,
type: "BOOK",
lexicalRef: ["book”, "volume"],
position: { x:5,y:3,z: 9}

obj: {

obj: { ID: "1,
o S type: "TABLE",
type: "TABLE", lexicalRef: ["table", "desk"],

osition: { x:0, y:8, 22 0
lexicalRef: ["table", "desk"], ] E {x.y I
position: { x:5,y:2,z: 0 }

}

Figure 4.1: An example of the semantic map describing the situation faced by a robot:
individual identifiers (ID) and types (type) are defined for the different objects, such as
tables and books.

understand their spatial relationship. By maintaining detailed spatial information, the robot
can accurately interpret such instructions and ensure that the resulting SRL representation
aligns with the real-world configuration. It must grasp the meaning of “near” and determine
how to alter the environment to fulfil the user’s intent.

GrUT (Grounded Language Understanding via Transformers) [108] is an architecture
designed to manage the end-to-end process of interpreting natural language commands. It
leverages BART, a Transformer-based model, to directly process commands in relation to
the environment. By integrating linguistic input with environmental data from the KB,
GrUT enables robots to understand commands involving nearby objects and execute the
appropriate actions. BART operates as a sequence-to-sequence model, taking an input
sequence and generating an output sequence. To handle SRL, the task is reformulated as a
sequence rewriting problem. GrUT employs a formalism inspired by FrameNet to produce
semi-structured text that combines Frames and their Arguments with the relevant parts of
the input text. This approach allows semantic roles to be assigned dynamically. Since roles
depend on Arguments and Arguments depend on Frames, the output adopts a hierarchical
parenthetic structure. During interpretation, the model first identifies the Frame and places
its Arguments in parentheses. If multiple Frames are present, they are separated by dashes.

For example, given the command “Bring the book on the table”, the formalism appears as:
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TAKING(THEME, GOAL)

Here, TAKING is the Root Frame, while THEME and GOAL are its direct descendants.
To populate the Arguments, the model rewrites relevant spans of the input text within the

parentheses, producing:
TAKING (THEME (book), GOAL(table))

This representation is valid when the book and table are spatially distant. However, if
the book is already on the table, GrUT adjusts its interpretation to reflect the context. For

the same command, the output becomes:
TAKING(THEME(book), SOURCE(table))

In this case, the model correctly identifies that the book is already on the table and that
the action involves taking the book, potentially to move it elsewhere. Notice that these two
scenarios reflect the two possible interpretations of the sentence, depending on the syntactic

attachment of the PP (Prepositional Phrase) in the structure:

[VP Bring [NP the book [PP on the table ||| (4.1)
[VP Bring [NP the book| [PP on the table || (4.2)

Grounding a command thus involves sharing the definitions and types of surrounding
entities (e.g., “book” is a kind of instrument filled with words that people typically read),
their spatial locations (e.g., the proximity of the “book” to the “table”), potential synonymous
referring expressions (e.g., “book”, “volume”, “tome”), and their properties. These properties
include attributes such as containability (e.g., false for a “book” but true for a “cup”) or the
ability to sustain objects placed on top (e.g., true for a “table”, conditionally true for a
“book”, and always false for “water”).

As described in [266], GrUT leverages a purpose-built world map describing the sur-
rounding elements, represented in a Knowledge Base (KB) that should be derivable from
the physical perception of the robot. Surrounding elements can be added by a knowledge
engineer based on ontological assumptions (e.g., entities, classes, properties, and domains)
or acquired interactively through dialogue with the user, who might explain, name, and
demonstrate the objects. This knowledge can be maintained as Timed Knowledge Graphs,
as proposed in [26], to model the arrangement of objects in the environment. The assumption

is that objects typically remain stationary unless moved by an agent (human or robot), and
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the Knowledge Map should only be updated when explicitly informed by the interlocutor or
when the agent performs actions that alter the environment.

In both situations, the body of knowledge related to the environment is taken as given
and used during interpretation to meaningfully disambiguate competing interpretations and
produce accurate grounded logic forms (glf). In GrUT, the process of generating a grounded
logic form gl f, which expresses the interpretation of a command c, is viewed as a rewriting
operation M(c) = glf. Here, the command c is expressed in natural language, and the
rewriting corresponds to a translation task. However, since spatial information from the
map is essential, the input to M becomes the pair (sd, ¢) where sd is the spatial description
of the map, and c is the user command. Thus, M(sd,c) = glf where glf represents the
grounded logic form for c¢. To facilitate this process, a linguistic description /sd is defined for
each map sd. In this way, the rewriting task becomes a plain translation: M(lsd,c) = glf
whereas the pair (Isd, ¢) generates a micro-story for the robot. The direct interpretation of
this micro-story produces the ambiguity-free grounded logic form gl f, ensuring precise and

meaningful grounding of commands in real-world contexts.

Towards describing a map in natural language. Much of the previous work using
transformer-based architectures has approached knowledge injection by employing input
graphs or synthetic descriptions during pre-training and/or fine-tuning [81, 149, 270]. The
idea behind GrUT is to utilise a natural language description of the map and append it to
the input sentence, as also suggested in [56] for tasks involving analogical reasoning.

In this approach, each entity is referenced by its (English) noun, which serves as its most
commonly used lexical representation (e.g., the word book), along with its conceptual type.
The association with the environment, or grounding, is achieved through its Existence Con-
straint (EC), which links the entity to its corresponding physical object in the environment.
For example, the map paired with a command can generate the following description:

EC: “b1, also known as book or volume or tome, is an instance of the class BOOK and
t1, also known as table, is an instance of the class TABLE.”

If the book b1 and the table t1 are close to each other in the environment, an additional
Proximity Constraint (PC) is added:

PC: “b1 is near t1”

For selected entities, further descriptions of relevant properties, such as containability,
are included. This is captured through the Containability Constraint (CC). For instance, if
there is a hypothetical cup cl:

CC: “cl1 can contain other objects”

The combined description forms a micro-story, appended to the input as constraints

separated by a “#” delimiter. This micro-story aids the SRL model in disambiguating
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Algorithm 1 GrUT compilation Algorithm

1: procedure CONSTRUCT__INPUT(SENTENCE § = (w1, ..., W|s|))

2 Entities + ()

3 fori=1,...,|s| do

4 Entities «+ Entities U get__candidate__entities(w;)

5: end for

6 ec < “ > Existence Constraints
7 for e € Entities do

8 ec + ec+* # "+get_ref(e)+* also known as "+get_lexical _ref(e)+

9 “is an instance of class "+get_ class(e)

10: end for

11: cc+ > Containability Constraints
12: for e € Entities do

13: if containability(e) then

14: cc + cc+“ # "+get_ref(e)+“ can contain other objects”

15: end if

16: end for

17: pe «— “ > Proximity Constraints
18: for e; € Entities do

19: for e; € Entities do

20: if e # ey A distance(ey, e3) < 7 then
21: pe < pet“ # "+get_ref(e1)+* is near "+get_ref(es)
22: end if
23: end for
24: Entities < Entities — {e1}
25: end for
26: return s + ec + pc + cc

27: end procedure

situations like those in (4.1) versus (4.2). When the spatial constraint PC' is true, the model
resolves the ambiguous syntax in (4.1) and produces the corresponding role-labeled logical

form:
TAKING(THEME(“the book on the table”)).

Here, the book b1, referenced through its proximity to the table t1, is identified as the
THEME of the TAKING predicate. The extraction algorithm that processes the map and
generates the linguistic description lsd for a given command c is detailed in Algorithm 1.

As demonstrated in [56], knowledge can be injected into Transformer models during train-
ing by appending it directly to the input. Similarly, in GrUT, since SRL is deeply rooted in
linguistic theories like Frame Semantics, this knowledge was incorporated by adding textual
information about Frames and Lexical Units to the command itself. This approach makes
all potential frames associated with any lexical unit in the command explicit, enriching the
input to allow the Transformer to learn the properties and relationships of frames and their

roles. This enrichment helps prime frame annotation in the output and resolve underlying
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ambiguities.

For instance, for the command “Bring the book on the table”, the following description
would be appended: “bring can evoke TAKING or BRINGING™' Similarly, for “go along
with me”, the appended description would be: “go along can evoke COTHEME?. This ap-
proach highlights how a verb like “bring” can evoke multiple frames, such as TAKING or
BRINGING, which can only be disambiguated by considering the input command and the

current state of the environment.

Experimental Setup and Evaluation. The impact of the proposed approach on the
semantic interpretation of user utterances was evaluated in a house Service Robotics scenario.
The evaluation was conducted using the Human-Robot Interaction Corpus 2.0 (HuRIC)?,
which contains 656 English utterances paired with interpretations relative to explicit logically
described maps, as discussed in [266]. Quantitative SRL measures were applied to assess
various SRL aspects, and results for each run were reported in terms of F-Measure (F1). A
10-fold cross-validation schema with an 80/10/10 split between training, validation, and test
data was employed.

The following aspects of GrUT are evaluated:

« Frame Prediction (FP): This measures the ability of the model to correctly generate
the names of frames evoked by the voice command. It is evaluated using the F1-score,
where Precision and Recall reflect the capability of GrUT to recover the correct frame(s)

expressed in the spoken command.

e Argument Identification and Classification - Exact Match (AIC-EM) This
evaluation assesses the ability of the system to correctly generate the names of the
arguments evoked by the command and associate them entirely with the entities that
evoke those arguments. AIC-ExM is measured using the F1-score, where Precision and
Recall are calculated for produced arguments that perfectly match the gold standard
in their complete form. This includes the frame, type of argument, and corresponding

span of text for the entities.

« Argument Identification and Classification - Head Match (AIC-HM) This
relaxed evaluation requires the model to associate each argument with at least the

correct Entity Head. AIC-HM is measured using the Fl-score, where Precision and

!The frames linked to a lexical unit, such as bring, are only those defined in FrameNet and relevant to the
domain knowledge base. In this case, TAKING and BRINGING are the only possible frames for bring
in the HuRIC dataset, which focuses on robotic command language.

2https://github.com/crux82/huric
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Recall reflect the capability of GrUT to recover the correct arguments by type and span

of text of the entity as expressed in the spoken command.

For example, for the SRL of the phrase “take the book” as TAKING(THEME(“book”)),
AIC-EM would score 0 because only “book” is associated with the THEME instead of the
entire span “the book”, but AIC-HM would score 1 because “book” corresponds to the se-
mantic head of the argument. Unlike previous approaches that apply independent models
for the FP and AIC tasks, the GrUT approach proposes these as side effects of a single, mono-
lithic rewriting process. In this approach, a single Transformer model is fine-tuned jointly
on both tasks, sharing weights across them. This integration allows for a full interpretation
of input commands in real-world scenarios.

To test the feasibility of this approach, simple evaluations were designed to examine the
effect of adding different types of input information on the output of the model. The input
to the Transformer consisted of the user command and additional information, including a
natural language description of the map (as in Algorithm 1) and lexical unit (LU) descriptions
triggered by the input text. The goal was to measure the contribution of these features and

determine the optimal configuration. The models trained for evaluation were as follows:

o BART}use: Only the linguistic command was provided as input, serving as the baseline

to compare other features.
e GrUT: The linguistic map description was appended to the user command.

e GrUTry: In addition to the map description, descriptions of each frame and lexical

unit (LU) evoked by the input were appended to the command.

In Table 4.1, we provide examples of input and output for the models trained under
this setup. The BART},s. model uses only linguistic information to produce SRL outputs,
making it the simplest model. For instance, for the sentence “Bring the book on the table”,
BART,.s has to choose between the frames BRINGING and TAKING without any prior
knowledge, relying solely on information derived from the training data. In contrast, GrUT ¢
derives this knowledge directly from its input and focuses on disambiguation. Additionally,
all models must decide the role of the argument “table” (i.e., GOAL, SOURCE, or THEME),
which depends on the proximity of the “book” to the “table” in the environment. Unlike
BARTyse, both GrUT and GrUTyy are aware of the map, given the existential (EC) and
proximity (PC') evidence incorporated into the input text. Table C.1 in the Appendix details
the parameter values used for training the models, determined through a grid search policy.

Accuracy measures are reported in Table 4.2. We compare against LudR [266], the cur-
rent state of the art for SRL on the HuRIC dataset. In general, all BART-based models
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Model ‘ Input ‘ Output
BARTpqse

“Bring the book on the table” ‘ TAKING(THEME(“the book on the table))

“Bring the book on the table

# b1, also known as book or tome,
is an instance of the class VOLUME
and t1, also known as table,

is an instance of the class
TABLE # bl is near t1”

GrUT TAKING (THEME(“the book on the table”))

“Bring the book on the table

# take can evoke TAKING or
BRINGING # b1, also known as
GrUTry | book or tome, is an instance of TAKING (THEME(“the book on the table”))
the class VOLUME and t1, also known
as table, is an instance of the

class TABLE # bl is near t1”

Table 4.1: Different Input and Output examples for this testing set.

are comparable to LudR on the FP task and perform significantly better on the AIC task.
It is worth noting that FP is treated as an independent task in Lu4R, with specific super-
vised learning applied. In contrast, seq2seq models like GrUT consider FP as a side effect
of the end-to-end task. Interestingly, errors in FP introduced by seq2seq models are not
always detrimental, as they may reflect nuanced interpretations. The second row in Table
4.2 presents results for BART},,s.. Despite being trained solely on the textual features of
commands, the model achieves high accuracy, indicating that the Transformer architecture
captures most of the relationships and properties inherent in the commands. The third
row shows the performance of the GrUT model, trained on commands and linguistic map
descriptions. GrUT improves upon Lu4R for the end-to-end tasks, achieving a 5% error
reduction in AIC-Ezact Match and a 2% error reduction in AIC-Head Match. These results
confirm the hypothesis that map descriptions are essential for accurate interpretation. The
last row presents results for GrUTyy, trained on commands, map descriptions, and Frame
Semantics information. While GrUTry shows slight improvements in the Frame Prediction
task, it does not positively impact the EM or HM measures for the end-to-end task. This
suggests that Frame Semantics information may add complexity without yielding substantial
benefits for these metrics.

Overall, the results demonstrate that an end-to-end approach to SRL is both viable
and capable of achieving state-of-the-art performance. While LU4R employs independently
trained FP and AIC classifiers, the seq2seq approach of GrUT shows significant improve-

ments. LU4R relies on a cascade of three classification steps, with AIC composed of two
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Model | FP | AIC-EM | AIC-HM

LUAR [266] | 95.94% | 87.77% 93.11%
BARTyuse 91.29% 84.26% 91.24%
GrUT 93.28% | 88.41% 93.29%
GrUTLy 93.34% 86.61% 92.00%

Table 4.2: Comparative Evaluation on the Frame Prediction F'P, Argument Identification
and Classification AIC' tasks of the different SRL models: Exact Match (EM) and Head
Match (HM) are the different metrics for AIC.

stages: boundary detection (Argument Identification) and argument classification (AC).
In contrast, GrUT and GrUTyy consolidate these three independent inferences into a sin-
gle monolithic rewriting process that also performs logical form compilation. The superior
quality of AIC tasks achieved by the GrUT model establishes a new benchmark for SRL
performance.

The availability of map descriptions proves to be consistently beneficial, as evidenced
by the significant improvements of GrUT and GrUTLy over the baseline BARTy,s.. GrUT
achieves an error reduction of 26%, while GrUTry 15% compared to BART ..

Furthermore, the incorporation of frame and lexical unit evidence in GrUTyy yields a
notable improvement over BART},,., raising the accuracy from 91.29% to 93.34%, corre-
sponding to an error reduction of 23.53%. However, GrUTry; shows a decline in accuracy
for FP and AIC tasks compared to LU4R and in the AIC task compared to GrUT. This
suggests that the additional lexical unit descriptions may over-enrich the input text, occa-
sionally introducing misleading information. For instance, the correct SRL for the command

“go get my book from the shelf” is:
BRINGING (THEME(“my book”), SOURCE(“the shelf”)).

However, when lexical unit descriptions are appended to the input, such as “go can evoke
MOTION and get can evoke BRINGING”, the model produces the incorrect SRL:

MOTION(GOAL(“the shelf”) & BRINGING(THEME(“my book™)).

In this case, the logical form differs from the intended one, yet the behaviour of the robot
remains unaffected, as the implied plan is identical: moving to the shelf and then bringing
the book to the user. Nevertheless, these cases negatively impact the performance scores
of GrUTry in FP and AIC tasks, particularly when compared to the simpler GrUT model.
Despite this, the overall semantic capabilities of the neural system remain robust, and the

observed drop in performance does not undermine the practical effectiveness of the model.
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The role of the Map Descriptions. To study the impact of map descriptions and confirm
their importance, we selected cases where spatial relationships between entities determine the
identification of the appropriate frame. A subset of 34 complex sentences was chosen, where
different interpretations depended explicitly on the spatial relations within the corresponding
map. This focused dataset was used to compare BART}.s. with GrUT, evaluating the effect
of map descriptions on Semantic Role Labeling quality.

Table 4.3 presents examples from this subset. The first column contains the command,
as transcribed from speech; the “Map Description” column includes the description compiled
using Algorithm 1, and the “Output” column shows the desired (gold-standard) interpreta-
tion. This test set highlights the contribution of the proposed GrUT approach. For instance,
in the first row, the correct interpretation is TAKING (rather than BRINGING), which is de-
termined by the spatial proximity (near) of entities s5 (“phone”), s4 (“table”), and al (“tv”).
In another example, the second sentence specifies “table” as the filler for the GOAL argu-
ment of PLACING, rather than “dining room”. This interpretation is justified by the spatial
relationship in the map: the table h6 is far from the bottle p2. The absence of a mentioned
near relationship in the map description implicitly negates proximity, thereby guiding the
SRL interpretation.

These examples underscore the critical role of map descriptions in resolving ambiguities
and ensuring accurate SRL, particularly in cases where spatial relationships are key to seman-
tic interpretation. On the restricted dataset of 34 instances, GrUT achieves an improvement
of approximately 12% in F1 score, increasing from 78% with the baseline BART},s. model
to 90%. This demonstrates that the Transformer effectively learns and utilises spatial con-
straints derived from distance relationships in the map, significantly enhancing its ability to

interpret commands accurately in scenarios where spatial relations are critical.

Error Analysis. Even though Transformers introduce some errors in Frame Prediction
(FP), the resulting interpretations are semantically acceptable and roughly equivalent to the

gold standard. Below, we outline three main classes of errors, with examples provided in
Table 4.4:

« Frame Prediction Errors: In the first row, the model predicts incorrect frames.
However, the predicted frames often have closely related meanings that preserve the

intended and useful senses of the command.

o Span Errors: The second row highlights cases where the model assigns the wrong
span to a given argument type. For instance, it may assign “the studio” instead of the
correct span “the table” for the argument GOAL. These errors are more problematic,

as they risk altering the logical structure of the interpretation. However, even in these
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Sentence

Map Description

Output

take the phone near
the tv on the table

s5, also known as phone or
cellphone, is an instance of class
PHONE and al, also known as
television, is an instance of class
TELEVISION and s4, also known as
table, is an instance of class

TABLE # s5 is near al & s5 is
near s4 € al is near s4

TAKING(THEME(“the phone”))

put the bottle on the
table in the dining room

p2, also known as bottle or nursing
bottle, is an instance of class
BOTTLE and h6, also known as table,
is an instance of class TABLE

PLACING(THEME(“the bottle”),
GOAL(“on the table”))

please robot take the box
on the table on the couch

t3, also known as box or crate, is
an instance of class BOX and d1,
also known as table, is an instance
of class TABLE and i4, also known
as couch or sofa, is an instance

of class COUCH # t3 is near d1

BINGING(THEME(“the box”),
GoAL(“on the couch”))

move to the bedroom and
take the mouse near the
laptop on the bed

p7 also known as bedroom is

an instance of class BEDROOM &
s8 also known as mouse

is an instance of class MOUSE &
z9 also known as computer is an
instance of class COMPUTER &
19 also known as bed or

bunk is an instance of class BED #
s8 is near 19 € 19 is near 19

MOTION(GOAL(“the bedroom™)) &
TAKING(THEME(“the mouse”))

Table 4.3: Examples of sentences for which map descriptions are crucial to the correct

identification of the evoked Frames and respective Arguments.

cases, the overall logical form often remains intact.

o Argument Errors: As shown in the third row, these errors occur when the model
assigns incorrect argument labels, such as GOAL instead of DIRECTION, to the cor-
rect spans (e.g., “forward”). Despite the mismatch, the predicted command remains

semantically close to the gold standard, as DIRECTION in this case aligns with the

GOAL interpretation.

Given that this Transformer-based approach achieves results comparable to state-of-
the-art models on SRL tasks, an intriguing extension would involve generating a Situated
Interpretation of the sentence that moves beyond the linguistic level. By leveraging the
Knowledge Base (KB), the fillers of the arguments (e.g., book or table) can be replaced with
their corresponding identifiers (e.g., bl or t1 from the KB). This linking is critical, as it

ensures the robot understands that it needs to interact with a specific entity (e.g., the book
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Input ‘ Target ‘ Prediction

leave the book in the bedroom

# n8, also known as book or booklet,
is an instance of class BOOK and
19, also known as bedroom, is an
instance of class BEDROOM

put the bottle on the table

in the studio # d3, also known

as bottle or nursing bottle, is an
instance of class BOTTLE and e,
also known as table, is an instance

RELEASING(THEME(“the book”), | PLACING(THEME(“the book”),
GoAL(“the bedroom™)) GOAL(“the bedroom™))

PLACING(THEME(“the bottle”), | PLACING(THEME(“the bottle”),

of class TABLE and s3, also known GOAL(“the table”)) GoAL(“the studio”))
as studio, is an instance of class

STUDIO # €5 is near s3

# d3 can contain other objects

could y(l)u p]jease move j[:’orward MoTION(THEME(“you”), MoTION(THEME(“you”),
# 12, also known as robot or you, DIRECTION(“ forward”)) GoAL(“ forward”))

is an instance of class ROBOT

Table 4.4: Error analysis table: Input is GrUT model input, Target is the expected SRL in
logical form (the so called gold) and Prediction is the model output.

with identifier b1) rather than any generic instance of the same type. In the next section, we
present the extension of GrUT for Situated SRL, demonstrating how this approach grounds

linguistic interpretations in real-world contexts.

4.1.4 Situated Semantic Role Labeling with GrUT

In the first extension of this work, GrUT [111] was enhanced to ground language in the physi-
cal world by directly interpreting commands and mapping them to entities within the robot’s
environment. For example, given the command Bring the book on the table, GrUT gener-
ates a logical form grounded in the Knowledge Base (KB), such as: ‘BRINGING(THEME(B1),
GOAL(T1))’, where b1 represents the identified book, and t1 represents the table. This inter-
pretation applies when the book and table are spatially distant. Conversely, when the book
is already on the table, GrUT produces the formula: ‘TAKING(THEME(B1), SOURCE(T1))’,
identifying that the book is already on the table and must be taken, potentially for reloca-
tion. The key advancement is making the interpretation Situated by linking physical entities
with their linguistic references (i.e., the labels humans use to denote them) through the use
of identifiers in the interpretation.

In general, as outlined in [266], it is assumed that each entity in a map is associated with
one or more labels to enable grounding. For instance, linguistic references like volume or

book may correspond to the object bl. This approach, used in both [266] and [108], allows

132



CHAPTER 4. NATURAL LANGUAGE UNDERSTANDING IN HRI

the retrieval of all entities involved in a command from the map. The simplest method
selects all entities whose denotation matches a word in the command, as applied in [111].
However, this assumption is unrealistic in natural language interaction, where synonyms or
paraphrases are often used to refer to objects. For example, “take the handbook ...” or “take
the tome ...”7 can be interchangeable with “take the book ...”. To address this limitation, a
more sophisticated retrieval function is required, leveraging expressive associations between
linguistic labels. This involves using neural semantic similarity functions to identify objects
referenced in commands, even when synonyms or paraphrases are employed. To the best
of my knowledge, this enhancement expands on recent research such as [130] and [33] by
introducing the first end-to-end technique for Fully Grounded Linguistic Interpretation. This
approach relies on an explicit logical description of the environment, integrating the KB to
achieve situated and context-aware command interpretation.

GrUT assumes that each entity e in the environment is enriched with a set of lexical
references LR(e) = {wf, ..., w}}, linking words (w, ..., ws) in the sentence s. For example,
consider the volume v; with lexical reference LR(vy) = {volume, book}.A robust linguistic
grounding function is essential for GrUT to construct the map description. Algorithm 2
defines the policy for retrieving entities involved in the utterance. It retrieves all entities
with significant lexical similarity to nouns in s, using three LezicalSimilarity functions of

increasing expressiveness:

1. Exact Match: This simplest function performs a direct string comparison, returning 1
if the strings match and 0 otherwise. Entities with lexical references perfectly matching
a word in the command are retrieved. While precise, this method fails when users
employ synonyms (e.g., referring to v1 with handbook, tome, or manual). Additionally,
it requires a comprehensive map construction, which is impractical for covering all

possible lexical references.

2. Levenshtein similarity: a “soft” string matching approach that accounts for minor

differences between strings. The similarity function LevSim is defined as:

LevDist(w;, w,)
|longest(w;, w;)]

LevSim(w;, w;) = (4.3)
where LevDist is the Levenshtein distance and |longest(w;, w;) is the length of the
longer word. LevSim ranges between 0 (totally different) and 1 (identical). This
similarity function is more robust in linking slightly different input strings (e.g., book
vs handbook) and it may capture some sort of morphological analogy between words,

but it fails when the user refers to entities using synonyms. As an example,

133



CHAPTER 4. NATURAL LANGUAGE UNDERSTANDING IN HRI

LevDist(“book”, “handbook”) = 4

|longest( “book”, “handbook”)| = 8

LevSim(“book”, “handbook”) =1 — 3 = 3.

It means that half the word is identical and the other half needs some transformation.

Still, it fails when the user refers to entities using synonyms, such as tome. In fact, the
1

value of LevSim(“book”, “tome”) =1— 3 = 1.

3. Neural Semantic similarity: This function computes cosine similarity® between
word embeddings [227], linking words with paradigmatic relationships, such as quasi-
synonymy. Word embeddings are generated using the Word2vec model [184], trained
on English Wikipedia. For example, the Neural Semantic similarity between the word
“book” and the lexical reference “tome” is 0.96, indicating a strong semantic similarity,

reflecting their interchangeable use.

To prevent over-retrieval when using smoothed measures (e.g., neural embeddings) in
maps with numerous objects, a similarity threshold 7 is applied. Only entities with significant
similarity to a command word are retrieved. This method remains robust when multiple
entities are retrieved for the same word. For instance, if there are several books in the
environment, the model should select the book relevant to the user’s intent (e.g., the one
on the table). If no matching entity exists, the system should detect the inconsistency and
notify the user with a message (“The command is not executable”) and an explanation (“No
objects can be linked to the mention book”). Although the input text may redundantly
include all retrieved entities in the map description, the output arguments should contain
only relevant entities. The attention mechanism of the Transformer is expected to filter out
irrelevant entities and focus on valid ones to produce the correct output. This ensures the

final interpretation aligns with the user’s intent and the environmental context.

Experimental Setup and Evaluation. The evaluation of the extended GrUT model
was conducted on the same dataset, HuRIC, but with an additional step: transforming the
interpretation from a purely linguistic level to a situated level by linking the arguments to
identifiers of entities in the surrounding environment. This grounding process, described
previously, links linguistic references to their corresponding entities. On average, each entity
is represented by 1.37 lexical references, providing more linguistic variability compared to
the earlier dataset. The same 10-fold cross-validation policy and hyperparameters (detailed
in Table C.1) were applied.

To assess the quality of interpretations, the following tasks were used, as in earlier evalua-

tions: Frame Prediction (FP) that easures the accuracy of predicting frame names evoked by

3To align with the other measures, cosine similarity values are clipped to the range [0, 1].
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Algorithm 2 Entity Retrieval Algorithm

1: procedure GET__CANDIDATE__ENTITIES( WORD w, LEXICALSIMILARITY ls, THRESHOLD T5)
2 Candidate Entities < ()

3 for e €¢ KB Entities do

4 for lex _ref € LR(e) do > For each lexical reference
5: if Is(w,lex_ref) > 75 then

6 Candidate Entities < Candidate FEntitiesU e

7 end if

8 end for

9 end for

10: return Candidate Entities

11: end procedure

the command; Argument Identification and Classification - Exact Match (AIC-ExM), which
tests the ability of the system to generate arguments and link them to the correct entities,
requiring exact alignment with the gold standard; Argument Identification and Classification
- Head Match (AIC-HeM), that is a more relaxed version of AIC-ExM, where an argument
is considered correct if it includes the semantic head of the referenced entity.

The evaluation also investigated the impact of three Lexical Similarity functions used
during the entity retrieval step. Each function was tuned using a threshold 7, optimised
on the validation set to maximise F1 scores for entity retrieval.In this subtask, Precision is
measured as the average percentage of entities that are correctly retrieved when constructing
the map description, while Recall is measured as the average percentage of entities that were
expected to be retrieved as mentioned in the command. In particular, under the Exact Match
policy a definition of 7y = 0.50 was applied, while under the policy based on Levenshtein
Similarity and the Word Embedding one, 11, = 0.80 and 7wg = 0.55 are respectively used.

Table 4.5 summarises the experimental results. The first rows show the performance of
GrUT + EzPostGrounding, a strong baseline derived from the earlier GrUT model [108].
GrUT generates logic forms expressing the interpretation of commands at a linguistic level
and it was reported to achieve 92.28% of F1 in the FP task, 88.41% in the Argument Iden-
tification and Classification Exact match (AIC-ExM) and 93.29% as the score in recovering
the Semantic Head of the individual arguments.

For the baseline, GrUT predictions were reused, and grounding was applied retrospec-
tively. For each argument, such as GOAL(“on the table near the window”), the first noun
(table) was identified, and the entity maximising lexical similarity replaced the argument.
If no suitable entity was retrieved (or the threshold was not exceeded), the argument was
removed. Three Lexical Similarity functions were evaluated for this process, i.e. based on

Exact Match (EM), Levenshtein Similarity (LS) and semantic similarity estimated over Word
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Embeddings (WE). These results underline the trade-offs in precision and flexibility across
the similarity functions, with Word Embeddings offering a strong balance between semantic

understanding and robust retrieval.

Model Retrieval Policy | FP | AIC-ExM | AIC-Enty
Exact Match 78.62% 80.00%
GrUT + ExzPostGrounding | Levenshtein Sim. | 92.18% 79.80% 81.37%
Word Embeddings 80.91% 82.22%
Exact Match 90.38% 83.16% 84.79%
GrUT End-to-End Levenshtein Sim. | 92.40% 84.24% 85.66%
Word Embeddings | 91.90% 90.03% 91.46%

Table 4.5: Comparative Evaluation on the Frame Prediction F'P, Argument Identification
and Classification AIC tasks of the different G-SRL models: Exact Match (EzM) and Head
Match (AIC-Enty) are the different metrics for AIC.

The application of the grounding function introduces a notable performance drop, with
AIC-ExM decreasing from 88.41% to 80.91%. This decline is largely attributed to approxi-
mately 10% of entities in HuRIC having lexical references that do not match any words used
in candidate arguments.

For simpler argument-level AIC tasks, the Exact Match retrieval method achieves 78.62%
and 80.00%, while the Word2Vec (W2V) retrieval method raises these values to 80.91% and
82.22%, respectively. This improvement demonstrates the utility of word embeddings and
vector similarity in recovering connections. However, the relatively small difference between
Exact Match and W2V methods suggests that the lexical references in HuRIC closely align
with the command words. Notably, the entity retrieval policy does not significantly impact
the Frame Prediction subtask.

When applying the proposed GrUT-End-to-End model, the Transformer-based approach
outperforms the baselines, achieving a 50% error reduction on AIC tasks. For example,
ExPostGroundingy oy at 80.91% improves to End-to-Endyyoy at 90.03%. Neural representation-
based lexical grounding proves robust in entity retrieval, while the Transformer’s attention
mechanism effectively grounds interpretations. The model also demonstrates improvements
over the original GrUT, effectively mapping entities from the map descriptions associated
with the input command to the correct entities in the output interpretations. The differ-
ences between Exact Match (EM), Levenshtein Similarity (LS), and Word Embeddings (WE)
retrieval methods become more pronounced in the end-to-end setup. Exact Match fails when
no entity is retrieved, resulting in arguments being excluded from the final interpretation.

Conversely, smoother measures like WEs may retrieve a superset of correct entities, intro-
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ducing noise. However, the Transformer effectively prunes irrelevant entities, maintaining
high accuracy for grounded interpretations. Retrieval policies also influence Frame Predic-
tion tasks, albeit to a lesser degree. Exact Match often overlooks entities not retrieved in
the input, negatively affecting frame disambiguation. In contrast, LS improves frame disam-
biguation quality over WE. This suggests that while “extra” entities retrieved by WE can
enhance grounding in some cases, they may hinder frame prediction, highlighting a trade-off

between entity retrieval and frame disambiguation.

Retrieval Policy ‘ Output ‘ Correct
Exact Match BRINGING (THEME(‘the book’), GOAL(‘the bedroom’)) NO
Levenshtein Similarity BRINGING(THEME(‘the book’), GOAL(sg)) NO
Word Embeddings BRINGING (THEME(wg)) GOAL(sg)) YES

Table 4.6: Error analysis of the GrUT - End-to-End model (and different retrieval policies)
applied to the command “take the book that is in the kitchen”.

The error analysis, in Table 4.6, highlights that most misinterpretations stem from errors
during the linguistic grounding phase. The example involves a simple map with two entities:
wg, an instance of the Book class with the single lexical reference volume, and sg, an instance
of the Room class with the single lexical reference guest room. Given the command “take
the book to the bed room”, the GrUT- End-to- End model using Exact Match fails to retrieve
any entities. While the model infers the correct predicate and arguments, it merely rewrites
the input text. Using Levenshtein Similarity, the model successfully links “guest room”
to the map, allowing the second argument to be correctly grounded. When applying cosine
similarity within the Neural Word Embedding space, the model generates the enriched input:
“take the book to the bed room # we also known as volume is an instance of class BOOK &
s¢ also known as guest room is an instance of class BEDROOM & wg is far from sg” This
leads to the correct interpretation. The majority of errors occur with entities that have only
one lexical reference, often uncommon nouns like volume for the Book type entity, which the
grounding function struggles to retrieve.

The experimental results underscore the robustness of the proposed methods, particu-
larly when compared with traditional architectures that sequentially handle linguistic inter-
pretation and entity grounding. This approach offers broad applicability, requiring minimal
adaptation to specific scenarios or domains. However, these results are currently limited to
English commands. Expanding this work to support multiple languages, particularly Italian,

presents a compelling direction for future research. The next Section explores this expansion.
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4.1.5 Multilingual GrUT

The subsequent extension [113] of GrUT addresses the challenge of enabling grounded lan-
guage understanding in multilingual contexts. One of the primary hurdles is managing
diverse linguistic descriptions across different languages while maintaining accurate ground-
ing. To overcome this, GrUT incorporates advanced lexical similarity measures, such as
Levenshtein similarity and neural embeddings, which enhance the retrieval of entities from
the Knowledge Base (KB) even amidst linguistic variations. For instance, the architecture
ensures that when a user refers to a “book” or a “tome” in English, or “libro” in Italian,
the robot recognizes all terms as referring to the same object in the environment. By esti-
mating entity relationships through language-independent measures, GrUT bridges linguistic
differences effectively, enabling consistent grounding across languages. This multilingual
capability is particularly crucial in scenarios where users may speak different languages or
use varying terminologies to describe identical objects. GrUT ensures that commands in any
supported language are interpreted accurately, allowing robots to operate seamlessly across
diverse linguistic environments. Moreover, incorporating multilingual data in the training
process accelerates model convergence and enriches the final task performance. Commands in
different languages expose the model to varied linguistic nuances, broadening its knowledge
representation and improving its versatility. Despite the abundance of models and resources
for English, a significant gap exists for other languages. Evaluating GrUT in a multilingual
setting, especially extending its application to Italian, is a promising step. This involves
leveraging the same principles to develop and evaluate models tailored for Italian and mul-
tilingual LLMs. Since Frame Semantics is inherently language-independent, the grounded
predicate for an utterance remains consistent, regardless of whether the command is in Ital-
ian or English. This demonstrates the potential of GrUT to support multilingual interaction
while maintaining robust semantic grounding across languages.

The primary challenges in Grounded Language Understanding include:

e Multilingual understanding: GrUT addresses the complexities of interpreting com-
mands in multiple languages while maintaining grounding precision. The challenge lies
in managing linguistic diversity without compromising the consistency of the ground-
ing process. By leveraging lexical similarity measures and neural embeddings, GrUT
provides a robust framework for handling multilingual commands, ensuring seamless

interactions across diverse languages.

o Entity disambiguation: Accurately retrieving and interpreting the intended entity
becomes especially challenging in environments with multiple similar objects. Disam-

biguation is achieved using detailed attributes and spatial relationships, allowing the
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model to distinguish between entities. The attention mechanism within Transformers
is critical for focusing on the most relevant aspects of the input, effectively resolving

ambiguities.

One approach to support multiple languages is translating the Semantic Map into target
languages, such as Italian, by directly converting the English version. This information is
then stored in the Semantic Map. However, this translational approach can be computa-
tionally expensive, as the storage requirements grow linearly with the number of supported
languages. Furthermore, any update to the Semantic Map necessitates additional translation
steps, increasing the overhead.

A more dynamic method involves translating the Semantic Map into the user’s command
language on-the-fly, i.e., during interpretation. This approach uses a Language Recognizer
module? to identify the language of the input utterance, such as Italian. Based on the
recognized language, a corresponding Semantic Map is dynamically generated, enabling real-
time interpretation tailored to the user’s linguistic context.

Alternatively, a more universal approach involves adopting a Multi-Lingual process that
minimizes dependency on the command’s language. Two alternatives in this scenario are:
(1) employing dedicated language-specific models, where commands are interpreted using
models explicitly trained for each language (see Fig. 4.2); (2) adopting a multi-lingual
model, where commands are interpreted using a single model capable of handling multiple
languages simultaneously (see Fig. 4.3). For this specific work, we relied on training data
enriched with lexical references in Italian, ensuring compatibility with multi-lingual interpre-
tation processes. As such, solutions involving machine translation are excluded from further

discussion.

Multi-lingual End-to-end Grounded Semantic Role Labeling. A multilingual set-
ting is ideal for interpreting commands expressed in various languages, leveraging linguistic
knowledge to achieve accurate understanding across diverse inputs. Figure 4.2 demonstrates
a workflow involving language-specific models. When a command is issued in a specific
language L (e.g., Italian or English), a Language Recognizer model identifies L. This in-
formation is then passed to the Map Description Generator module, which, along with
the utterance, extracts the relevant entities mentioned in the command (e.g., BOOK, TA-
BLE) and generates a textual description of the map in L. A language-specific model then
combines the map description with the command to produce an interpretation.

For instance, consider a command issued in Italian. Entities must have appropriate lexi-

4For this purpose, we employed the language recognizer available at https://huggingface.co/dinalzein/
x1lm-roberta-base-finetuned-language-identification, achieving 99.59% accuracy on the Language Identification Dataset:
https://huggingface.co/datasets/papluca/language-identification.
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Figure 4.2: Language-specific Workflow.

cal references in Italian to be identified and processed. Using Italian lexical references (e.g.,
“tomo” or “tavolo”), the map descriptions are generated in Italian to take full advantage
of language-specific LLMs. When the command “Porta il volume sul tavolo vicino la fines-
tra” is given, the Language Recognizer identifies Italian as the input language. The Map
Description Generator then produces the following description, integrating the EC', PC),

and CC information (as discussed earlier):

“b1, conosciuto anche come libro o volume, é un’istanza della classe LIBRO, t1, conosciuto
anche come tavolo, € un’instanza della classe TAVOLO e wy, conosciuto anche come

finestra, e un’instanza della classe FINESTRA # ti e vicino w;”.

Subsequently, an Italian Transformer model, such as I'T5 [231] or BART-IT [142], is fine-

tuned on Italian commands and lexical references to produce the grounded interpretation:

BRINGING (THEME(b; ), GOAL(t1)) (4.4)

This interpretation enables a robot to execute a plan as follows: (1) move where the book
by is, (2) take by, then (3) bring it to the table ¢;, that is near w;. When the same command
is expressed in English, the Language Recognizer activates the English lexical references to
retrieve the entities, and an English-specific model is triggered. Pre-trained models like T5
[217] or BART [152], fine-tuned on English commands and lexical references, are employed.
Despite the linguistic differences, the output remains the same logical form, i.e., the logical
form in the example from equation (4.4), as it is language-neutral.

Figure 4.3 illustrates the multi-lingual workflow for interpreting natural language com-
mands. Similar to the language-specific approach, this workflow begins with a Language

Recognizer that detects the language of the input command. The Map Description Generator
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Figure 4.3: Multi-lingual Workflow.

then produces a natural language description of the environment in the same language as
the command. However, in the final step, the map description and input command are sent
to a multi-lingual model capable of interpreting commands across languages, eliminating the
need for separate models for each language. This approach enables the training and mainte-
nance of a single multi-lingual model for the interpretation process. A model like mT5 [282]
is fine-tuned using combined examples in both Italian and English, making it adaptable to
commands in either language.

It is worth noting that the assumption that language-specific solutions are more compu-
tationally complex than language-independent solutions does not always hold. Multi-lingual
models like mT5 typically have significantly more parameters than language-specific models
such as T5/BART or IT5/BART-IT. This is because multi-lingual models must account for
a broader variety of linguistic phenomena across multiple languages. Furthermore, while
multi-lingual models benefit from exposure to large-scale pre-training in multiple languages,
they may require extensive fine-tuning to achieve comparable or better accuracy in gener-
ating interpretations. The added complexity of managing diverse languages can dilute the
focus of the model on the nuances of any single language, potentially affecting the precision
of its interpretations. Consequently, the choice between language-specific and language-
independent solutions must carefully balance computational demands with the desired level

of interpretative accuracy.

Experimental Setup and Evaluation. The experimental evaluation serves two primary
objectives. Firstly, it demonstrates the applicability of the GrUT approach for interpret-
ing robotic commands in multiple languages, specifically English and Italian. Secondly, it
evaluates the effectiveness of a multilingual setting, exploring both language-specific and
language-independent LLMs. The models tested were fine-tuned on their respective lan-
guages and evaluated under a uniform setup. Experiments were conducted on a T4 16GB

GPU using the Simpletransformers and Pytorch packages for loading and training models
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from Hugging Face®. The source code is openly available®.

The evaluation utilised the HuRIC corpus, comprising 656 English and 241 Italian com-
mands paired with interpretations in terms of predicates and arguments. The grounding
process described earlier was applied, linking interpretations to entity identifiers in the en-
vironment. A 10-fold cross-validation setup was employed for its reliability, especially given
the limited size of the Italian dataset.

The evaluation tasks remain consistent with those of previous sections:

« Frame Prediction (FP): Measuring the ability of the models to accurately generate

the names of Frames evoked by the voice command.

« Argument Identification and Classification - Exact Match (AIC-ExM): As-
sessing the ability to correctly generate the names of Arguments, linking them to the

entities evoking those Arguments.

e Argument Identification and Classification - Head Match (AIC-HeM): A
more relaxed metric where the model is rewarded if the Argument contains at least

the Semantic Head of the correct linguistic reference.

Based on previous evaluations, the Neural Semantic Similarity (NSS) with a threshold
Ten,Nss = 0.55 was selected for entity retrieval over the English dataset, as it yielded the
best F1 score on the AIC task. For Italian, a slightly higher threshold of 7;; yss = 0.60 was
optimal. Moving forward, the NSS method was consistently used for all experiments across
both languages.

Once the entity retrieval policy was established, a thorough evaluation of various English
models was performed, including comparisons with language-independent multilingual mod-
els. Table 4.7 summarises the results for English. The first row reports the best-performing
model from the previous section (GrUT End-to-End based on NSS, as outlined in Table 4.5).
This model serves as the baseline, achieving: 91.90% F1 on Frame Prediction (FP), 90.03%
F1 on Argument Identification and Classification - Exact Match (AIC-ExM), and 91.46%
F1 on Argument Identification and Classification - Head Match (AIC-HeM). This baseline
demonstrated competitive performance compared to state-of-the-art models for Grounded
Semantic Role Labeling (G-SRL), establishing a strong reference point for subsequent eval-
uations.

Models such as T5 and mT5H were fine-tuned with different learning rates (Ir), yielding

varied performances. Among them, T5 with an Ir of 5-10~* achieved the best performance at

Shttps://huggingface.co
Shttps://github.com/crux82/grut
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Model LR | FP AIC-ExM AIC-HeM
BART [111] 5-107° | 91.90 90.03 91.46
5-107% | 84.22 75.07 78.99
mT5 1-107* | 86.51 80.18 83.66
5-107° | 84.77 77.15 79.81
1-1073 | 91.68 82.06 84.28
5 5-1071 1 93.06  86.01 86.67
1-107* | 89.26 83.56 85.17
5-107° | 89.96 82.30 83.52

Table 4.7: Comparative Evaluation of GrUT in terms of F1 for the English models on the
Frame Prediction F'P, Argument Identification and Classification AIC tasks of the different
G-SRL models: Exact Match (EzM) and Head Match (HeM) are the different metrics for
AIC. In bold the best performance for each task.

93.06% on the FP task, with a drop of 4% compared to the baseline on the AIC task. While
other TH models with different learning rates also performed well, they failed to surpass
state-of-the-art models in overall performance. In contrast, mT5 performed the lowest on
both the FP and AIC tasks. The best mT5 with 1 - 10~ Ir achieved 86.51% on the FP
task, 80.18% as Exact Match, and 83.66% as Head Match on the AIC task. This difference
in performance on the same test set between BART-based and T5-based models could be
mainly attributed to the difference in the size of the pre-training data. BART appears to be
more robust in the interpretation process, while T5 and mT5 appear to be more sensitive to
unrepresented phenomena in the training dataset. For example, frames like RELEASING or
GIVING, which constitute only 1.5% of the data (10 examples out of 656), posed challenges
for all models. BART correctly interpreted 12 out of 19 such examples, outperforming T5
(9 correct examples) and mT5 (7 correct examples). This indicates that the pre-training
phase of BART significantly enhanced its capacity to manage data sparsity, whereas larger,
multilingual models like mT5 are more susceptible to underrepresented phenomena.

Table 4.8 presents results for the Italian dataset. The first row includes LU4R [266]
as a soft baseline. While LU4R is the only model performing Semantic Role Labeling on
this specific Italian dataset, its results are not directly comparable to those evaluated here,
as LU4R operates solely at a linguistic level without performing the grounding step. The
GrUT models are thus solving a much more complex task. This comparison highlights the
limitations of LU4R in grounded scenarios, as its interpretations do not extend beyond
linguistic constructs, underscoring the significance of the grounding process in enhancing

interpretative capabilities for multilingual contexts.
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Model LR | FP AIC-ExM AIC-HeM

LUJR [266] - | 9532  77.67 86.35
s 1010704700 2940 36.04
11074 | 4199  37.95 41.33

T 1-1073 | 55.74  43.26 45.95
1-1074 | 4592 37.26 39.38

1-107* | 81.38  65.63 67.82

BART-IT 7-107° | 80.07  67.12 68.85
5-1075 | 77.7 62.97 64.82

Table 4.8: Comparative Evaluation of GrUT in terms of F1 for the Italian models on the
Frame Prediction F'P, Argument Identification and Classification AIC tasks of the different
G-SRL models. In bold the best performance for each task. In italic the performance of
LU4R model as it is not directly comparable, given it carries out no Grounding.

Models such as mT5, IT5 and BART-IT were fine-tuned with different learning rates
(Ir). Among them, BART-IT with an Ir of 1-107* achieved the best performance, reaching
81.38% on the FP task, and with an Ir of 7-107° a 67.12% as Exact Match and 68.85%
as Head Match on the AIC task. The other TH-based models performed poorly on both
tasks, with IT5 (Ir 1-107?) achieving a maximum of 55.74% for the FP task and 43.26%
and 45.95% as Exact and Head Match respectively on the AIC task.

Augmenting the Italian dataset. To address the limitations of the small Italian dataset,
consisting of only 241 utterances, methods for augmenting the dataset with additional data
were explored. The underrepresentation of certain Frames, such as INSPECTING, GIVING,
and BEING__IN__ CATEGORY, each accounting for only 2% of the total samples, highlights
the need for augmentation. Fine-tuning large language models (LLMs) with such limited
samples is challenging and can result in suboptimal performance. One straightforward
method involves annotating new utterances manually by creating new Semantic Maps from
scratch. However, this approach is resource-intensive. Alternatively, external datasets could
be adapted, with preprocessing to align input commands, Semantic Maps, and interpretation
outputs with the format of the original data.

A more efficient and scalable approach was adopted: translating the English HuRIC
dataset into Italian while retaining the original contexts and interpretations. This approach
leverages the language-independent nature of Frame Semantics, enabling the reuse of logical
forms. By translating the 656 English utterances into Italian and pairing them with their
original (language-independent) interpretations, the dataset was expanded significantly. The

augmented dataset was used for training, while the original Italian dataset was split into
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training, evaluation, and testing sets in an 80/10/10 ratio, with a 10-fold cross-validation
method applied. DeepL” was used for automatic translation due to its high accuracy in
contextually translating longer texts. To mitigate translation ambiguities, the English ut-
terances were paired with their corresponding lexical references from the Semantic Map,
providing additional context. For example, the English noun “glass” was correctly trans-
lated into Italian as “bicchiere” or “calice” depending on the context, such as in “Bring me
a glass of water”.

While no direct evaluation of the translation method was performed, its quality was in-
directly assessed through the performance of the models trained on the augmented dataset.
High-quality translations were expected to improve model performance, while poor transla-
tions would negatively affect results. The augmented dataset increased the representative-
ness of the training material, particularly benefiting models that rely on large amounts of
data for fine-tuning. Furthermore, this augmentation rebalanced the Italian-to-English data
ratio from approximately 1:2.7 to nearly 1:1 for the multilingual model (mT5), potentially

enhancing its performance.

Model LR | FP AIC-ExM AIC-HeM

LUR [266] - | 9532  77.67 86.35
s 10107782260 59.36 66.43
1-1074| 9061 7321 82.89

T 1-1074| 7200  64.44 65.97
5-1075 | 6548  60.02 61.85

1-1074| 9445  76.61 79.50

BART-IT 5-107° | 96.86  82.30 85.19
2.1075 | 95.17  79.47 82.89

Table 4.9: Comparative Evaluation of GrUT in terms of F1 for the Italian models fine-tuned
on the augmented dataset, i.e. Italian one and the English translated. In bold the best
performance for each task. In italic the performance of the LU4R model as it is not directly
comparable.

The experiments in Table 4.8 were repeated with the augmented training material, while
the test set remained unchanged. The results are reported in Table 4.9, with LU4R included
as a soft baseline in the first row for reference. However, LU4R remains incomparable to the
other models, as it does not perform grounded interpretation.

The I'T5 model demonstrated a slight improvement across both tasks but remains less

effective compared to other models. Conversely, BART-IT with a learning rate of 5 -

"Translation performed in February 2023 via https://deepl.com.
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10~ %achieved state-of-the-art performance in both tasks, with an impressive 96.86% F1 on
the Frame Prediction (FP) task, surpassing the baseline. It also scored 82.10% for Exact
Match (AIC-ExM) and 85.19% for Head Match (AIC-HeM) on the Argument Identification
and Classification (AIC) task. It is important to highlight the methodological difference:
while LU4R addresses the overall SRL task through a cascade of token-wise classification
steps, the Transformer-based models evaluated here generate the full text for the interpre-
tation task. Consequently, the FP and AIC subtasks emerge naturally as side effects of the
holistic generation process, rather than being explicitly modelled as independent steps. This
distinction underscores the efficiency and versatility of the Transformer-based approach in
handling SRL tasks.

Comparison between Mono and Multi-lingual models. The experimental evaluation
aimed to compare the performance of the GrUT architecture in multilingual settings, specif-
ically contrasting language-specific and multilingual Large Language Models. The results
from Tables 4.7 and 4.8 indicate that language-independent models, like mT5, often un-
derperform compared to language-specific models. Multilingual models appear to be more
sensitive to the scale of phenomena in this task, requiring a significantly larger dataset to
match the performance of language-specific models. This disparity is particularly evident in
cases like Italian, where only about 250 examples span 15 distinct linguistic predicates. In
such cases, injecting additional data through automatic machine translation proved highly
effective in bridging the gap.

Another consideration is the computational cost of the workflows depicted in Figures 4.2
and 4.3. While both workflows use the same Language Recognizer and Map Description
Generator modules, the key difference lies in the interpretation models. Language-specific
models, such as BART and BART-IT, with 140 million parameters each, collectively have
a parameter count of 280 million, which is less than half of mT5’s 580 million. Moreover,
BART-based models required less training time on the same GPU configuration as mT5,
further emphasizing the efficiency of the language-specific workflow depicted in Figure 4.2.
This approach not only delivers better performance but also optimizes model size, making
it a more scalable solution for introducing additional languages based on computational
resources.

An intriguing direction involves enhancing the interaction between models and users when
the model fails to ground an entity from its KB. Instead of outright rejecting a command,
the model could engage in a dialogue by asking clarifying questions, such as, “I see no
books on the table. What do you mean?”. Furthermore, the model could suggest potential
alternatives when the retrieval process yields low confidence. For example, if the input

command is “Find me my suns” and the closest KB match is sunglasses, the model could
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respond, “Did you mean your sunglasses?”. Such interactions would transform the model
from a passive interpreter to an active collaborator, enhancing its role in achieving shared

goals. This concept will be explored further in the subsequent section.

4.2 Interacting in a collaborative environment

In collaborative environments, interaction is central to achieving shared goals between par-
ticipants [168, 257], whether they are humans or autonomous agents. An environment, in
its broadest sense, refers to the setting in which these interactions take place, encompassing
not only the physical or virtual space but also the rules, constraints, and resources available
(257, 243, 118, 188, 187]. In collaborative settings, multiple actors, typically a human and an
intelligent system, work together, leveraging their respective strengths to reach a common
objective. For this to be effective, both actors must actively contribute, sharing information
and making decisions that benefit the overall success of the group [257].

In such scenarios, the interaction cannot rely solely on passive responses. Instead, both
parties, especially the robotic actor, must have a clear understanding of the goal and the
steps necessary to achieve it [243]. This requires constant communication and clarification.
For example, if the human says “ Take the book on the table”, the robot must first identify the
book, clarify any ambiguity if there are multiple books, and ensure it can grab it correctly as
requested. If there are no books on tables, it should be able to ask more information through
clarification questions: “I don’t see books on tables, what did you mean?” [2, 256, 3]. This
active participation, where the agent takes the initiative to ask clarifying questions, is key
to ensuring that both parties are aligned in their efforts and that the task can be executed
correctly.

Unlike traditional chatbot systems, which merely provide reactive answers, collaborative
agents must be proactive, constantly assessing the current state of the environment and
how it affects task completion [256]. They must dynamically engage in problem-solving by
verifying that the commands issued by the user are feasible and, if not, prompt the user
for further instructions or propose alternative solutions. For example, suppose the robot is
required to move an object that is too heavy for its capabilities. In that case, it should be
able to identify this aspect and promptly inform the user, such as “ This object is too heavy
for me, what else can I do for you?”. Sometimes, this agents learn to solve problems through
Reinforcement Learning [22] or Human Preferences [53], techinques very popular in the last
decades. While it remains an interesting and fascinating problema, in this thesis we are more
interested in the usage of Natural Language to interact with such agents, and so we will not

go into more details on the Reinforcement Learning topic.
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In order to understand the commands and check any inconsistency with the world, the
agents need a way to receive such information: Natural Language. Usually, humans like to
speak, verbally, but, for simplicity, suppose a text-based interaction, where the agent receives
the text the humans write and can interpret it. For assessing the state of the environment, the
simplest and intuitive way is to use cameras to capture pictures, in the same way we, humans,
use our eyes to observe the world. Moreover, agents that operate in these environments must
possess the ability to ground language in both the task at hand and the current state of the
environment, utilizing information from both visual and textual data [132, 188, 187]. In
doing so, they can better interpret and execute commands while maintaining a constant
dialogue with the human participant, ensuring that progress towards the goal is smooth and
efficient. In the end, this way of interacting resembles the way humans communicate, which
we always seek even with robotic entities. As we move towards more complex, interactive
environments, such as those found in robotic or virtual task-based scenarios [168, 256], this
collaboration must be tightly integrated. Models designed for multi-modal interaction, such
as those combining language and visual understanding [160, 284, 274, 105, 106], allow these
agents to perform tasks with higher precision and a better understanding of the surroundings.
They shift the focus from simple command execution to true collaboration, where human and
robotic actors work together, sharing information and actively resolving issues as they arise.
For this purpose, we will explore the interaction in a collaborative environment through

Natural Language.

4.2.1 Modern Collaborative Interaction Platforms

In collaborative environments, natural language (NL) plays a pivotal role in enabling ef-
fective interaction between humans and robots. A successful collaborative agent must go
beyond passively following instructions: it must actively engage in dialogue to interpret
commands, resolve ambiguities, and provide meaningful feedback. The objective is to create
a system where the robot not only understands NL commands but also integrates contex-
tual information about its environment to make intelligent decisions. By leveraging these
capabilities, the robot can dynamically adjust its actions and collaborate proactively with
the human user. This interaction mirrors human-human communication and forms the basis
for exploring platforms and datasets tailored to such collaborative scenarios.

While using a real robot for studying collaborative interaction may seem ideal, it is
often impractical due to several challenges. Real robotic systems are expensive to acquire
and maintain, require significant physical space for experimentation, and are subject to

unpredictable real-world variables that complicate controlled testing. Additionally, iterating
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on experiments with real robots is time-intensive and costly, making them less suitable
for large-scale research. These limitations underscore the value of simulated environments,
which provide a more accessible, scalable, and repeatable alternative for exploring natural
language-driven collaboration.

Simulation platforms offer a practical and efficient alternative for studying collaborative
interaction. They provide a controlled environment where experiments can be repeated un-
der consistent conditions, allowing researchers to focus on developing and testing models
without the unpredictability of the real world. These platforms are cost-effective, elimi-
nating the need for expensive hardware and maintenance, and they enable faster iteration
cycles by allowing immediate adjustments and testing. Although simulated environments
may not fully replicate the complexities of the real world, they are particularly well-suited
for tasks involving natural language interaction. By prioritising verbal exchanges between
agents and users, researchers can explore the dynamics of collaboration in scenarios where
physical actions are secondary to dialogue, making simulation platforms an invaluable tool
for advancing collaborative interaction studies.

Several simulation platforms have been developed to support research in collaborative
environments, each with distinct strengths and limitations. AI2Thor [135] provides photo-
realistic indoor scenes and is particularly effective for interactive Al tasks, though it can be
computationally demanding. iGibson [153] is well-suited for high-fidelity physics simulations,
making it ideal for robotics applications, although its steep learning curve and hardware re-
quirements may pose challenges. Habitat [232, 251] offers an efficient simulation framework
for embodied Al research, focusing on navigation and exploration, though its interaction
capabilities are limited. ThreeDWorld [86] excels in multi-agent interaction and realistic
physics for both indoor and outdoor scenarios, enabling complex collaborative tasks, but it
lacks comprehensive vision capabilities. Finally, SAPIEN [279] provides high-quality ren-
dering and physics for object manipulation tasks, making it a strong contender for robotics
research, though its emphasis on manipulation may limit its versatility for broader collabo-
ration studies. These platforms offer diverse capabilities, allowing researchers to choose the
one best aligned with their specific goals.

Interactive data is equally crucial for studying collaborative environments, as it captures
the richness of human-like communication driving natural language interactions. This type
of data allows researchers to examine how robots interpret ambiguous commands, ask clarify-
ing questions, and adapt their responses based on user feedback. By prioritising human-like
interaction over task-oriented dialogues, researchers can develop agents capable of engaging
in meaningful and contextually aware conversations. While task-oriented datasets are useful

for specific applications, they often lack the fluidity and realism of human-human commu-
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nication. Interactive data bridges this gap, providing a foundation for systems that mimic
natural dialogue while incorporating simple task-driven interactions.

Several datasets have been developed to support research in interactive and task-oriented
dialogues, each offering unique advantages and limitations. Interactive Task Learning [151]
focuses on enabling robots to acquire new tasks through natural dialogues with humans.
While it provides valuable insights into task acquisition, its scope is primarily task-oriented
rather than promoting rich, collaborative exchanges. Similarly, the Collaborative Dialogue
in Minecraft [193] dataset offers structured interactions in a simulated world, allowing re-
searchers to explore task execution through NL commands, but it is less focused on natural,
free-flowing dialogue. The ConvAI3 ClariQ) [5] dataset centres on generating clarifying ques-
tions for open-domain dialogue systems, but its artificial and narrowly focused approach
limits its applicability to human-like communication scenarios. DialoGLUE [175], while
a robust benchmark for task-oriented dialogues, lacks the realism needed to simulate col-
laborative human-robot interactions effectively. These datasets provide valuable resources
for understanding specific aspects of dialogue systems but fall short in supporting broader
studies on collaboration and ambiguity resolution.

Among the available options, the IGLU 2022 [133, 132, 187, 188] dataset stands out as
an ideal choice for studying collaborative interaction. It features a Minecraft-like simulated
world, offering a simple and flexible environment composed of coloured blocks where robots
can process natural language commands and clarify ambiguities through dialogue. Unlike
other datasets, IGLU emphasises the robot as an active collaborator, not merely a reactive
agent. Another key advantage of IGLU is its inclusion of clarification questions, enabling
the exploration of ambiguity resolution in natural language commands. Its recent launch
at NeurIPS 2022 highlights its relevance and alignment with cutting-edge research. By
focusing on collaboration within a dynamic and interactive simulated world, IGLU provides a
comprehensive foundation for examining the nuances of natural language interaction, making

it the most suitable platform for this thesis.

4.2.2 Interactive Grounded Language Understanding

The Interactive Grounded Language Understanding (IGLU) task stems from the broader
goal of improving communication between humans and artificial agents, particularly in col-
laborative scenarios where natural language facilitates interaction. This task was a key focus
of the NeurIPS 2022 IGLU challenge [133], a competition aimed at advancing the state of
natural language understanding and interaction in human-robot collaboration. The chal-

lenge united researchers to develop agents capable of understanding, reasoning, and acting

150



CHAPTER 4. NATURAL LANGUAGE UNDERSTANDING IN HRI

on human commands within a controlled environment.

The IGLU task takes place in a simulated environment featuring two agents: the (hu-
man) Architect and the (robotic) Builder. Together, they collaborate to construct complex
structures using coloured blocks. The Builder’s objective is to interpret and execute the
Architect’s instructions to recreate a specified target design. Success in this task requires
the Al agent not only to process language but also to engage in active communication when
uncertainties arise. The interaction between the Architect and Builder is bi-directional.
While the Architect provides construction commands, the Builder must evaluate whether
the instructions can be executed within the given context or whether further clarification
is necessary. This dynamic, interactive process of clarifying instructions is central to the
complexity of the IGLU task. It mirrors real-world collaboration, where humans and robots
must adapt to each other’s responses to achieve shared goals effectively. A defining aspect of
the IGLU task is its handling of role inversion. When the Builder encounters ambiguous or
incomplete instructions, it must shift roles and ask clarifying questions, effectively becoming
an active participant, while the human assumes the role of a “passive answerer”. This role
inversion demands that the Builder not only parse and comprehend the provided language
but also generate contextually appropriate questions that elicit useful responses from the
human collaborator.

For instance, consider the scenario depicted in Figure 4.4. In the upper part, the Architect
issues a clear instruction, such as, “At each end of the orange row, place one red block”. Since
this command is unambiguous given the current state of the simulated 3D environment, the
Builder can execute it successfully, producing the expected result, as shown on the right. In
contrast, the bottom part illustrates a more complex scenario. The Architect provides the
command, “Place two blue blocks on the leftmost red block” Here, the phrase “the leftmost
red block” is ambiguous because it could refer to different blocks depending on the Builder’s
orientation within the 3D environment. To resolve this ambiguity, the Builder must ask a
relevant question, such as “Which direction is the leftmost facing: Fast or West?”. This
example highlights the AI agent’s essential capacity for adaptive interaction and deeper
comprehension, moving beyond simple command execution to collaborative problem-solving.

The NeurIPS 2022 IGLU challenge was designed to benchmark and encourage advance-
ments in Natural Language Processing, Machine Learning, and Human-Robot Interaction.
Participating teams were tasked with developing Al agents capable of completing the IGLU
task with high efficiency and accuracy. The structure of the challenge included several key

aspects:

o Task Diversity: Commands in the challenge varied in complexity, ranging from

straightforward, single-step instructions to multi-step, context-dependent directions.
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3D environment Expected result

( \ Command \

At each end of the orange row, place [ [
‘ one red block vq ]

Command

[ 1]

- Place two blue blocks on the leftmost ‘

. — red block
b B: Which direction is the
leftmost facing: East or West?

Answer

Figure 4.4: Taken from IGLU challenge description. Top: The architect’s command was
clear and no questions were needed, thus the Builder can execute it. Bottom: The word
‘leftmost’ in the Command is ambiguous, so the Builder asks a clarifying question.

These commands tested the limits of both language understanding and strategic inter-
action. For instance, some commands required the Builder to infer information from
the combination of the command and the current state of the environment. In such
cases, clarification questions were unnecessary, as the Builder was expected to deduce
the correct action and confirm its ability to execute the command. This exemplifies
the demand for an Al agent to seamlessly integrate linguistic input with environmental

knowledge.

o Tasks and Evaluation Metrics: The IGLU challenge comprised two primary tasks:
When to Ask and What to Ask.

— The When to Ask task assessed the ability to classify a command as executable
or non-executable. This binary classification task was evaluated using the F1
score, which measured the capability of the model to determine whether suffi-
cient information was available to proceed or whether further clarification was

necessary.

— For commands classified as non-executable, the What to Ask task evaluated the
ability to produce the most relevant question. Initially, this task was framed as
a retrieval problem, where the model ranked a closed set of candidate questions,
selecting the highest-ranked option as its output. The Mean Reciprocal Rank
(MRR) metric was used to evaluate the retrieval task, capturing the likelihood
that the model identified a clarifying question that effectively advanced the in-

teraction.
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While these metrics offered a structured evaluation within the controlled challenge
environment, they present limitations when applied to real-world scenarios. In practice,
Al systems often generate responses rather than selecting from predefined sets, allowing
for greater flexibility, linguistic diversity, and context-specific nuance. This generative
approach enables Al agents to craft tailored responses, fostering natural and dynamic
interactions. Thus, although the F1 and MRR metrics were effective for the IGLU
challenge constraints, they do not fully encapsulate the complexity and fluidity of

open-ended, real-world interactions.

« Realistic Interaction Modeling: The challenge emphasized the importance of simu-
lating realistic human-agent interactions, requiring robust systems capable of managing
linguistic ambiguities, incomplete information, and the unpredictability inherent in hu-
man communication. Additionally, some commands were intentionally ill-structured,
comprising random yet thematically relevant words, to test the robustness of the mod-
els. For example, consider the command “Facing north, blue and purple blocks will
be arranged one by one”. While the command includes plausible vocabulary for the
scenario, it lacks executable meaning, irrespective of the environment state. Such
commands invariably necessitated a clarification question, challenging the Al system

to identify and respond appropriately to ill-formed inputs.

One of the primary challenges in IGLU is that language, as used by humans, is inherently
flexible and context-sensitive. Commands such as “Place a block here” or “Make the left
side higher” are often vague unless supplemented with contextual knowledge or additional
input. This ambiguity requires an Al system to not only parse the language but also infer
meaning based on the current environment. The need for models to manage this complexity

highlighted several research questions:

« How can Al agents dynamically decide when required information is missing (and

thus to seek clarification) versus when to proceed based on partial information?

o What strategies can be used to train models to generate contextually relevant

questions that mimic human-like requests?

« How can we evaluate the quality of the generated answers, given that free-text

responses pose challenges for comparison with the ground truth?

o How can multi-modal input (e.g., visual and textual data) be leveraged to improve

decision-making in collaborative environments?
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« (Can we extend ‘one-turn-interaction’ to a dialogue, enabling the model to ask multiple

questions to retrieve all relevant information for a complete request?

These questions set the stage for the development of more sophisticated models capable
of engaging in interactive dialogue, with performance measured not just by task completion
but also by the quality of interaction. In the following sections, we will explore the IGLU

challenge and address these research questions where possible.

An End-to-end Transformer-based Model for IGLU. As an initial solution, the BART-
IGLU [117] model was developed to address the IGLU task, leveraging the foundational ca-
pabilities of the Bidirectional and Auto-Regressive Transformers (BART [152]) architecture.
Known for its robust language generation and comprehension abilities, BART operates as
a sequence-to-sequence model pre-trained as a denoising autoencoder. This pre-training en-
ables the model to reconstruct the original form of an input sentence that has been corrupted,
making it particularly well-suited for tasks requiring both understanding and generating co-
herent language. For the IGLU task, the BART model was adapted to process instructions,
determine executability, and generate clarifying dialogue as necessary.

Typically, participants in this challenge model the process using an initial classification
step to determine whether a given command can be executed within the current environment.
This is followed by a retrieval process to select the most suitable clarifying question when the
command is ambiguous [133]. Notably, none of the approaches employed in the challenge
are fully end-to-end systems, as they do not directly produce affirmative answers or seek

assistance when presented with a question as input. Instead, they rely on a two-step process.

{ MD: There are six red blocks, one
i of which is on the ground, eight
i purple blocks, four of which are on |
i the ground, no green blocks, ... '

Map

Description
Module

Figure 4.5: The flow for converting the 3 dimensional information of the world in natural
language.

Central to the adaptation of BART for the IGLU environment was the implementation
of a Textification strategy, which mirrors the approach used in the GrUT [108] model, as dis-
cussed in the previous section. Teztification involves converting environmental observations
into structured textual representations that the model can interpret, transforming environ-

mental information into text to leverage the language modeling capabilities of BART. This
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step was essential because BART, in its original form, is designed to handle text-only input.
We adopted a similar approach by combining textual descriptions of maps with natural lan-
guage commands. To construct a textual description of a map, we provide information about
the blocks, their positions, and their colours. This process is illustrated in Figure 4.5, which
references the description of the environment in Figure 4.6. This structured description
forms the foundation of this approach and provides context for the BART model. Addition-
ally, details such as the colours of the blocks on the ground can be utilized in ambiguous
situations. Subsequently, we combine this textual Map Description (M D) with a natural
language command, such as “Break the green blocks.”. Together, these components form the
input for the BART-based system. The model interprets the textual map description and
the command, generating a corresponding question when more information is needed. For
example, the output question might be: “There are no green blocks, which blocks should
I break?”. A critical aspect to emphasize is the context-awareness of BART through the
M D, which allows it to generate questions about missing information or ambiguities in the
given command. As a result, the M D functions as both a descriptor of the Minecraft-like
environment and a surrogate for visual information.

The application is thus straightforward: BART takes as input the M D and the natural
language command, producing either an affirmative answer such as “I can execute it” when
the command is clear and coherent with the environment or a clarification question in free

text form when ambiguities or inconsistencies arise.

Experimental Setup and Evaluation. In this section, we assess the proficiency of the
trained model in generating contextually grounded questions, which serves as evidence of its
ability to comprehend instructions and identify missing information that can be reformulated
into a question. This evaluation provides valuable insights into the cognitive understanding
of the model and its competence in generating contextually relevant questions. First, we
scrutinize the quality of the answers produced by BART. Then, we explore whether an end-
to-end system can successfully generate valid responses. It is important to note that while
two sentences, denoted as A and A’, may exhibit variations in their BLEU scores, they can
still be semantically coherent with respect to the task. Therefore, we conduct a thorough
manual analysis of the generated questions. Since the answers of the model are in free text
form, evaluating them presents certain challenges [6]. Inspired by works such as [144], we
introduce two new human-judged evaluation metrics: Utility and Fluency.

The model is based on BART-base, implemented using the Huggingface framework®. The
training process involves providing as input the concatenation of the environment description

and the user utterance, while the output is the expected response from the robot. This

8https://huggingface.co/facebook/bart-base
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response is the artificial string “I can execute it.” if no additional information is required or
the appropriate clarifying question if more information is needed. The hyperparameters are
detailed in Table D.1 in the Appendix. For the execution of commands in the environment,
other works, such as [126], have explored this topic; however, it is beyond the scope of this
work.

We evaluated the quality of the generated text by measuring the BLEU score between
the correct and generated sentences. The results are as follows: BLEU1 = 0.255, BLEU2
= 0.147, BLEU3 = 0.083, and BLEU4 = 0.061. It is evident that as the expected n-grams
increase, the BLEU score decreases, with BLEU4 reaching a low value of 0.061.

However, BLEU, originally designed for tasks like machine translation, can be overly
restrictive. For instance, in response to a command such as “Destroy all the red blocks”, a
system answering “The map contains no red blocks” may share no common terms with a
response like “I don’t see any elements of the requested color”, resulting in a BLEU score of
0.

To address these limitations, we conducted a qualitative assessment using a test set com-
prising 683 examples. From this set, we selected a subset of 47 examples where the system
generated a request. We manually examined whether the generated sentences, although
differing from the expected ones, contained questions that were useful in resolving the am-
biguity or limitations of the user’s request. Generated sentences meeting this criterion were
considered correct; otherwise, they were considered incorrect. This allowed us to compute a
Relaxed-Accuracy, defined as the percentage of examples manually considered correct.

Additionally, for the error analysis, we identified eight categories of “missing” information
in the commands that the gold-standard (GS) annotated question addresses. These cate-
gories include aspects such as the NUMBER or COLOR of blocks to be placed or removed, the
DIRECTION in which a line of blocks must be placed, or BLOCK MISSING, where the com-
mand refers to a specific block that does not exist in the environment. Table 4.10 describes
all the identified categories, along with an example question for each.

As shown in Table 4.10, the reported Relaxed-Accuracy is quite low in most categories,
with DIRECTION achieving 22.23%. This is primarily due to two phenomena: i) the majority
of the commands in the test set are complete, and the BART system presented in this work
correctly generates the sentence “I can execute it.”, indicating that no additional questions
are needed (the COMPLETE category); i) BART fails to generate the exact question an-
notated by the Gold Standard. Despite low performance in certain specific categories, the
OVERALL Relaxed-Accuracy reaches 92.54%, which is a noteworthy result given the com-
plexity of the task and the limitations of the dataset. A detailed error analysis of this model
is provided in Appendix E.
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Category ‘ Description with example ‘ Relaxed-Acc
BLock “Which specific block do you mean 2”7 38.46%
VERTICAL-HORIZONTAL | “How are they arranged? Vertical or horizontal?” | 50.00%
NUMBER “How many blocks? Or how long?” 57.14%
SQUARE “Where should I place the blocks?” 77.14%
COLOR “Which color should the block be?” 50.00%
DIRECTION “In which direction? What is the orientation?” 22.23%
BLoCK MISSING “There is no red block” 58.34%
COMPLETE “I can execute it.” 97.81%
OVERALL - | 92.54%

Table 4.10: The categories of “missing” information in the command identified in this work.
Each category is described by a question example. A “Relaxed” Accuracy is computed for
each category on the test set.

As previously discussed, exact match comparisons between two sentences often lack the
informativeness needed to fully assess the capabilities of Generative Models. To address this,
we introduced two additional metrics involving human judgment: individuals were asked to
determine which response they preferred and which exhibited superior English syntax and
semantics. This assessment offers a holistic perspective on both the linguistic quality and
the contextual accuracy of the generated questions.

In the evaluation process, we assessed the test dataset using two key metrics: Utility
and Fluency. These metrics were instrumental in evaluating the performance of the BART
model. Utility, the first metric, evaluates the ability to generate a coherent question that
directly addresses the missing information in the given command. In essence, it measures
the proficiency in generating relevant questions to elicit the required information. Fluency,
the second metric, evaluates the grammatical correctness and natural flow of the generated
questions in English, irrespective of the correctness of the response itself. Table 4.11 provides

the scores for these two metrics, along with brief descriptions of each score.

Score ‘ Utility ‘ Fluency

1 Completely inconsistent Not English

2 Incorrect question Random English words

3 Awareness of the task, but the question is not relevant Understandable but critical errors
4 Asks at least one missing information (color, blocks, etc.) | Light grammatical errors

5 Perfect Perfect

Table 4.11: Scores for the Utility and Fluency metrics from 1 to 5, where both need to be
maximized.

To ensure objectivity and impartiality in this evaluation process, we enlisted the assis-
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tance of an evaluator who was not part of the development team. To avoid any bias, it was
essential that this external evaluator remained unaware of whether the sentences they were
assessing originated from the Gold Standard (GS) or BART. This unbiased assessment was
conducted on the test dataset comprising 230 sentences, where the question provided by the
GS differed from the question generated by BART. These examples were evenly split be-
tween BART and the GS and were paired with the visual representation of the environment
(as shown in Figure 4.6). This process enabled us to derive meaningful insights into the
semantic and syntactic capabilities of the model, highlighting both its strengths and areas
for improvement.

The Gold Standard annotation achieves a Utility score of 3.10, indicating that the an-
notated data of the IGLU competition is not consistently accurate, occasionally lacking
comprehensive information and sometimes posing misleading questions. In contrast, the
BART model achieves a higher Utility score of 3.95, reflecting its ability to generate more
relevant questions that address critical missing information in the command, despite occa-
sional inaccuracies. Regarding Fluency scores, both models perform exceptionally well, with
no significant disparities observed: the Gold Standard annotation attains a score of 4.84,
while the BART model achieves a slightly higher score of 4.97.

The strengths of BART-IGLU lay in its effective text processing and adaptability for
HRI. Its ability to maintain high fluency throughout interactions made it an appealing tool
for scenarios requiring seamless communication. However, the reliance on the textification
introduced certain limitations. Since visual information had to be translated into text,
the model often missed the nuances of spatial relationships that could be better captured
through direct visual input. This gap became particularly evident in tasks that involved
complex spatial reasoning or multi-step commands, where text alone could not fully convey
the necessary context.

The shortcomings of BART-IGLU underscored the need for an enhanced approach that
could integrate multi-modal data, leading to the development of the MM-IGLU model. This
transition aimed to overcome the limitations of text-only input by generating the visual
representation of the environments and subsequently incorporating such information along

with the text of the command, offering a richer context for understanding and interaction.

4.3 Multi-Modal Interaction in HRI

The approach of the BART-IGLU model to interpreting environmental context was con-
strained by its text-only input. Without direct access to visual cues, the model often gen-

erated redundant or suboptimal questions, particularly when handling commands involving
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Figure 4.6: An example of visual rendering of the environment, where the Instruction given
by the Human is “Break the green blocks” and the expected answer is “There are no green
blocks, which blocks should I break?”.

spatial relationships or specific positioning that could be inferred by visually observing the
environment. Relying solely on text descriptions increased the potential for misinterpre-
tation and unnecessary clarification questions. To address these limitations, the resource
Multi-Modal IGLU (MM-IGLU) [118] was developed by generating images of each environ-
ment coupled with the commands from the original challenge. Furthermore, a multi-modal
architecture was introduced to integrate visual data directly into the interaction process.
This enhancement enabled the model to interpret spatial relationships and environmental
cues more accurately, reducing ambiguity and improving the quality of interactions.

One of the critical steps in transitioning to MM-IGLU was the expansion of the IGLU
dataset to include visual representations of the environments associated with each instruc-
tion. Originally, the dataset comprised only textual commands and JSON-like environment
descriptions, which limited the ability to understand the spatial aspects of the task. To
enable MM-IGLU to utilize visual information, 3D images of various construction environ-
ments were generated, capturing the layouts and configurations relevant to each task. This
refined dataset now offers not only textual information but also multi-modal data, encom-
passing both images depicting the world for each command and a meticulously constructed
textified environment description from the previous Section. These descriptions ensure a

controlled syntax, free from hallucinations, thereby providing a more robust dataset for a
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comprehensive range of methodologies.

The architecture of the MM-IGLU model was based on the Large Language and Vision
Assistant (LLaVA) [160] framework, which provided to process and understand complex
instructions that rely on spatial and visual cues in addition to language. By combining a
vision encoder with a language model, LLaVA provides a structure that allows MM-IGLU to
generate responses grounded in both textual and visual contexts, which is critical for the

nuanced interactions required in the IGLU task.

World

Generation
Module

Figure 4.7: The image generation process, where each JSON-like environment description
corresponds to a 3D colored image.

4.3.1 Building the MM-IGLU Resource

To enrich the IGLU dataset with multi-modal evidence, we introduced two additional di-
mensions for each command-question pair: ¢) images depicting the block configurations in
the environment, and 7) environment descriptions in natural language.

Images are generated by extending the gridworld tool provided in the competition to
initialize an empty environment from the JSON-like description (Figure 4.7) provided by
IGLU and automatically placing one block at a time in the correct position. A single
viewpoint was carefully selected to represent the agent’s perspective within the simulated
world, positioning it at a slightly elevated angle from the ground to maximize the visibility
of the blocks present, as illustrated in Figure 4.6. All images were generated at a resolution
of 256 x 256 pixels. The description process corresponds to Figure 4.5, as discussed in the
previous section on BART-IGLU.

We provide a new split of the overall dataset into Training, Validation, and Testing sets
(the latter not available during or after the competition), as detailed in Table 4.12. Out
of the 5,530 training commands, 717 (12.97%) were annotated as “Ambiguous” (i.e., they
require at least one question to advance in the task), while 4,813 (87.03%) were considered
“Clear” instructions (i.e., executable without further clarification). The average length of

clarifying questions is approximately 12 words, indicating that these questions tend to be
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Instructions Avg Len
Section | #2Exs #Clear #Amb C Q
Train 5,530 4,813 717 | 18.60 12.25
Val 615 531 84 | 1742 11.46
Test 683 594 89 | 18.76 11.69

Table 4.12: Statistics of the datasets for total examples (“#Exs”), clear commands
(“#Clear”), ambiguous commands (“#Amb”), and average word length for commands (“C”)
and questions (“Q”).

quite specific. The same trend is observed in the Validation set with 615 total commands
and the Testing set with 683 total commands. Additional details and analysis about the

resource are provided in Appendix D.

4.3.2 LLMs for Multi-modal IGLU

We utilize advanced Transformer-based models and Large Language Models (LLMs), specif-
ically tailored for sequence-to-sequence tasks. Whether processing an image or textual de-
scription, the objective of the model remains consistent: to take an input (either text or
text paired with an image) and produce a precise output in natural language. Within the
IGLU framework, two tasks are integrated: classification and generation. The classification
task prompts the model to decide whether the given command is executable based on the
provided context. If executable, the model confirms with a “Yes”; otherwise, it signals a
“No”. The generation task is employed when the command lacks clarity, requiring the model
to formulate a pertinent question to gain the necessary information. Inference for these tasks
can follow two approaches. The first is a two-step method, where the model initially deter-
mines the executability of a command and, if incomplete, subsequently generates a clarifying
question. The alternative is a monolithic strategy, where the model either confirms “I can

execute it” or directly poses the required question.

Language Response X, Q Q Q

Language Model f¢

OO0 A0

Projection W
rojection Z. H, *Hq

el Xv Image Xq Language Instruction

Figure 4.8: The LLaVA network architecture, taken from [160]

We adopted the Multi-modal approach based on the Large Language and Vision Assis-
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tant framework (LLaVA) introduced by [160]. LLaVA integrates foundational visual models
with linguistic models, employing a single-layer neural network, known as the Projector, to
align the output representation from the visual model with the input representation from
the language model. The architecture of LLaVA is depicted in Figure 4.8. In this figure,
X, and X, represent the image and input text, respectively, while H, and H, denote their
embedding representations, aligned with the language model. The input text X, undergoes
tokenization, while the image X, is processed through the Vision Encoder and the Projection
layer W to align it with the Language Model vector space. This alignment ensures effective
communication between the vision and language components, enabling it to leverage both
modalities. The LLaVA architecture in MM-IGLU begins by processing visual data through
the vision encoder. This encoder, based on convolutional neural networks (specifically CLIP
[215]), extracts essential features from the images, such as shapes, colours, spatial arrange-
ments, and object relationships, into an embedding vector. These features are then passed
through a projection layer, transforming the vector into a space interpretable by the lan-
guage model. This transformation ensures compatibility between visual information and the
text-based components of the model. Concurrently, the textual instruction provided by the
Architect is fed into the language model. The language model, typically a large Transformer-
based architecture, interprets the instruction in light of the current task context. When the
projected visual features and textual representations converge in the language model, they
produce a response reflecting both the immediate visual environment and the intent of the
command. This alignment allows MM-IGLU to generate context-aware responses grounded in
both modalities.
The model is fine-tuned® by taking as input the tuple:

(Introduction, Prompt, Image, Command)

The Introduction provides contextual background for the task and reads:

“In this virtual world reminiscent of Minecraft, you are a robotic entity equipped with the ability
to move freely, place or remove blocks within the environment. Imagine you are situated in the
environment depicted in the image provided. Your task is to determine whether you can execute a
given command based on the current configuration of the world. If you require additional
information to carry out the command effectively, you should respond by asking relevant clarifying
questions, such as inquiring about block colors, quantities, directions, or any other necessary

details.”

9Initially, this model was tested in a zero-shot manner, but it resulted in unstable outcomes, often leading
to hallucinated answers. While most sentences generated were sensible, they typically failed to demonstrate
an understanding of the need to perform actions within the environment, often miscounting blocks.
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The Prompt specifies the subtask. For the classification task, it states: “Respond with
‘Yes’ if you can execute the command, or ‘No’ if additional information is required.” For the
generation task, the prompt is: “Answer with I can execute it’ if the command is executable, or
pose a pertinent clarifying question if further details are needed.”.

The Image token serves as a placeholder, replaced by X, through the vision encoder, while
the Command represents the input natural language command. Thus, X, is the concatenation
of Introduction, Prompt, and Command. The output X, of the model follows a “Yes/No”
structure for classification tasks or generates a direct question or affirmative response, “I can
execute it”, for generation tasks.

Inspired by the approach of ExtremITA [109], which demonstrated effective data fusion
from multiple tasks to guide LLM prompting, we introduced the capability for multi-modal
models to train a single LLaVA model by combining data from both classification and gen-
eration task prompts. This multi-task learning approach is promising, as it allows tasks to
mutually benefit each other. Specifically, the generation task may improve as the model
implicitly specializes in the classification task. From a practical perspective, this is achieved

by merging training datasets generated from both modalities with task-specific instructions.

4.3.3 Experimental Setup and Evaluation

In this section, we assess the proficiency of the Multi-Modal model in generating contex-
tually grounded questions, which serves as evidence of its ability to comprehend instruc-
tions and identify missing information that can be reformulated into a question, similarly
to BART-IGLU. Additionally, we apply the same human-judged evaluation metrics: Utility
and Fluency.

In the LLaVA architecture, two essential components must be selected: the LLM and
the Vision Module for encoding images. Following initial experimentation, we adopted the
combination of CLIP [215] for the Vision Module and LLaMA2 [261] for the LLM, as they
produced superior results on the development set. While other contenders such as Vicuna
[289] and Guanaco [69] were considered, their results are omitted as they were considerably
low. LLaMA2, implemented using the HuggingFace framework, is available in different sizes
(7b vs 13b) and variations (base or chat versions). The Vision Module, based on CLIP,
remained frozen throughout all experiments'®. The projector, a single-layer Feedforward

Neural Network, was initially based on LLaVA’s release but later re-tuned from scratch,

0The fine-tuning process adhered to the one described in [160]. Their rationale was that CLIP performed
well on their images without further tuning. Although the images are in a “Minecraft-style”, zero-shot
descriptions requested from the model were accurate, indicating understanding to some extent and that no
additional fine-tuning of CLIP was necessary.
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resulting in slightly improved convergence. The hyperparameters were optimized on the

development set and are summarized in Table D.1 in the Appendix.

Evaluating the Question Generation Process. We present the results from various
Language Models applied to Classification (deciding whether to ask or not) and Generation
(determining what to ask) tasks. All models fine-tuned using the LLAVA framework employ
the same CLIP visual encoder, which remained “frozen” during fine-tuning. Evaluation was
conducted based on Macro-F1 scores, treating the phrase “I can execute it.” as the positive
response to the command “Can you execute this command?”. For Classification (as shown in
Table 4.13), the Text-Only BART-IGLU model, reliant on the command and environment
description, achieved a Macro-F1 score of 74.36%. This performance was primarily hindered
when determining whether to pose questions (negative F1). The model, initially designed
for question generation as detailed in the previous section, exhibited classification as a side
effect of its training. Fine-tuning BART specifically for classification and multitask modes
yielded similar results to its generation mode. Notably, the model equates “ Yes” with “I can
execute it.”, highlighting limited multitasking generalization. A direct comparison with the
systems participating in the IGLU competition is infeasible due to the unavailability of test
data. However, the top three competition systems scored Macro-F1 scores of 76.6%, 76.1%,
and 75.4% [133]. Despite differences in the test sets, this local test results are comparable

to the top-performing systems, emphasizing the end-to-end nature of these models.

Model name ‘ Type Tr.task ‘ F1 Pos F1 Neg M-F1
BART-IGLU TO Gen 93.76%  54.55%  74.36%
LLaMA2-7b MM Class 96.04%  62.06%  79.05%
LLaMA2Chat-7b MM Class 96.42%  67.16%  81.79%
LLaMA2-13b MM Class 96.19%  64.12%  80.16%
LLaMA2Chat-13b | MM Class | 96.43% 67.16% 81.80%
LLaMA2Chat-13b | MM MT 96.35%  66.17%  81.26%

Table 4.13: The Classification performance is divided into F1 of the positive class (the
command is clear), F1 of the negative class (the command is ambiguous), and the Macro
F1 of the two. The Type TO stands for Textual-Only and MM stands for Multi-Modal.
MT here stands for Multi-Task training, i.e. the union of the Classification dataset and the
Generation one, using ad hoc instructions.

In Multi-Modal (MM) solutions using LLaMA2 checkpoints from the LLAVA framework,
initial results were suboptimal, likely due to LLaVA’s training on real images rather than
Minecraft-style environments. Subsequently, we focused on fine-tuning Meta-LLaMA2 mod-
els for command Classification. These models exhibited improved performance, especially

the Chat variants, which were pre-trained on instruction data. The 7b variant improved from
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79.05% to 81.79%, while the 13b variant rose from 80.16% to 81.80%. Interestingly, no signif-
icant difference was observed between the two sizes. We further trained the LLaMA2Chat-
13b version using Multi-Task training, alternating between Classification and Generation
tasks. While this approach resulted in a slight decline in Classification performance, reach-
ing 81.26% Macro-F1, it later demonstrated improved performance in the Generation task,

confirming the initial hypothesis of mutual benefits in multi-task learning [109].

Model name ‘ Type Tr. task ‘ F1 Pos F1 Neg M-F1

BART-IGLU TO Gen 93.76% 7.14% 50.45%
LLaMA2Chat-13b | MM Gen 93.90%  45.26%  69.58%
LLaMA2Chat-13b | MM MT 93.95% 47.89% 70.92%

Table 4.14: The Generation performance is divided into F1 of the positive class (the com-
mand is clear), F1 of the negative class (the command is ambiguous), and the Macro F1 of
the two. The Type TO stands for Textual-Only and MM stands for Multi-Modal. MT here
stands for Multi-Task training, i.e. the union of the Classification dataset and the Genera-
tion one, using ad hoc instructions.

4.3.4 Utility and Fluency Evaluation

We evaluated the Utility and Fluency aspects of the generated answers once again. As
usual, we enlisted two external annotators unfamiliar with the specifics of the project. They
were provided with both system-generated examples and gold standard examples requiring
clarifications, without any indication of their source. This approach was designed to minimize
bias. Each annotator was instructed to rate the clarifications along two dimensions. First,
they assessed Utility, assigning a score between 1 and 3 based on the guidelines in the second
column of Table 4.15. This measure captured the effectiveness of the clarification concerning
the task in a nuanced manner. Second, they evaluated Fluency, assigning a score between 1
and 3 based on the criteria in the third column of Table 4.15, which focused on the quality
of the English writing, including grammatical and syntactical correctness. Compared to
BART-IGLU, the scoring range was reduced to 1-3 to mitigate excessive variability observed
in previous results.

The results are presented in Table 4.16. The MM-model achieved the highest Utility score
of 2.73 (out of 3), reflecting its ability to generate relevant questions and address important
missing information, though occasional inaccuracies persist. In terms of Fluency scores, all
models performed exceptionally well: 2.91 for the Gold Standard annotation, 2.98 for the
BART-IGLU model, and 2.99 for the MM-model. The Pearson correlation between the two
annotators was (.64 for Utility and 0.81 for Fluency. The results indicate that the model
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Score ‘ Utility ‘ Fluency

Not English or
random English words

1 Incorrect classification

The clarification suggests English with

2 awareness of the task but .
. grammatical errors
misses some key aspects
3 ‘ Perfect ‘ Perfect

Table 4.15: Scores for the Utility and Fluency metrics from 1 to 3, where both need to be
maximized.

generates simple, effective, and linguistically correct sentences, leveraging the strengths of

the LLM, and appears even more useful than the clarifications suggested by the original

annotators.
Dataset ‘ Utility ‘ Fluency
Gold standard 2.16 2.91
BART-IGLU 2.37 2.98
MM-model 2.73 2.99

Table 4.16: Utility and Fluency results for the Gold Standard (GS), the linguistic-only
BART-IGLU, and the Multi-Modal model (MM-model).

The integration of vision and language in MM-IGLU, particularly through the use of a
recent and larger LLMs based on LLaMA, allows the model to generate responses that are
more diverse and linguistically nuanced. Traditional retrieval-based systems are constrained
to selecting responses from a fixed set, reducing flexibility. However, with the generative
capabilities provided by the LLaVA architecture, MM-IGLU has the freedom to craft responses
that reflect subtle variations in task context, enabling more dynamic and natural interactions.
This approach allows MM-IGLU to extend beyond the constraints of the original challenge,
paving the way for future advancements in tasks and datasets.

The inclusion of visual data provided the Builder with direct visual context, allowing it
to infer information that would otherwise require verbal clarification. For example, in tasks
where block arrangements or orientations were unique, the Builder could directly observe the
necessary configurations from the image, avoiding redundant queries. This dataset expansion
offered a richer and more realistic context for training and evaluating the model, enabling a
more efficient interaction process. The integration of visual data fundamentally shifted the

perspective on how this task can be approached.

166



CHAPTER 4. NATURAL LANGUAGE UNDERSTANDING IN HRI

While English remains a resource-rich language with extensive experimentation, Italian
is significantly less represented. Testing such an architecture on Italian is both a compelling
challenge and an area of potential development. This exploration is addressed in the next

section.

4.3.5 MM-IGLU-IT: Expanding Multi-Modal IGLU for Italian

Following the development of MM-IGLU for English-language interaction, the limitations of
language exclusivity became increasingly evident, particularly for Human-Robot Interaction
(HRI) in diverse linguistic contexts. While MM-IGLU enabled the model to handle multi-
modal instructions with spatial and linguistic grounding, it lacked adaptability to Italian, a
language underrepresented in large language models. This gap posed a significant challenge
in achieving inclusive and linguistically accurate interaction capabilities, as [talian language
nuances introduce complexities not fully addressed by existing English-trained systems, as
demonstrated in [115]. These differences became more pronounced, highlighting the need
for an Italian-specific dataset that could support nuanced clarifications and context-aware
dialogue generation without relying solely on translated English data. The goal of MM-IGLU-
IT [37] was therefore to create a dedicated multi-modal Italian dataset to address these
challenges, enabling the model to engage naturally and accurately in Italian. By developing
a resource tailored to the Italian language structure and usage, MM-IGLU-IT enhances the
ability to generate linguistically appropriate responses, perform grounded interactions, and
achieve high utility and fluency in Italian-language HRI tasks.

Inspired by the approach of [65], which translated the Visual Question Answering dataset
into Italian, we utilized DeepL for the initial translation!!. However, unlike [65], which vali-
dated only the test set, this process involved manual validation of the entire dataset, includ-
ing training, validation, and test sets, by two annotators. This comprehensive validation
ensured the integrity of the data, reducing the exposure of models to synthetic data and
enhancing the training process. Before completing validation, we evaluated the translation
quality using BLEU [206] scores on the test set for both user commands and clarification
questions, compared with the manual validation. The results are presented in Table 4.17.
High BLEU-1 scores indicate good overall translation quality, but the decline in scores with
higher n-grams highlighted the need for further corrections. This prompted a manual val-
idation of all translations to ensure accuracy. Consequently, MM-IGLU-IT encompasses the
same 6,800 examples, as detailed in Table 4.12. Each example includes an image depicting

the arrangement and colors of blocks in the environment, accompanied by a command. If

" Source accessed in March 2024 at https://www.deepl.com/it/translator.
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- ‘ Commands ‘ Questions

BLEU-1 0.88 0.95
BLEU-2 0.83 0.92
BLEU-3 0.78 0.48
BLEU-4 0.73 0.39

Table 4.17: The different values of BLEU score computed between the automatic translation
in Italian and the manually validated version, both for the input commands and the output
clarification questions, on the test set only.

the command is not executable given the configuration, an expected clarification statement
from the robot is included. Similar to IGLU and MM-IGLU, 13% of the examples require
clarification.

The statistics of this dataset, e.g., the number of commands, questions, ambiguities, and
so on, are perfectly aligned with the MM-IGLU dataset from the previous section. The main
contribution here is the translation and validation in Italian. Furthermore, each Italian
example is aligned with the original image and the corresponding command in English,
supporting future cross-lingual research. Additional details about the validation process can

be found in Appendix D.2.

Experimental Setup and Evaluation. In this setup, the model is based on LLaVA [160]
and is fine-tuned!? by taking as input the tuple:

(Introduction, Prompt, Image, Command)

This experimental setup mirrors the English counterpart, with the key distinction that all
textual elements are in Italian: the Introduction, Prompt, and Command.

Once again, we evaluated the Classification and Generation capabilities of the Italian
models in solving the task. In the classification modality, the agent determines whether a
command can be executed, responding with either “ Yes” or “No”. In the generation task, the
agent generates a textual response, either affirming the executability of the issued command
or producing a clarification question if it is ambiguous. The same LLaMA2 Chat-13b'?
language model is used, as Italian is included in its pre-training stage, albeit minimally (see
Appendix A for further details).

Given the multilingual nature of the LLaMA model, we tested different language com-

2Tnitially, this model was tested in a zero-shot manner, but it resulted in unstable outcomes, often leading
to hallucinated answers. While most sentences generated were sensible, they typically failed to demonstrate
an understanding of the need to perform actions within the environment, often miscounting blocks.

3https://huggingface.co/meta-1lama/Llama-2-13b-chat-hf
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binations between English and Italian. Specifically, we compared the multi-modal model
introduced in the previous section, trained on the English dataset (LLaMA2Chat-13b-EN),
with the model trained on the Italian dataset (LLaMA2Chat-13b-IT). This comparison as-
sesses the impact of language-specific training on model performance. Following [118], the
linear projector, initially derived from LLaVA’s release, was later completely re-tuned to
achieve slight improvements in convergence, with all models using the same frozen version

of CLIP. Hyperparameters remained unchanged, as detailed in the previous Section.

Model name ‘ Tr. Lan Test Lan ‘ F1 Pos F1 Neg M-F1
LLaMA2Chat-13b-EN EN EN 96.43%  67.16%  81.80%
LLaMA2Chat-13b-EN EN IT 70.07%  24.29%  47.18%
LLaMA2Chat-13b-IT IT IT 97.81%  66.67%  82.24%

Table 4.18: The Classification performance is divided into F1 of the positive class (the
command is clear), F1 of the negative class (the command is ambiguous), and the Macro
F1 of the two. The evaluation is divided into the Language of Training (Tr. Lan) and the
Language of Testing (Test Lan).

Observing the results in Table 4.18, the LLaMA2Chat-13b-EN model serves as the refer-
ence point. It achieves an F1 Positive score of 96.43% when asserting its ability to recognize
commands consistent with the environment. However, performance declines for ambiguous
commands requiring clarification, resulting in an overall Macro-F1 of 81.80%. This is plausi-
ble given the dataset imbalance, with only 13% of cases requiring a “ No”. Testing this model
on Italian data without further tuning led to a significant drop in performance (Macro-F1
47.18%), particularly in identifying ambiguous commands (F1 Neg 24.29%). Despite this,
the model occasionally responded correctly, likely due to similarities between English and
Italian terms (e.g., “destroy”/“distruggere”) and the shared vision model. A more accurate
evaluation was conducted by assessing the LLaMA2Chat-13b-IT model, trained on Italian-
translated data, on the Italian test set. This model achieved comparable performance to
its English counterpart in correctly identifying executable or ambiguous commands, with a
slightly higher overall Macro-F1. Notably, its ability to identify ambiguous commands in
Italian doubled compared to the English-trained model (F1 Neg 66.67% vs. 24.29%).

Finally, we evaluated the models in a generation setup where the task is to produce a
complete phrase, either affirming the command or generating a clarification for ambiguous
commands. Results are presented in Table 4.19. The LLaMA2Chat-13b-EN model, trained
and tested in English, achieved an F1 Positive score of 93.95%, an F1 Negative score of
47.89%, and a Macro-F1 of 70.92%. When tested on Italian data without further tun-
ing, performance dropped significantly (F1 Positive 70.01%, F1 Negative 0.00%, Macro-F1
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Model name ‘ Tr. Lan Test Lan ‘ F1 Pos F1 Neg M-F1
LLaMA2Chat-13b-EN EN EN 93.95%  47.89%  70.92%
LLaMA2Chat-13b-EN EN IT 70.01%  0.00%  35.00%
LLaMA2Chat-13b-IT IT IT 93.62%  44.16%  68.89%

Table 4.19: The Generation performance is divided into F1 of the positive class (the com-
mand is clear), F1 of the negative class (the command is ambiguous), and the Macro F1 of
the two.

35.00%), highlighting its struggles with ambiguous commands in Italian. In contrast, the
LLaMA2Chat-13b-IT model, fine-tuned on the Italian dataset, performed comparably to the
English baseline on Italian test data, with an F1 Positive score of 93.62%, an F1 Negative
score of 44.16%, and a Macro-F1 of 68.89%. These results suggest that a model trained
solely on Yes/No responses is more effective for this specific task when a command is indeed
executable. As in [118], a multi-step approach remains advantageous, i.e., first identifying

ambiguity and then generating clarifications.

Dataset ‘ Language ‘ Utility ‘ Fluency
Gold standard EN 2.16 291
LLaMA2Chat-13b-EN EN 2.73 2.99
Gold standard IT 2.69 2.98
LLaMA2chat-13b-IT IT 2.79 2.99

Table 4.20: Utility and Fluency results for the Gold Standard and the Multi-Modal model
(LLaMA2chat-13b-IT).

Lastly, we evaluated Utility and Fluency for the Italian model. Two external annotators
assessed shuffled predictions from the Italian-adapted model and the Italian Gold Standard,
scoring Utility and Fluency from 1 (worst) to 3 (best) as per Table 4.15.

Results in Table 4.20 show that the LLaMA2Chat-13b-IT model achieved the highest
Utility score of 2.79 and a Fluency score of 2.99. Inter-annotator agreement was strong,
with Pearson correlations of 0.81 for Utility and 0.83 for Fluency. For example, for the com-
mand “Distruggi 1 blocco e mettine altri 3 in fila”**, the expected output was “Distruggere
quale blocco?”®. However, the LLaMA2Chat-13b-IT model produced a more comprehensive
question addressing all missing information: “Quale specifico blocco devo distruggere e quale

colore /posizione/direzione deve avere la fila di 3 blocchi?”'6. This generalization shows that

14In English: “Destroy 1 block and build another 3 in a row”
15Tn English: “Destroy which one block?”
16Tn English: “ Which specific block should I destroy, and what color/direction/position should the three-
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the model, trained on the manually validated dataset, effectively understands the task at
hand: when the Architect issues multiple request in a single command, the Builder needs
different information for the different requests.

These results underscore the importance of language-specific training. The Italian model
achieved significantly higher Utility and Fluency scores than models relying solely on English
data, highlighting the necessity and effectiveness of the MM-IGLU-IT dataset.

Of course, these results have been obtained in the early 2024, and the field of LLMs
is rapidly evolving. The results presented here are based on the state of the art at that
time, and it is likely that new models will be released in the future that will outperform
these results. However, the goal of this work was to demonstrate the feasibility of extending
multimodal LLMs to handle situated dialogues in a Minecraft-like world, and the results
obtained so far are promising. A more recent evaluation is presented in Section 5.2, where
we will see how the results of the previous sections can be improved by using a more recent
(and smaller) LLM, such as Phi4 [183].

4.3.6 Extending Multimodal LLMs to handle Situated Dialogues

All the aforementioned work in collaborative environments, such as the experiments con-
ducted in the above sections, has been carried out under the constraint of single-turn inter-
actions. Specifically, the Architect issues a command, and if the Builder encounters an issue
in executing it, it has a single opportunity to request clarifications. While this approach
allows for basic interaction, it fails to capture the richness of real-world human dialogues,
where interactions are multi-turn and often involve incremental exchanges to progressively
refine understanding. In this Section, we will explore an idea about how to extend Multi-
modal LLMs to handle Situated Dialogues in the Minecraft-like world made of blocks. This
work has been currently submitted [107] for review. The goal is to extend the previous ex-
periments to a more realistic scenario, where the robot can ask multiple clarifying questions
before executing the command. This is a crucial step towards achieving more natural and
effective human-robot interactions in real-world scenarios.

The objective of this Section is to shed light on the multi-turn interaction, so in the rest

I will focus on the following problems:

o Single-turn interaction: The interaction model only allows a single clarification
step, which does not reflect realistic communication patterns. In real-world scenarios,
interlocutors take turns alternately, asking follow-up questions and providing answers

until mutual understanding is achieved.

block row be?”
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o Scarcity of incomplete commands: Only 13% of the commands in the dataset are
incomplete, limiting the ability of the model to generalise to more complex situations

where critical information is missing.

« Limited language diversity: The dataset includes silver-standard Italian data gen-
erated through machine translation, resulting in reduced linguistic specificity and flu-
ency. Additionally, responses in the dataset are drawn from a closed set of answers,

limiting the variability and complexity of linguistic output.

« Simplistic task design: The tasks are designed with binary outcomes (either the
goal is satisfied, or it is not) without modelling intermediate steps or sequences of

actions that reflect realistic problem-solving processes.

o Lack of reasoning over sequences of actions: The previous experiments do not
capture the incremental reasoning necessary to solve complex tasks. In realistic scenar-
ios, the robot should engage in a structured sequence of clarifying exchanges, rather
than relying on a single exhaustive clarification attempt. It should be able to plan
ahead the sequence of clarifications it should ask, based on the information it has

already gathered and the user’s initial command.

o Unrealistic interaction patterns: The interactions in prior experiments were overly
simplistic, focusing solely on whether the goal was satisfied or not, and limiting the
complexity of the interaction. In a realistic multi-turn dialogue, the robot needs to
make strategic decisions about what information is essential and how to proceed based

on partial understanding.

These limitations reveal the need for a more advanced model of interaction, one that goes
beyond single-turn clarification and embraces the complexity of multi-turn dialogues. In
particular, they motivate the introduction of a structured planning mechanism that enables
the robot to formulate and follow a sequence of clarification steps, tailored to the specific
ambiguities of each command. This planning-based approach serves as the foundation for
the methodology we introduce in the following paragraphs.

In real-world communication, interaction is rarely resolved in a single exchange. Instead,
human dialogues are characterised by a multi-turn process, where interlocutors take turns
alternately, progressively refining their understanding through incremental clarification. This
stands in stark contrast to the single-turn interaction model used in prior work, which
simplifies the interaction to a single question-answer pair when ambiguities arise.

An example of such a multi-turn interaction is shown in Figure 4.9. In this dialogue,

the user issues an ambiguous instruction: “Add some blocks above the easternmost purple
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Add some blocks above
the easternmost purple
column. ggm

How many blocks do I
need to add above the
easternmost purple

column?
Five @
an
What colour should the
blocks be?
Blue please @
[

How should I arrange the
blue blocks?

Make them horizontal. @
Which direction should I

face to arrange the blue
blocks?

B &8 B8 @

Look to the east. @

Ok, I'll add five blue
blocks positioned above
the easternmost purple
column and arranged
horizontally, facing east.

Figure 4.9: An example of a multi-turn interaction between the Architect and the Builder.
The user issues an ambiguous command, and the robot engages in a sequence of clarifying
questions to resolve ambiguities before executing the command.
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column”. The robot is unable to execute the command immediately and therefore initiates a
sequence of clarifying questions. It first asks for the number of blocks, then their colour, their
arrangement, and the orientation required to complete the task. Only after all ambiguities
are resolved does it proceed to summarise and execute the command. This simple example
illustrates several of the key challenges addressed in this work: the need for incremental
clarification, the role of reasoning over spatial relations and attributes, and the necessity to
track dialogue context across turns. It also highlights the strategic role of dialogue planning,
where each question serves a specific communicative goal and contributes to progressively
narrowing down the space of possible interpretations of the user’s intention.

An important aspect is to explore different aspects of incompleteness in user com-
mands. In some cases, essential information such as colour, quantity, or spatial positioning
may be missing, as in the above example. In others, the ambiguity may stem from incom-
plete specifications of actions or optional information. Determining what to ask and when
to ask it is a critical problem, as the robot needs to distinguish between necessary and non-
essential clarifications to optimise the interaction process. Moreover, the robot must have a
clear understanding of its capabilities and limitations. For example, while the robot may not
have the ability to perform actions such as dancing, it should be able to construct a figure
resembling a dancer when instructed to do so.

To address these challenges, we propose a novel dialogue framework in which the robot
explicitly generates a dialogue plan before producing its natural language response. This
plan consists of a sequence of communicative goals the model intends to pursue in order to
disambiguate the user’s instruction. Each goal in the plan corresponds to a specific clarifi-
cation the robot wants to obtain (e.g., ask about quantity, colour, position, etc.). At each
turn, given the user command and the dialogue history, the model first generates this di-
alogue plan, then selects the first unresolved communicative goal and generates a question
accordingly. When the user provides a new answer, the model updates its internal memory
and re-generates the dialogue plan based on the accumulated context. If the original plan is
still coherent with the updated context, the model retains it (removing the already-resolved
goal). Otherwise, it dynamically constructs a new plan that better fits the revised state of the
interaction. This approach allows the model to exhibit consistent behaviour across turns, as
it does not treat each utterance in isolation but rather grounds each decision in a structured
and interpretable process. By decoupling the planning phase from the response generation
phase, the system becomes more transparent and robust: the plan serves as an intermediate
representation of the intentions of the model, which can be inspected and analysed indepen-
dently from the surface form of the question. Furthermore, the planning mechanism enables

the model to anticipate future clarification needs and structure its interaction accordingly,
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leading to more efficient and coherent dialogues.

By structuring the interaction as a multi-turn process, we aim to create a more realistic
and flexible dialogue system. In our approach, the core idea is that the robot does not
reactively generate clarification questions on a turn-by-turn basis. Instead, it first generates
an explicit plan of clarification steps that it will follow to resolve ambiguities in the user’s
command. This plan is a high-level, interpretable representation of the information-gathering
strategy of the robot, and it guides the subsequent generation of clarification questions during
the dialogue, effectively acting as the dialogue plan. Each step in the plan corresponds to a
specific piece of missing or ambiguous information, such as colour, shape, position, or number
of blocks. This explicit planning mechanism makes the model more robust, as it forces the
system to consider the full scope of uncertainties before acting. Moreover, it allows for better
generalisation, as similar plans may apply to structurally different commands with equivalent
ambiguity patterns. Each turn in the dialogue is thus grounded in a precise element of the
plan, enabling the model to track progress and adapt its behaviour accordingly. Once the
plan has been exhausted or deemed unfeasible, the model can decide whether the command
is now executable or if residual ambiguities persist. In this way, the dialogue structure
becomes a direct instantiation of the plan, and the behaviour of the model is explainable
and controllable through the planning step.

To extend the current multimodal architecture to support multi-turn dialogues, we pro-
pose a structured approach where the textual input is transformed into a sequence repre-
senting the history of interactions. This history consists of alternating turns between the
user and the robot, allowing the model to accumulate context over time and progressively
refine its understanding of the user’s intention. Crucially, the dialogue is not managed in
a reactive fashion. Instead, each user command C', together with an image I of the envi-
ronment, is first processed by the model to generate a structured plan P = [sq, s9,. .., S,],
where each step s; corresponds to a clarification strategy targeting a specific ambiguity or
missing piece of information in C'. Each step is represented in natural language and guides
the model in selecting the type of clarification to perform. At every turn of the dialogue,
the model uses this plan P as a high-level roadmap. Specifically, it generates a clarification
question based on the first unresolved step s; of the current plan. Once the user provides
an answer, the history H, = [(¢1,a1), ..., (¢, a;)] is updated, and the model is prompted
again to regenerate the plan, now conditioned on the full dialogue history and the image.
The model has been trained to reproduce the original plan if it is still consistent with the
updated context. In that case, the next question will target the subsequent step s,. If the
context has changed significantly (for example, due to unexpected user input), the model

may generate a revised plan. In both cases, the model always proceeds by executing the
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first unresolved step of the current plan. This iterative loop continues until the command
is fully disambiguated or the dialogue reaches a natural termination. This planning-then-
dialogue paradigm introduces modularity and transparency into the behaviour of the model.
By decoupling high-level reasoning (dialogue planning) from low-level generation (question
asking), it enables more strategic interactions and ensures that each exchange is grounded
in a coherent and dynamically updated communicative goal.

The integration of dialogues into LLMs requires addressing several conceptual challenges:

o Contextual memory: As the dialogue progresses, the model must maintain a coher-
ent memory of past exchanges. This involves tracking previously gathered information
and using it to inform future responses. For example, if the user specifies a colour in

an earlier turn, the model should avoid asking about it again in subsequent turns.

e Goal tracking: Beyond maintaining context, the model must continuously evaluate
the overall goal of the interaction. Each turn should be assessed in terms of whether
it brings the dialogue closer to satisfying the user’s initial request. This requires
the model to balance local objectives (clarifying specific ambiguities) with the global

objective (executing the user’s command).

« Handling diverse dialogue patterns: Unlike rigid single-turn interactions, multi-
turn dialogues can vary widely in structure. Some interactions may involve straight-
forward clarifications, while others may require complex, multi-step reasoning. The
model must be capable of adapting to different dialogue flows without losing track of

the user’s intent.

e Decision-making during interaction: In each turn, the robot must decide the
most appropriate action, whether to request additional information, provide feedback,
or execute part of the command. This decision-making process is critical for achieving

an efficient and successful interaction.

The integration of multi-turn dialogues into the multimodal architecture naturally en-
hances the role of multimodality by emphasising the interplay between textual and visual
inputs over time. In this extended framework, the input image represents the perception
of the robot about the environment, which may change dynamically as the interaction pro-
gresses. The goal is to ensure that visual information remains relevant across multiple
dialogue turns, aiding in the resolution of ambiguities and guiding the actions of the robot.
The system can exploit visual cues more effectively to resolve ambiguities without requiring
explicit clarification. For instance, consider a scenario where the user commands, “ Remowve

the tallest block from the map”. If there is a single block that stands out as the tallest,
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the robot can infer the missing information directly from the image without needing to ask
follow-up questions. Conversely, if multiple blocks appear similar in height, the robot must
initiate a dialogue to gather additional information from the user.

Moreover, multi-turn dialogues allow to introduce greater semantic diversity compared
to single-turn interactions. Commands can vary in their degree of ambiguity, incompleteness,
and required reasoning steps. Furthermore, the same visual scene may lead to entirely

different dialogues depending on the user’s goal. For example:

o Two users observing the same scene may issue commands with distinct goals, leading
to divergent interactions despite identical visual inputs. Such interactions are funda-

mental for a robot as they show the variability of a dialogue.

o Different scenes may still result in similar dialogues if the underlying tasks share a
common structure or purpose, and so it will help the Builder understand differences

and similarities between dialogues.

The adoption of an explicit dialogue planning mechanism offers several advantages that go
beyond the immediate execution of the user’s command. First, it facilitates generalisation
by allowing the model to abstract from specific surface forms and focus instead on the un-
derlying communicative intentions. Since each plan is expressed as a structured list of goals,
the same high-level plan can be realised through different linguistic strategies, depending on
the language, context, or user preferences. Second, this architecture opens the possibility
of transfer across domains. For example, while the dialogue in MM-IGLU takes place
in a Minecraft-like environment, the dialogue planning procedure is domain-agnostic and
could be reused in different situated dialogue settings, such as human-robot collaboration
in household tasks or industrial scenarios. In such cases, the model could be fine-tuned to
produce domain-specific responses while maintaining the same structure of dialogue plans,
leading to improved adaptability and reduced training costs. Of course, the categories of
incompleteness and the types of clarifications may vary across domains, but the underlying
principles of dialogue planning and multi-turn interaction remain applicable. Finally, the
dialogue plan acts as a transparent control interface for the interaction. Since each gen-
erated plan explicitly lists the next communicative steps, it becomes possible to inspect and
intervene in the dialogue process. This is particularly valuable in safety-critical scenarios,
where the ability to predict and control an action of the robot is essential.

Building upon these extensions, we define new research questions aimed at advancing

multimodal dialogue systems beyond single-turn interactions.

o How can we design an LLM-based architecture capable of learning not only to respond
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but to engage in goal-oriented multi-turn dialogues where each turn incremen-

tally refines the understanding of incomplete commands?

« What types of dialogue strategies emerge when the model is trained on tasks
with varying levels of incompleteness, and how do these strategies adapt to different

sources of ambiguity, such as missing attributes or complex spatial relations?

o How does the integration of dynamic visual context influence the effectiveness of
multi-turn dialogues, and to what extent can visual information reduce the need for

explicit clarifications by the robot?

« How can we evaluate the overall success of these multi-turn interactions, ensuring
that the robot not only completes tasks efficiently but also demonstrates adaptability

in real-world collaborative environments?

o How can explicit dialogue plan generation guide the decision-making of the model

over multiple turns, and how does it impact on the coherence and task success?

Empirical Investigation. The previously introduced architecture based on explicit
planning has been tested on the newly collected dataset of situated dialogues introduced
in the earlier section (4.3.2) of this Thesis. The goal of this experimental evaluation is to
assess the ability of multimodal LLMs to engage in coherent, goal-oriented interactions that
span multiple turns, and to verify whether explicit planning enhances the clarity, control,
and robustness of such interactions. We formulate this as a generation task where the model
receives a dialogue history in natural language, together with an image of the environment,
and must produce a coherent and grounded next utterance as a response. In our proposed
setting, the model is trained to first generate a dialogue plan, i.e., a sequence of abstract
intentions that determine the strategy to resolve the ambiguity, and then to produce the
textual utterance corresponding to the first step in that plan. At the next turn, the model
receives the updated history, is asked to generate a plan again (either confirming the previous
one or adapting it), and proceeds with the next step. To evaluate this setup, we compare
different versions of multimodal instruction-following models on the MM-IGLU-Dialogues
dataset. The models we consider are based on LLaVA and MiniCPM, both of which are
capable of handling visual and textual inputs. The dialogues in the dataset are rich in
linguistic and visual diversity, and are annotated in both English and Italian, thus allowing
us to assess performance in both monolingual and cross-lingual scenarios.

Several architectures are of interest for this task. For instance, the multimodal neural
models such as LLaVA (explored in Section 4.3) is appealing due to its straightforward inte-

gration of language and vision, while MiniCPM (explored in Section 3.3) offers an excellent
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trade-off between the number of parameters and performance. The final training approach
for this task might involve fine-tuning all the parameters of a model, as demonstrated in Sec-
tion 3.3, or alternatively applying LoRA, as discussed in Section 3.2, or Q-LoRA, as shown
in Section 3.1. These models, which process both the dialogue history and the image simul-
taneously, fully exploit the attention mechanism of the underlying language model, to decide
which are the relevant parts of the history. At run-time, the entire dialogue history will be
used to inform decision-making, ensuring that each response is based on the accumulated
context of previous exchanges.

During the Thesis, the dataset for experimentation that will be used for this experimen-
tation has already been developed in a full dialogic form, featuring interactions between an
Architect and a Builder, similar to the setup used in MM-IGLU. The key difference here is
that the Builder is allowed multiple turns to ask questions and resolve ambiguities in the
given command. Each dialogue should remain truthful and consistent with respect to the
environment shown in the images we previously generated (as discussed in Section 4.3.1).
Moreover, each dialogue must have a defined end: either the command becomes executable

or it remains inconsistent to some degree.

Dialogue distribution by turn
300

200

100

Figure 4.10: The turns distribution of the collected dialogues. On the X axys the number of
turns and on the Y axis the number of dialogues ending with in that specific turn.

The interaction occurs in natural language, specifically in English and Italian, and must
consistently reference the environment presented in the images. The Architect has a specific
objective, such as constructing a square, removing all blocks from the map, creating figures

representing people, geometric shapes, simple objects or flags, or adding and removing parts
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of a structure. The Architect should follow its objective until completion. While the Builder
must decide if it has all the relevant information to execute the command or, as usual, ask
some clarification questions to gather them.

We involved five human annotators to generate these dialogues, starting from the im-
ages produced in MM-IGLU. Annotators were given complete freedom to write whatever
they wanted and for as many turns as they deemed necessary. The dataset contains a vari-
ety of commands: some are intentionally incorrect, others include misleading answers, and
some even contain nonsensical words, all designed to evaluate the robustness of future mod-
els. In total, we collected approximately 1,136 dialogues in both Italian and English, with
an average of about 6 turns per dialogue. Figure 4.10 shows the turns distribution of all
the collected dialogues: a small number of dialogues are straightforward and they end in
two turns only. On the other hand, the vast majority need more clarification questions to
disambiguate inconsistencies or collect all the information, with a few of them culminating

in 20 turns.

Category Description

CoLOR Clarifies the colour of blocks when unspecified in the command.

NUMBER Asks for the number of blocks required to fulfil the task.

ORIENTATION Seeks the orientation of the builder (e.g., North, South, East, West).

DIRECTION Determines the direction for placing a sequence of blocks.

Brock MISSING Identifies cases where a specified block is absent on the map and requests
clarification.

CONFIRMATION Confirms that the command can be executed; includes a CONFIRMATION

WiTH RECAP subcategory that reiterates the command with a summary
of the information gathered.

DisPOSITION Inquires about the arrangement of blocks, with a subcategory PRECISE
DisposITION for detailed alignment questions.
PosiTIiON Clarifies the location where blocks should be placed or removed from,

with subcategories PRECISE POSITION and PRECISE BLOCK for detailed
positioning or block identification.

NoT EXECUTABLE | Indicates when the command cannot be executed in cases of inconsisten-
cies, with subcategories such as COMMAND, ACTION, and COLOR NOT
FounbD for specific reasons.

Table 4.21: Dialogue clarification categories and their descriptions.

Table 4.21 presents the taxonomy of clarification strategies employed during multi-turn
dialogues. Each category reflects a specific type of ambiguity or missing information the
model may need to address before task execution. These include attributes such as colour or
size, spatial relations, object references, structural properties, and confirmations of under-

standing. The structured plan generated by the model at each turn includes a ranked list
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of these categories, guiding the generation of the actual response. This abstraction enables
the model to maintain a consistent reasoning path and reuse the same plan if still valid in

subsequent turns.

DIRECTION
COLOR

DISPOSITION

BLOCK MISSING

NUMBER

POSITION

NOT EXECUTABLE

ORIENTATION
PRECISE

Figure 4.11: Category Distribution in the Annotated Dataset.

The distribution of these adopted missing information types in the plans of our dialogue
dataset is reported in Figure 4.11. It can be observed that they are almost evenly distributed,
with a few examples of BLOCK MISSING. Notice that the CONFIRMATION is not reported,
since all our dialogues end with a confirmation from the Builder, since our goal was to provide
dialogues where, at some point, all ambiguities are resolved!

By leveraging these multimodal architectures and evaluating them on the constructed
dialogic dataset, we can determine whether the models are capable of effectively engaging
in goal-oriented multi-turn dialogues, identify emerging dialogue strategies, and analyse the
various sources of ambiguity encountered during interactions. Additionally, this evaluation
allows us to assess how well the models integrate dynamic visual context and measure their
overall success in achieving the Architect’s intended goals.

Experimental Setup and Evaluation Objectives. To evaluate the effectiveness of
structured dialogue planning in multimodal situated dialogues, we conduct a comprehen-
sive empirical study addressing three main objectives: (7) assessing whether fine-tuning on
the collected bilingual dataset leads to improvements over zero-shot performance, (i) de-
termining the impact of planning on dialogue efficiency at both the individual turn and
full-dialogue level, and (i) evaluating the extent to which structured planning supports
cross-lingual generalisation.

Table 4.22 reports statistics on the annotated dataset used in our experiments. It includes
the number of dialogues per split, the average number of dialogue turns, and the average
length of both individual turns and final recaps. These values are presented separately for

English and Italian to reflect language-specific variation. The dataset contains 908 training,
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113 development, and 115 test dialogues, with a consistent average of approximately 7.5
turns per dialogue across all splits. Turn and recap lengths are slightly longer in English
than in Italian, but comparable across splits, confirming the internal consistency of the
dataset. These figures reflect the richness and diversity of the interactions, supporting a

robust evaluation of both monolingual and cross-lingual performance.

‘ Lang ‘ Train Dev Test

Dialogues Number - 908 113 115
AVG Turns Number - 7,52 7,40 7,60
EN 10,71 9,77 10,37

AVG Turn Lenght IT 977 891 9,56

EN | 23,71 21,30 23,09
IT | 22,08 19,87 22,19

AVG Recap Lenght

Table 4.22: Dataset statistics: number of dialogues, average turns, and turn/recap lengths
in English and Italian, split for training, development, and testing.

Models and Training Strategy. The models used in this study, LLaVA [160] and MiniCPM
[284], are trained using a unified approach. Both undergo fine-tuning on the MM-IGLU-
Dialogues dataset, using LoRA with rank R = 64 and scaling factor a = 64, applied to
the attention and output layers of the language decoding module. Additionally, the vision
encoder is jointly fine-tuned, following the setup described in the MiniCPM paper. Training
is conducted on 4 A100 GPUs with a total batch size of 8 and a learning rate of 5-107°. Full
prompt templates and additional experimental details are reported in Appendix ??7. During
training, the model is conditioned on both the dialogue history and the visual context. It
is trained to first produce a structured clarification plan in the form of a comma-separated
list of strategy categories, and then to generate a natural language response, conditioned
exclusively on the first unresolved category in the plan. At each turn, the model either
preserves the remaining plan if consistent with the updated context, or regenerates a new plan
before responding. We test LLaVA and MiniCPM under three configurations: (a) zero-shot
generation using only system prompts, (b) fine-tuning on dialogue history without planning,
and (c) fine-tuning with structured planning. The models receive the dialogue history up
to the current turn, the user’s command, and the environment image. For each turn, the
model must either generate a clarification question (Q) if it lacks sufficient information, or
a recap (RC') summarising the current understanding of the task. More details about the
used prompts can be found in Appendix F.1.

FEvaluation Metrics. The quality of clarification questions and recaps is evaluated through

cosine similarity between their sentence embeddings and gold-standard outputs, using the
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Sentence-BERT model all-MinilM-L6-v2.

and Fl-score over the predicted plan categories.

For planning, we compute Precision, Recall
Evaluation is performed at two levels:
a turn-driven evaluation, focusing on individual steps of the interaction, and a dialogue-
level evaluation, measuring the ability to sustain full, coherent, and efficient multi-turn
conversations.

Results and Discussion. Table 4.23 compares LLaVA and MiniCPM across both
evaluation settings, highlighting the impact of fine-tuning with structured planning. The
results show that fine-tuned models effectively classify planning categories, achieving over
90% F1l-score in plan generation. In contrast, baseline zero-shot models struggle to generate
contextually appropriate responses, with LLaVA scoring only 0.37 in the similarity between
its clarification questions and expected ones. Fine-tuning significantly improves performance,
with LLaVA reaching 0.82 when incorporating planning. Comparing the two models, fine-
tuned MiniCPM outperforms LLaVA in question and recap generation, while both models

achieve similar performance in planning.

Setting Model Plan Generation
P R F1 | Question Recap
zero-shot LLaVA - - - 0.37 0.39
MiniCPM - - - 0.55 0.71
Fine-tuned | LLaVA 0.93 0.90 0.92 0.82 0.91
(with Plan) | MiniCPM | 0.90 0.91 0.91 .84 .96

Table 4.23: Comparison of LLaVA and MiniCPM in zero-shot and fine-tuned settings for
plan accuracy and response generation.

To further assess the impact of explicit planning beyond fine-tuning alone, we conduct a
detailed evaluation comparing MiniCPM in settings with and without structured planning.
Given its consistently superior performance across previous experiments, we focus exclu-
sively on MiniCPM for this analysis. Table 4.24 presents results across three configurations:
zero-shot, fine-tuning on dialogue history alone, and fine-tuning with explicit planning. In
the monolingual EN—EN scenario, fine-tuning without planning significantly improves gen-
eration quality compared to the zero-shot model (e.g., Question Generation rises from 0.548
to 0.768, while Recap Generation increases from 0.706 to 0.921). However, the addition of
planning further boosts performance, with Question Generation reaching 0.843 and Recap
Generation improving to 0.955. These findings confirm that fine-tuning alone enhances re-
sponse quality, but planning refines the interaction by making clarification requests more
structured and summaries more accurate. We also examine cross-lingual generalization,

where the model is trained in one language and tested in another. The results reveal that
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Settin Language Generation
& Train Test | Question Recap
zero-shot ) EN 0.548 0.706

- IT 0.595 0.727

EN EN 0.768 0.921
Fine-tuned EN 1T 0.659 0.861
(no Plan) IT IT 0.794 0.925
IT EN 0.638 0.908

EN EN 0.843 0.955
Fine-tuned EN IT 0.735 0.930
(with Plan) IT 1T 0.867 0.947
IT EN 0.738 0.927

Table 4.24: MiniCPM performance in zero-shot, fine-tuned, and planning-enhanced settings
across monolingual and cross-lingual evaluations.

models fine-tuned only on dialogue history experience a notable drop in Question Generation
accuracy when applied across languages (EN—IT: 0.659, IT—EN: 0.638). This degradation
suggests that, without structured planning, the model struggles to transfer the reasoning
process necessary for effective question formulation. In contrast, incorporating planning sig-
nificantly mitigates this issue: the EN—IT model achieves 0.735, and the IT—-EN model
reaches 0.738, both exceeding the performance of the history-only model in monolingual
settings. Interestingly, Recap Generation remains more stable across settings, with smaller
differences between monolingual and cross-lingual results. This indicates that summarization
is a more transferable skill, whereas effective clarification question generation benefits more
directly from structured planning. These findings underscore the role of explicit planning
not only in improving dialogue quality but also in strengthening the ability to generalize
across languages, reinforcing the importance of structured Multi-Modal training for robust

cross-lingual HRI applications.

Dialogue Evaluation. In the previous evaluation, we analyzed the performance of the model
at the individual response level, leveraging the gold-standard dialogue history to assess its
ability to generate appropriate clarification questions and recaps. However, in this phase,
we shift our focus to evaluating the overall quality of full dialogues rather than isolated
responses. Specifically, we aim to answer the question: How well can the model sustain
a complete interaction that dynamically adapts to user input while effectively gathering the
necessary information? To achieve this, we deploy the fine-tuned MiniCPM model in an
interactive setting, allowing it to generate dialogues in real-time. Two independent annota-

tors, who had not participated in dataset annotation, conducted this evaluation. Prior to
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the study, they were given only a brief introduction: they reviewed ten training examples
and read descriptions of the dialogue categories to familiarize themselves with the interaction
structure. Each annotator randomly selected a test case, viewed the corresponding world
image, and initialized the system by providing the user’s first request, after reading the gold-
standard recap to understand the intended task outcome. From that point, they interacted
with the model by answering its clarification questions, ensuring they provided the neces-
sary details for the system to achieve the expected goal. This process was repeated across
40 dialogues, enabling a comprehensive evaluation of how effectively the model conducts a

full conversation and adapts to evolving user input.

AVG  Dialogue

Setting Length Efficiency Relevance Fluency
no Plan 12.5 1.05 3.13 4.88
with Plan 11.6 0.98 4.25 4.90

Table 4.25: Dialogue evaluation results

To assess how efficiently the model conducts interactions, we measure the Dialogue Effi-
ciency Cost, defined as the ratio between the actual number of turns and the ideal number

needed to complete the task:

Number of Turns
Ideal Number of Turns

Dialogue Efficiency Cost = (4.5)

A lower score indicates that the model gathers necessary information with fewer exchanges,
highlighting the impact of planning on dialogue effectiveness.

At the end of each interaction, annotators completed a brief questionnaire to assess
the overall quality of the dialogue. Specifically, they provided ratings on two key dimen-
sions: Relevance and Fluency. Relevance measures the ability to seek and provide only
necessary information, ensuring that each turn contributes meaningfully to task completion
without unnecessary or redundant exchanges. A higher relevance score indicates that the
dialogue remains focused and aligned with user intent. Fluency assesses how naturally and
coherently the assistant formulates questions and responses, prioritizing clarity, grammatical
correctness, and ease of comprehension. Poor fluency may result in unnatural phrasing or
disjointed interactions, while high fluency ensures smooth and user-friendly communication.
Annotators rated these dimensions on a five-point scale, from 1 (EXTREMELY POOR) to
5 (EXCELLENT). The full questionnaire and scoring details are provided in Appendix F.3.
Table 4.25 presents a comparative analysis of model performance with and without plan-

ning across four key metrics: dialogue efficiency, relevance, fluency, and average dialogue
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length. The results show that incorporating a planning phase leads to notable improve-
ments in dialogue quality. In particular, the planned model achieves a significantly higher
relevance score (4.25 vs. 3.13), suggesting that it generates more contextually appropriate
and purposeful exchanges, avoiding unnecessary, off-topic questions. Similarly, fluency im-
proves slightly (4.90 vs. 4.88), indicating that while both settings produce grammatically
well-formed responses, the planned model better maintains conversational coherence. From
an efficiency perspective, the model with planning achieves a dialogue efficiency score closer
to the optimal value of 1 (0.98 vs. 1.05), suggesting that it requires fewer redundant turns to
reach the intended task completion. This is further reflected in the average dialogue length,
where the planned model produces slightly shorter interactions (11.6 vs. 12.5), potentially
indicating a more structured and goal-driven exchange. These results indicate that explicit
planning improves dialogue relevance while offering a moderate gain in efficiency by keeping
interactions more focused and reducing unnecessary exchanges. An error analysis is shown

in Appendix F.2.
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Chapter 5

Conclusions and Discussion

In this Chapter, the discoveries and the best results achieved in this Thesis are summarised.
The progression started from traditional fine-tuning, moved towards applying modern adap-
tation techniques such as LoRA and Q-LoRA to Large Language Models, scaled further
by extending knowledge and capabilities to solve multiple tasks concurrently, and culmi-
nated in the integration of Vision and Language for Visual Question Answering tasks. These
methodologies were subsequently applied to fine-tune other models on various heterogeneous
downstream tasks.

This concluding chapter revisits the overarching objective set forth in the introduction:
enabling intelligent systems, specifically robots, to perform situated language understanding
in dynamic, real-world environments. Throughout the thesis, key challenges that hinder
current Al systems from achieving this level of interaction were addressed. By focusing
on efficient model adaptation, multilingual capabilities, and multimodal integration, the
methodologies and contributions presented align directly with the goal of creating adaptable,
context-aware systems. From fine-tuning approaches that reduce resource requirements to
introducing models capable of asking clarification questions, each contribution advances the
thesis objective of fostering interactive, collaborative human-robot dialogue in diverse and
unpredictable scenarios.

Central to this thesis is the Situated Understanding of Natural Language, with the aim
of showing how intelligent robots can understand, process, and reason in the real world.
Moreover, it is shown that intelligent robots should ask questions when they lack under-
standing or sufficient information. This shifts the perspective from passive answerers to
active collaborators in interaction with humans. For this purpose, the MM-IGLU resource

was developed, evaluated, and subsequently released to the broader public.
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Summary of the Contributions

This thesis has introduced several significant contributions in the fields of Large Language

Models (LLMs), multimodal learning, and situated language understanding. The work pre-

sented addresses both foundational advancements and practical applications, with a specific

focus on enabling intelligent robots to interact meaningfully in real-world environments.

Below is a summary of the key contributions:

« Efficient fine-tuning techniques for LLMs: This thesis explored modern adapta-

tion techniques, including LoRA and Q-LoRA, demonstrating how large models can
be fine-tuned efficiently using limited computational resources, such as a single 16GB
GPU. These methods significantly reduce the hardware requirements for fine-tuning

large models, enabling broader accessibility to LLM research.

First LLM for multilingual dependency parsing: textttU-DepPLLaMA, the first
LLM capable of performing end-to-end dependency parsing across multiple languages,
was developed. This capability can be exploited by robots, as it enables syntactic
parsing that can be leveraged in the interpretation of complex linguistic commands,

facilitating more accurate and nuanced interactions.

First LLM to solve multiple linguistic tasks in Italian: ExtremITA is the first
LLM designed to handle a wide range of linguistic tasks in Italian. By demonstrat-
ing that a single model can solve numerous tasks concurrently, this contribution helps
robots mimic human-like multitasking capabilities, enhancing their linguistic compe-
tence in low-resource languages. It’s worth noting that this system participated in
the EVALITA 2023 challenge: it achieved first place in 41% of the subtasks (9 out of
a total of 22) and showcased top-three performance in 64% (14 out of 22) of them.
These subtasks encompass various semantic dimensions, including Affect Detection,
Authorship Analysis, Computational Ethics, Named Entity Recognition, Information

Extraction, and Discourse Coherence.

Multimodal learning for Visual Question Answering (VQA): This thesis showed
an application of extended LLMs with multimodal capabilities MM-VQA-it, enabling
them to process and reason over visual inputs. The proposed approach achieved state-
of-the-art performance on Visual Question Answering tasks, demonstrating that com-

bining vision and language is essential for real-world problem-solving.

Situated language understanding for robotics: The GrUT approach was intro-

duced as a framework for interpreting situated language commands in real-world envi-
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ronments. GrUT achieves state-of-the-art performance in interpreting commands in En-
glish, Italian, and even in multilingual scenarios involving a mix of English and Italian.
Unlike traditional models that provide only linguistic interpretations, GrUT grounds the
interpretation by producing object identifiers, enabling robots to directly map the in-
terpretation into executable robotic primitives. This allows robots equipped with GrUT

to generate ready-to-execute commands and seamlessly perform the requested tasks.

e An LLM for asking questions in an end-to-end manner: This thesis intro-
duced BART-IGLU, a Language Model capable of actively asking clarification questions
in a Minecraft-like environment. This marks a paradigm shift from passive answerers
to active collaborators in human-robot interaction. BART-IGLU enhances interaction
robustness by prompting the user for additional information when commands are am-

biguous or incomplete.

o Development of the MM-IGLU resource: A significant outcome of this thesis is
the creation of MM-IGLU, a complex and robust resource designed for evaluating models
in multimodal situated dialogues. MM-IGLU includes commands of varying complexity
and supports cross-modal evaluation, allowing researchers to assess the robustness and
performance of models across different input modalities. The resource was rigorously
evaluated and subsequently released to the public, fostering further research in this

domain.

o Extension of MM-IGLU to Italian: In addition to the original MM-IGLU resource,
this thesis presents MM-IGLU-it, an extension that introduces support for the Italian
language, making the resource truly multilingual. This extension enables models to
be trained and evaluated in a multilingual setting, broadening the scope of situated

language understanding to include low-resource languages.

Together, these contributions advance the fields of efficient model adaptation, multimodal
interaction, and situated dialogue systems, providing a solid foundation for future research

in human-robot collaboration.

5.2 Too Many Models, Too Little Time: The Recent
Proliferation of Modern LLMs

The pace at which new Large Language Models (LLMs) are being released has become in-

creasingly difficult to follow. Barely a week goes by without the announcement of a new
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model, sometimes open-source, sometimes commercial, each claiming incremental or even
breakthrough advancements in capabilities, efficiency, or modality integration. This phe-
nomenon, often referred to as the “LLM arms race”, reflects both the intense competition
between major Al research labs and the growing demand for models tailored to specific
domains or applications.

In early 2025 alone, numerous models have emerged, ranging from purely text-based
architectures to highly capable multi-modal systems. On the textual side, we have seen
the release of GPT-4.5 by OpenAl [202], Claude 3.7 Sonnet by Anthropic [13], Grok-3 by
xAl [278], LLaMA 3.1 [178], LLaMA 3.2 [179], LLaMA 3.3 [180] and LLaMA 4 [181] by Meta,
and DeepSeek R1 [238], each contributing to the growing diversity of LLMs with different
training philosophies, sizes, and intended use-cases.

In parallel, the multi-modal landscape has evolved rapidly, with models such as GPT-
4.1 (OpenAl) [201], Gemini 2.5 Pro [90] and Gemini 2.5 Flash [90] (Google DeepMind),
Qwen2.5-Omni [281] (Alibaba), and OmniMamba [291] (HUST) pushing the boundaries of
what it means for an Al system to process and reason over text, images, audio, and even
video inputs. These models are not merely extensions of their textual predecessors; they
often feature unified tokenisation pipelines and sophisticated alignment strategies to enable
seamless cross-modal understanding and generation.

In such an overwhelming and dynamic context, it becomes essential to focus on individual
models that stand out for specific technical or practical reasons. For the scope of this
thesis, I have selected Phi-4 [183], a compact yet powerful multi-modal model developed
by Microsoft. Phi-4 is particularly notable for its native support of multi-modal inputs,
its efficient architecture, its size (it’s relatively small with its 5.6 billion paremeters), and
its promising performance across a variety of tasks. It represents an ideal candidate for
investigating grounded language understanding in situated settings, such as Human-Robot
Interaction.

In the following subsection, a dedicated discussion of the Phi-4 model, covering its
architecture, training, and experimental results on the MM-IGLU and MM-IGLU-it datasets is

provided.

5.2.1 The Phi-4 Model: A Compact and Multimodal Transformer

Phi-4 [183] is a transformer-based language model developed by Microsoft, designed from
the ground up to support multi-modal reasoning. Unlike earlier families of models such as
LLaMA and LLaMA 2, which were primarily optimised for textual tasks and require additional

components or adapters to handle other modalities, Phi-4 natively integrates visual and
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Figure 5.1: The architecture of the Phi-4 model, taken from [183].

textual information within a single architecture.

This design enables the model to perform grounded understanding and reasoning directly
over interleaved sequences of text and image tokens. Moreover, Phi-4 is significantly smaller
than most contemporary LLMs, with 5.6 billion parameters, making it a computationally
efficient alternative without sacrificing performance on complex tasks.

The architecture of Phi-4 follows a modular yet unified design that allows the model to
process text, images, and audio within a single sequence of tokens. As shown in Figure 5.1,
input data from different modalities is first encoded and projected into a shared token space.
Specifically, visual data passes through a Vision Encoder, followed by a Token Merging
module and a Vision Projector, which compresses the visual embeddings and formats them
as token-like inputs. A similar process applies to audio inputs, which are handled by an
Audio Encoder and an Audio Projector.

These projected image and audio tokens are inserted into the token stream via special
placeholders and merged with the output of a standard text tokenizer. The resulting mul-
timodal sequence is then processed by a decoder-only transformer core Phi-4 Mini, which
retains the original pretrained weights and integrates additional adapters using modality-
specific LoRA layers (LoRAy and LoRA,). This architecture allows the model to extend its
capabilities to vision and audio without retraining the full network from scratch.

Training is performed in two main phases: first, the base model is trained or adapted on
high-quality text-only data using synthetic instruction tuning, following the “textbook-style”
data curation approach typical of the Phi series [93, 125]. In a second stage, multi-modal

capabilities are introduced by aligning visual and audio representations with their textual
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counterparts through supervised learning on interleaved multimodal datasets. LoRA layers
are trained separately for each modality, enabling efficient fine-tuning and preserving the
compact size of the core model (5.6B parameters).

This architecture makes Phi-4 particularly suited to grounded and situated tasks where
context must be extracted from multiple modalities and interpreted jointly in a coherent

dialogue.

5.2.2 Evaluating Phi4 on the MM-IGLU and MM-IGLU-it Bench-

marks

To evaluate the capabilities of Phi-4 in grounded instruction understanding, we rely on the
MM-IGLU benchmark, and its Italian extension MM-IGLU-it. These datasets are designed to
test the ability of a model to interpret ambiguous natural language commands in a situated
and multimodal context. Each example includes a user command, an image of the envi-
ronment, and the target interpretation, as already discussed in Chapter 4.3.1. Models are
evaluated on two main tasks: a binary classification task to determine whether a command
is clear or ambiguous, and a generation task where the model must produce a clarifying
question in case of ambiguity.

The MM-IGLU-it dataset follows the same structure as the original benchmark, but all
commands and annotations are first translated into I[talian and then manually validated
and curated, as introduced in Chapter 4.3.5. This allows us to assess not only multimodal
reasoning, but also the ability of the model to generalise across languages, including low-
resource ones such as Italian.

Training Procedure. We fine-tuned the Phi-4 Instruct (5.6B) model on both the
English and Italian versions of the MM-IGLU dataset. During training, each input consisted
of an interleaved sequence of the environment image and the user command, while the output
varied depending on the task: either a Yes/No answer (for the classification task) or a natural
language clarification question (for the generation task). All training was performed using
LoRA adaptation on the modality-specific components only, keeping the original weights
of the base model frozen. This approach ensured efficient training on a single 40GB GPU
without sacrificing any ability of the model to integrate visual and linguistic cues.

Evaluation. The results are presented in Table 5.1 for the classification task and Ta-
ble 5.2 for the generation task. For each model, we report performance in different training
and testing configurations: models trained and tested in English, models trained in English
and tested in Italian (cross-lingual generalisation), and models trained and tested in Italian.

Each table includes F1 scores for both the positive class (clear command), the negative class
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(ambiguous command), and the macro average. Moreover, we also report the performance
of the LLaMA2Chat model, as already discussed in Chapter 4.3.3, for a direct comparison.
Finally, we also include the performance of the Phi-4 model in zero-shot settings, where it
was not fine-tuned on the MM-IGLU dataset.

Model name ‘ Tr. Lan Test Lan ‘ F1 Pos F1 Neg M-F1
LLaMA2Chat-13b-EN EN EN 96.43%  67.16% 81.80%
Phi4-5.6B-0shot - EN 43.33%  24.57%  33.95%
Phi4-5.6B-EN EN EN 86.44%  61.92% 74.18%
LLaMA2Chat-13b-EN EN IT 70.07%  24.29%  47.18%
Phi4-5.6B-EN EN IT 93.19%  43.54%  68.36%
LLaMA2Chat-13b-IT IT IT 97.81%  66.67% 82.24%
Phi4-5.6B-0Oshot - IT 75.98%  21.81%  48.89%
Phi4-5.6B-IT IT IT 94.22%  68.18%  81.20%

Table 5.1: The Classification performance is divided into F1 of the positive class (the com-
mand is clear), F1 of the negative class (the command is ambiguous), and the Macro F1
of the two. The evaluation is divided into the Language of Training (Tr. Lan) and the
Language of Testing (Test Lan).

Classification Performance. In the classification task (Table 5.1), Phi4-5.6B demon-
strates a substantial improvement when fine-tuned on English data, reaching a macro F1 of
74.18%, which narrows the gap with the larger LLaMA2Chat-13b model. Despite its smaller
size and the use of LoRA adapters only, Phi4 shows solid results, particularly on the am-
biguous class (F1 Neg: 61.92%). In contrast, its zero-shot performance is limited (33.95%
M-F1), highlighting the importance of domain-specific adaptation for accurate ambiguity
detection.

On the Italian test set, the zero-shot Phi4 reaches 48.89% M-F1, outperforming the
English-only LLaMA2Chat in the same setting, which suggests that Phi4 possesses a degree
of cross-lingual robustness, albeit with weak recall on the negative class. Notably, the Italian
fine-tuned version of Phi4 achieves 81.20% macro F1, with an F1 of 68.18% on the ambiguous
class, on par with LLaMA2Chat-13b-IT. This result confirms that Phi4, despite its smaller
scale, can match the performance of much larger models when properly adapted, while
remaining computationally lightweight and easily deployable.

Generation Performance. In the generation task (Table 5.2), the fine-tuned English
version of Phi4 achieves a remarkably high macro F1 score of 87.39%, with strong perfor-
mance across both positive and negative classes. This suggests that the model is particularly

well-suited to generating clarification questions when properly tuned, outperforming older
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Model name ‘ Tr. Lan Test Lan ‘ F1 Pos F1 Neg M-F1
LLaMA2Chat-13b-EN EN EN 93.95%  47.89%  70.92%
Phi4-5.6B-0Oshot - EN 26.15%  23.28%  24.72%
Phi4-5.6B-EN EN EN 98.35%  76.42%  87.39%
LLaMA2Chat-13b-EN EN IT 70.01%  0.00%  35.00%
Phi4-5.6B-EN EN IT 84.14%  0.00%  42.07%
LLaMA2Chat-13b-IT IT IT 93.62%  44.16%  68.89%
Phi4-5.6B-0Oshot - IT 68.88%  0.00%  34.44%
Phi4-5.6B-IT IT IT 90.53%  46.61%  68.57%

Table 5.2: The Generation performance is divided into F1 of the positive class (the command
is clear), F1 of the negative class (the command is ambiguous), and the Macro F1 of the
two.

models despite being significantly smaller.

In the zero-shot setting, however, performance drops sharply to 24.72%, confirming that
clarification generation requires substantial task-specific adaptation. When tested on Italian,
the zero-shot Phi4 attains 34.44% macro Flcomparable to LLaMA2Chat in the same setting,
although with no recall on the ambiguous class.

Crucially, the Italian fine-tuned version of Phi4 reaches 68.57% macro F1, with a clear
gain in F'1 on the ambiguous class (46.61%), matching the overall performance of LLaMA2Chat-
13b-IT. These results reinforce the idea that Phi4 is a viable and efficient alternative for

multilingual generation in grounded settings, provided that moderate fine-tuning is applied.

5.2.3 Reflections on the Current Wave of Models

The experimental analysis presented in this section confirms both the opportunities and
challenges emerging from the recent wave of LLMs. As discussed in the introductory chapter,
one of the core ambitions of this thesis is to explore how grounded language understanding
can be enabled within the context of interactive, situated environments, particularly in
Human-Robot Interaction (HRI) scenarios. In this light, the proliferation of new LLMs, while
difficult to track, offers a growing and appealing pool of candidates for such applications.
Among these, Phi-4 emerges as a particularly promising model. Its lightweight architec-
ture (5.6B parameters), native support for multi-modal inputs, and strong performance make
it well-suited for deployment on robotic platforms with limited computational resources. Un-
like larger models that require offloading or distributed inference, Phi-4 can be fine-tuned
efficiently and operated in constrained environments without sacrificing responsiveness or

contextual grounding. Moreover, its ability to integrate visual and textual information na-
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tively is crucial for robots acting in dynamic physical environments where understanding
user instructions often depends on the surrounding context. The results on the MM-IGLU
and MM-IGLU-it datasets show that, with targeted fine-tuning, such models can contribute
meaningfully to the development of intelligent agents capable of proactive and cooperative
behaviours.

In particular, when compared to the 13B-parameter LLaMA2Chat, Phi-4 achieves com-
petitive or superior results on all tasks and languages evaluated. Despite having less than
half the number of parameters, Phi-4 matches the performance of LLaMA2Chat on Italian
classification and generation tasks, and even outperforms it on the English generation task.
This efficiency-to-performance ratio makes Phi-4 an excellent candidate for on-board deploy-
ment in real robots, especially for in-situ testing of language understanding and clarification
mechanisms in realistic environments.

Of course, this experimentation is not exhaustive and further work is needed to fully
explore the capabilities of Phi-4 in real-world scenarios. The results presented here are
promising, but they also highlight the need for more extensive evaluation across diverse

tasks, modalities, and deployment settings.

5.3 Open Issues and Future Work

Generalisation to New Environments. One of the primary challenges in deploying lan-
guage models for real-world applications lies in their ability to generalise effectively across
diverse and dynamic environments. Current models, including those developed and eval-
uated in this thesis, have demonstrated strong performance in controlled and predefined
settings. However, real-world environments are inherently unpredictable, with varying con-
ditions, noise, and unforeseen complexities that can significantly impact the performance.
For instance, a robot operating in a household must be capable of understanding commands
in contexts that were not explicitly encountered during training, such as cluttered rooms,
varying lighting conditions, or background noise. Achieving robust generalisation requires
models to move beyond static, dataset-specific learning paradigms and incorporate continual
learning techniques. Future work should focus on enabling models to adapt dynamically to
changing environments, learning incrementally from new experiences without catastrophic
forgetting. Furthermore, testing in a wider variety of real-world scenarios, including outdoor
environments and industrial settings, is necessary to ensure that models maintain reliable
performance under diverse conditions.

Multilingual and Low-Resource Language Support. Although the models presented

in this thesis have shown promising results in multilingual settings, the primary focus has
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been on high-resource languages or those that are well-represented in pre-existing datasets.
Multilingual models inherently struggle with low-resource languages, where the available
training data is sparse or of low quality. This limitation can hinder the deployment of intel-
ligent systems in regions where such languages are predominantly spoken, thereby reducing
their accessibility and usability. Future research should explore advanced transfer learning
approaches and semi-supervised methods to extend the language coverage of these models.
Techniques such as zero-shot and few-shot learning could be employed to enable models to
infer knowledge from high-resource languages and apply it to low-resource counterparts. Ad-
ditionally, creating new datasets that include underrepresented languages, possibly through
community-driven initiatives, would significantly improve model performance in these lan-
guages. Expanding MM-IGLU-it to support additional low-resource languages is a logical
next step in this direction.

Real-Time Performance and Efficiency. One of the fundamental requirements for de-
ploying models on physical robotic platforms is ensuring real-time performance. While sig-
nificant advancements have been made in parameter-efficient fine-tuning methods, such as
LoRA and Q-LoRA, large multimodal models still present substantial computational de-
mands that may exceed the capabilities of embedded systems. This becomes particularly
problematic when multiple modalities, such as vision, language, speech, sensors and re-
trieval, need to be processed concurrently. Future efforts should focus on further optimising
resource usage without compromising model accuracy. This could involve the exploration
of hardware-software co-design approaches, where both the model architecture and the un-
derlying hardware are jointly optimised to achieve low-latency performance. Additionally,
investigating pruning and quantisation techniques for multimodal models, combined with
efficient runtime inference algorithms, could help bridge the gap between research-grade
models and real-time deployment in embedded systems.

Interactive Learning and Clarification. The introduction and adaptation of BART-IGLU
in Section 4.2, LLaVA and MiniCPM in Section 4.3 and Phi4 in Section 5.2.1 in this thesis
represents a significant step toward enabling models to act as active collaborators in human-
robot interaction. They enable a collaborative setting for the dialogical interaction with the
user. Unlike traditional models that passively respond to user commands, these are capable
of asking clarification questions when faced with ambiguous or incomplete information, going
back and forth with the user until a mutual satisfaction is reached. Moreover, Phi4 demon-
strates the potential for real-time interaction in dynamic environments, where the model
can adapt its responses based on user feedback and contextual cues. Future research should
focus on developing models that can learn continuously from user feedback, improving their

understanding and adaptability over time. This could be done by the integration of reinforce-
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ment learning from human feedback (RLHF) to fine-tune the models in real-world scenarios.
Moreover, designing a robust framework for lifelong learning, where the models retain past
knowledge while acquiring new information, will be essential for their long-term usability.
Such improvements would enable more natural and effective interactions, particularly in
complex environments where ambiguity is frequent.

Ethical and Interpretability Concerns. As language models become more integrated
into real-world applications, ethical considerations and interpretability become critical. Mul-
tilingual and multimodal models may exhibit biases inherited from the data on which they
were trained, potentially leading to unfair or discriminatory outcomes when deployed. For
example, a robot providing assistance in a multilingual household might prioritise commands
in certain languages over others, reflecting underlying biases in the training corpus. Address-
ing these biases requires not only more balanced datasets but also the development of bias
mitigation strategies at both the data and model levels. Interpretability, on the other hand,
is vital for building trust in human-robot interactions. Users must be able to understand
the reasoning behind a decisions, particularly in high-stakes scenarios such as healthcare or
industrial automation. Future work should focus on creating explainability tools that allow

users to trace the decision-making process of the model.

5.3.1 A Cognitive Architecture for Multi-Modal Situated Dia-

logues

The development of a unified cognitive architecture for multi-modal situated dialogues rep-
resents a significant step forward in the design of intelligent systems. The motivation behind
this proposition stems from the increasing need for models capable of understanding and
reasoning across multiple modalities, handling multiple tasks concurrently, and interacting
dynamically in real-world environments. Such an architecture could enable future robots to
perform complex tasks requiring situational awareness, making them effective collaborators
in daily human activities.

A central component of this cognitive architecture is the integration of Multimodal
Large Language Models, which serve as the foundation for processing and reasoning over
diverse inputs such as text, images, and audio. The work conducted in this thesis, particu-
larly in the domain of Visual Question Answering (VQA) and the development of MM-IGLU,
demonstrates the feasibility of applying Multimodal-LLMs to real-world scenarios. These
models have already shown significant capability in interpreting and generating language
grounded in visual contexts, making them ideal candidates for inclusion in the proposed

framework.
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Another critical aspect of the architecture is its multitasking capability. As evidenced
by the ExtremITA model, multitasking allows a single model to perform multiple linguistic
tasks simultaneously, improving generalisation and efficiency. In a real-world deployment, a
robot equipped with such a multitasking system could interpret various types of instructions,
manage context-switching effectively, and handle diverse queries without requiring multiple
specialised models.

To further enhance the adaptability and knowledge of the system, the architecture should
incorporate Retrieval-Augmented Generation (RAG) mechanisms. RAG enables the
model to retrieve external information dynamically during interactions, ensuring that the
robot remains contextually aware even in situations where pre-existing knowledge is insuf-
ficient. For example, in a household scenario, the robot might need to retrieve real-time
information about household inventory or schedules to provide accurate assistance. This
integration of retrieval capabilities makes the system more robust and versatile, especially
in open-ended and rapidly changing environments.

The workflow of the proposed cognitive architecture involves several key stages. First,
the system processes the input, which could be a combination of visual, textual, and auditory
data. Next, the Multimodal-LLM performs initial reasoning based on the input, identifying
the required task and generating a preliminary response. If additional information is neces-
sary, the RAG module retrieves relevant external knowledge, which is then integrated into
the final response. The output is subsequently mapped to executable robotic primitives,
enabling the robot to perform physical actions or provide informative feedback to the user.
Moreover, if more information is required, the system should be able to ask questions in
natural language and interacti actively with the user.

Deploying this Cognitive Architecture on robotic platforms opens up numerous possi-
bilities for real-world applications. Potential scenarios include household assistance, where
robots could help with daily chores, provide reminders, and offer general support. In indus-
trial settings, the architecture could facilitate human-robot collaboration in complex tasks
requiring precision and contextual understanding. Similarly, in healthcare, robots equipped
with this system could assist elderly or disabled individuals by understanding their needs
and responding appropriately.

Despite its potential, deploying such a comprehensive cognitive architecture on real-world
robotic platforms poses several challenges. One significant issue is the computational
demand of large multimodal models, which may exceed the capacity of current embedded
systems. Ensuring real-time performance while maintaining accuracy will require further
optimisation of both hardware and software components. Moreover, robustness in dynamic

environments remains a key concern, as the system must be able to handle unexpected
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changes and noisy inputs effectively. Phi4, explored in 5.2, represents a promising step
in this direction, but further research is needed to ensure that the architecture can adapt
to a wide range of real-world scenarios. Finally, ethical considerations must be addressed,
particularly regarding bias and interpretability. As the architecture relies on large language
models trained on diverse datasets, ensuring fairness and transparency in decision-making
processes is crucial. Developing tools for bias detection and mitigation, as well as providing
users with insights into the reasoning capabilities, will be essential for building trust in
human-robot interactions.

The proposed cognitive architecture for multi-modal situated dialogues represents a sig-
nificant advancement in human-robot collaboration. By integrating Multimodal-LLMs, mul-
titasking capabilities, and RAG mechanisms, the architecture promises to transform robots
into proactive, intelligent collaborators capable of assisting humans in a wide range of tasks.
The work presented in this thesis lays a solid foundation for this future direction, opening

up new possibilities for further research in the future.
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Appendix A

Distribution of the languages for pre-
trained LLaMA

In assessing the data distribution disparities between the pre-training phase of LLaMA and
the fine-tuning datasets in this work (Train30k, Dev, and Test sets) for U-DepPLLaMA, we
provide an illustrative breakdown in Table A.1.

During the pre-training phase of LLaMA2, English dominates, accounting for nearly
90% of the data. This stark bias towards English is contrasted by the top language in the
Train30k set, Czech, which comprises only 7.65%. Each row in Table A.1 presents a language
considered in this study. The second column highlights the proportion of representation for
that language in the pre-training data. The subsequent columns provide the percentages of
examples for that particular language in the Train30k, Dev, and Test datasets.

It is important to clarify the naming convention of Train30k. Datasets for languages
with more than 30,000 examples were uniformly sampled across all available datasets. The
goal was to ensure a maximum of 30,000 examples per language, with each source dataset
being equally represented. This strategy addresses potential biases and ensures a balanced

representation across various datasets.

A.1 Ethics Statements and Limitations

Training a models like LLaMA [261] or LLaMA2 [262] incurs significant computational costs,
demanding hundreds of hours on a GPU. While we’ve implemented optimizations, such as
applying the LoRA [119] technique with the Peft [169] package and mixed precision ap-
proximations, to expedite the process, training on a 16GB or 20GB GPU still necessitates

substantial computational resources. This is further pronounced by the sentence processing
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APPENDIX A. DISTRIBUTION OF THE LANGUAGES FOR PRE-TRAINED LLAMA

Code Language ‘ LLaMA ‘ Train30k Dev Test

en English 89,70% 5,09% 6,39%  6,32%
unk unknown 8,38% - - -

de German 0,17% 3,52% 1,35% 1,57%
fr French 0,16% 4,75% 491%  2,75%
sV Swedish 0,15% 1,82% 254%  3,49%
zh Chinese 0,13% 1,02% 0,85%  0,81%
ru Russian 0,13% 7,45% 12,12% 12,85%
es Spanish 0,13% 7,27% 517%  3,46%
nl Dutch 0,12% 4,61% 2,36%  2,3T%
it Ttalian 0,11% 5.17% 2,35%  2,11%
ja Japanese 0,10% 1,82% 0,86%  0,89%
pl Polish 0,09% 5,07% 4,69%  4,55%
pt Portuguese | 0,09% 4.59% 3,00%  2,711%
vi Vietnamese | 0,08% 0,36% 1,35%  1,29%
uk Ukrainian 0,07% 1,35% 1,10% 1,39%
ko Korean 0,06% 6,99% 510%  5,28%
ca Catalan 0,04% 3,35% 2,89%  2,97%
sr Serbian 0,04% 0,75% 0,79%  0,79%
cs Czech 0,03% 7,65%  19.14% 19,66%
fi Finnish 0,03% | 694%  548% 551%
hu Hungarian 0,03% 0,23% 0,75%  0,72%
id Indonesian 0,03% 1,14% 0,95%  0,90%
no Norwegian 0,03% 7,63% 7,28%  7,26%
TO Romanian 0,03% 4,08% 3,00%  2,87%
bg Bulgarian 0,02% 2.27% 1,89%  1,80%
da  Danish 0,02% 1,12%  095% 0,91%
hr Croatian 0,01% 1,78% 1,44%  1,70%
sl Slovenian 0,01% 2,18% 1,24%  3,06%

Table A.1: Data distribution

time of the model, averaging one second per sentence, which is relatively lengthy. In terms
of application, its heavy reliance on an LLM raises concerns about potential hallucination,
where it might generate non-existent sentences or fragments. However, during inference,
we’ve observed that it has consistently stayed within the boundaries of the Minecraft-like
world. Nevertheless, a more comprehensive review is essential to validate this observation.
To ensure the evaluation process remains untainted by external factors, additional experi-
ments may be required. The dataset should not be part of the pre-training phase, as it is
not publicly available on the web and must be downloaded from the competition page. A
notable limitation of the trained model is its reliance on English-only fine-tuning datasets
for commands and generated questions. This restricts its ability to handle languages other
than English. Additionally, the synthetic images are derived from a game-like, simulated
environment. Evaluating its performance with different languages and diverse environments

would provide valuable insights.
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Appendix B

Fine-Grained Analysis for U-DepPLLaMA

In this Chapter we present more details about the U-DepPLLaMA approach presented in
Section 3.1.1. In the following we report how to generate Dependency Trees from Graphs
in Section B.1 with a pseudocode, an in-depth error analysis in Section B.2 and a detailed

analysis of errors at a sentence level in Section B.3.

B.1 Generating Dependency Trees from Dependency
Graphs

The recursive pseudo-code utilized to derive the parenthetic form from a dependency graph
is detailed in Table B.1. It assumes that dependency graphs are loaded using the conllu!
python library.

The code defines two methods:

1. tree2string _grct: This function accepts a dependency tree (for instance, loaded
using the collu library) and yields the parenthetic form we have adopted in this
study.

2. tree2list_grct: This function recursively constructs a string in parenthetic form for
a given subtree rooted at ‘node’ It begins by adding the dependency relation. The
boolean flag is_deprel written ensures that the current node token form of the node
(node.token["form"]) is inserted in the correct position and only once. For nodes
without children, the lexical form is directly appended. For nodes with children, the

function checks the order of tokens and ensures they are appropriately nested, with

https://pypi.org/project/conllu/
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# This method takes into input a dependency graph, e.g., loaded with
the collu library, and generates
the parenthetic form

def tree2string_grct (node):

my_list = []
tree2list_grct(node, my_list)
return " ".join(my_list)

# This method takes in input a subtree rooted at ‘mnode’ and generates
a string in a parenthetic form
def tree2list_grct(node, mylist = []):

# First the dependency relation is added

mylist.append("[" + node["deprel"])

# Boolean flag used to ensure that the current token form of the
node (node.token["form"]) is
added once in the correct
position

is_deprel_written = False

# No children, so the lexical node can be written

if len(node.children) == 0:

mylist.append("[" + node["form"] + "]")

# For each child, write the token form of the node if needed or
recursively call the
tree2list_grct method

for i, child in enumerate (node.children):

if child.token["id"] > node.token["id"] and not
is_deprel_written:
mylist.append("[" + node.token["form"] + "1")
is_deprel_written = True

# Recursive call
tree2list_grct(child, mylist=mylist)

if i == len(node.children) - 1 and not is_deprel_written:
mylist.append("[" + node.token["form"] + "]1")
is_deprel _written = True

# Close the string associated with the subtree
mylist.append("]")

Table B.1: Pseudocode in python to generate the parenthetic form

recursive calls to process the entire tree. Finally, it concludes the string representation

for the subtree.

B.2 In-Depth Error Analysis for U-DepPLLaMA

First and foremost, the magnitude of system errors must be evaluated to assess their potential

impact on analyses or systems that rely on syntactic information. For the 13B U-DepPLLaMA
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model, approximately 60% of sentences exhibit no UAS errors, while about 50% are error-
free in LAS metrics. Given that sentences in the dataset contain an average of 17 words,
it is noteworthy that nearly 80% of sentences contain at most one error, highlighting the
robustness of the model. In contrast, sentences with more than five incorrectly linked words

account for only 6% of cases.
95%
90%
85%

80%
1-10 11-20 21-30 31-40 41-50

OU-DepPLLaMA 7B mU-DepPLLaMA 13B

Figure B.1: UAS vs Sentence Length

Inspired by studies such as [173], we further assessed the performance based on sentence
complexity, starting with an analysis centered on sentence length. In Figure B.1, UAS
scores for the 7B and 13B models are shown, where sentences are grouped into length-
based bins ranging from 1-10 words and increasing in increments of ten, up to the bin
containing sentences with 50-60 words (covering over 99% of the dataset). Interestingly, the
UAS scores remain relatively stable across sentence lengths, averaging approximately 91%
for the 7B model and 92% for the 13B model®>. This consistency demonstrates that the
U-DepPLLaMA models sustain robust parsing performance even for longer and structurally
complex sentences. The ability to maintain these scores underscores its strong sentence-
level processing capabilities, despite the autoregressive nature of the model, which processes

sentences in their entirety.
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Figure B.2: UAS versus Length of the Dependency Arc

An equally important aspect of complexity is the performance concerning the length

of syntactic relations. This analysis evaluates whether the LLaMA-based model effectively

2The average UAS in Table 3.1 reflects the mean accuracy across the 50 datasets, while Figure B.1 shows
an unadjusted average based on all sentences. This discrepancy arises due to the varying sizes of individual
datasets.
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Figure B.3: LAS versus Length of the Dependency Arc

manages long-range dependencies, leveraging its attention mechanism, which spans the entire
sentence. As shown in Figure B.2, while a slight performance drop is observed for relations
involving immediate adjacent words (length= 1), the model displays remarkably consistent
performance across varying relation distances, consistently achieving scores between 91%
and 93%. This consistency highlights the ability to manage both short-range and long-range
dependencies effectively. The trend for LAS closely mirrors the UAS results, as illustrated in
Figure B.3. However, a slightly steeper decline in performance is evident for longer depen-
dencies. This suggests that while the model is proficient in identifying syntactic connections,
it occasionally misinterprets the syntactic role of a word. Interestingly, the 13B model out-
performs its 7B counterpart particularly at longer distances, as evidenced by the minimal
differences in performance for short relations and the more pronounced improvement for
extended ones. This highlights the added value of larger parameter sizes in capturing and
correctly interpreting long-range syntactic relations.

Linguistic Analysis. In Table B.2, a quantitative analysis of the relation types to be
predicted, along with the number and percentage of errors generated by the U-DepPLLaMA

models, is presented.

. U-DepPLLaMA-7B | U-DepPLLaMA-13B
Relation
#errors percentage | #errors percentage
Punct 17,345 24% 16,538 25%
NMOD 7,980 11% 7,371 11%
ApvMOD 6,970 10% 6,579 10%
ConNJ 6,150 9% 5,476 8%
OBL 5,954 8% 5,469 8%
NSUBJ 4,557 6% 4,229 6%
Rootr 3,952 6% 3,717 6%

Table B.2: Top errors (plain numbers and percentages) concerning the relation for the two
sizes of the U-DepPLLaMA models, cut above 5%. These constitute almost 75% of the errors.

The PUNCT relation accounts for 24% and 25% of the errors. This indicates challenges
in associating punctuation marks (e.g., periods and commas) with their dependent words.

However, such errors are generally marginal and can often be reasonably overlooked. Of
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greater significance is the misprediction of the ROOT relation, which occurs in 6% of cases.
Errors involving the ROOT are critical, as the root serves as the pivotal word upon which
the entire meaning of a sentence depends. When mispredicted, the sentence as a whole may
be considered incorrect. For a more qualitative analysis of LAS performance in the 13B
model, about 80,000 words were misassigned, while approximately 55% of errors had the
correct label but incorrect attachment. Remarkably, this accuracy is achieved without using
specialised Part-of-Speech (PoS) features or grammatical heuristics employed by traditional
parsers like UDPipe. Instead, these capabilities are implicitly embodied by the language
model and further refined during fine-tuning. Regarding the real PoS tags of the misassigned
words, the most prevalent errors (occurring in over 5% of words) are associated with nouns
(23.4%), punctuation symbols (19%), verbs (12.8%), and adverbs (8.1%):

o Nouns: Out of 18,700 noun-related errors, approximately 40% have the correct label
but are incorrectly attached to a different word. These attachment errors exhibit
irregular patterns. The most frequent mistake (15%) is the erroneous interchange of
OBL (oblique nominal) with NMOD (nominal modifier), primarily caused by incorrect

arc introduction. While the label remains coherent, the attachment is inaccurate.

e Verbs: Nearly 40% of errors involve incorrect attachments while retaining the correct
label. In the remaining cases, certain error patterns emerge. In 5% of cases, a main verb
(RooT) is incorrectly swapped with a subordinate verb, resulting in an attachment
error where ROOT is replaced by CONJ (conjunction). In 3.9% of cases, errors occur
between ROOT and PARATAXIS, misinterpreting the hierarchical relationship between

clauses.

o Adverbs: For adverbs, 63% of errors involve correct labels but incorrect attachments.
The most common mislabeling is the interchange between ROOT and ADVMOD (ad-

verbial modifier), though this accounts for only 3% of cases.

B.3 Detailed Analysis of Sentence-level Errors in UAS
and LAS Metrics for U-DepPLLaMA

Figure B.4 shows a visualization of the percentage of sentences in the test set of 62,069
sentences, which exhibit specific counts of errors. This distribution allows for a granular
understanding of the syntactic accuracy of the model.

Panel a) focuses on the Unlabeled Attachment Score (UAS) metric. Here, it’s remarkable

to observe that sentences with no UAS errors comprise a significant 60% of the test set when
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Figure B.4: UAS (a) and LAS (b) for sentences with an increasing number of errors

the 13B size U-DepPLLaMA model is employed. Moreover, when aggregating sentences that
exhibit 0 or 1 error, this rises to almost 80%, an impressive feature, especially considering
that the average sentence length stands at 17 words.

Subsequently, panel b) provides insights into the Labeled Attachment Score (LAS) metric.
A direct comparison between the two panels readily highlights the superior performance
of the model with 13 billion parameters. Furthermore, as expected, the LAS figures are
generally lower, a direct result of its being a subset of the instances where the attachment

is incorrect (captured under UAS) and additionally carries an erroneous syntactic relation
label.
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Appendix C

Training the GrUT Models

In this Chapter are reported further information for training and evaluating the GrUT models

from Section 4.1.3.

Param Name Value
Optimizer AdamW
Learning Rate 5e-5
Early_stopping_ delta le-4
Early_ stopping_metric eval loss
Batch_ size 16
Gradient__accumulation_ steps 2
Early stopping patience 3
Scheduler linear_schedule_ with_ warmup
Warmup Ratio 0.1
Max_ length 96
Epochs 50(max)

Table C.1: Summary of models parameters estimated with a grid search policy.
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Appendix D

The MM-IGLU resource

Here a more detailed description of the MM-IGLU resource.

3,7% 579 17% 0,4%

[ place
4,5% destroy
4,8% build
stack
35,6% @ remove
| [0 break
M@ replace
9,5% @ add
M put
10,6%  156% W delete
@ connect
@ complete

Figure D.1: Command meta-categories in percentage.

Additionally to the original IGLU resource, we introduce meta-categories to each question
and command in the test set, to enable a more comprehensive analysis for the evaluation of
answers generated by models, such as LLMs.

In this test set, commands can be categorized based on the actions they instruct the
agent to perform, primarily determined by verbs relating to either placing or removing
blocks in the environment. As depicted in Figure D.1, the action to place is the most
prevalent, constituting 36% of the commands, while to destroy accounts for 15%. A notable
disparity exists among the actions, with commands for placing new blocks dominating at
66%, compared to the 34% that instruct block removal.

For each command in the test set that exhibits ambiguity, we have appended a classi-
fication label specifying the type of information that the command lacks as in Figure D.2,
prompting the need for a clarifying question. These categories include: BLOCK, indicating

uncertainty about which block the command refers to, e.g., “Which specific block do you
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Figure D.2: Question meta-categories in percentage.

mean ?”; VERTICAL-HORIZONTAL, when there’s ambiguity in the block’s vertical or hor-
izontal alignment, e.g., “How are they arranged? Vertical or horizontal?”; COLOR, when
clarity on the block’s color is required, e.g.,“ Which color should the block be?”; DIRECTION,
if the block’s orientation is unclear, e.g.,“In which direction? What is the orientation?”;
BLOCK MISSING, when the referenced blocks are absent in the environment, e.g.,“ There
is no red block”; NUMBER, when it’s uncertain how many blocks the command pertains
to, e.g.," How many blocks? Or how long?”; and SQUARE, if it’s ambiguous where the block
should be placed, e.g.,“ Where should I place the blocks?”. For example, the instance in Figure
4.6 would be assigned to the BLOCK MISSING class as the command refers to a non-existing
block.

D.1 The Generation Process

The software for generating the images for the IGLU dataset is taken from https://github.
com/iglu-contest/gridworld and adapted in order to position the viewpoint in a specific
position. Moreover, a mapping of the color IDs from the IGLU dataset to the “gridworld”
environment was necessary. Finally, the original IGLU training dataset can be downloaded
from https://github.com/microsoft/iglu-datasets with an MIT license.

The models utilized can be downloaded from Huggingface:
« BART-base: https://huggingface.co/facebook/bart-base

« LLaVA LLaMAZ2 13b:
https://huggingface.co/liuhaotian/llava-pretrain-llama-2-13b-chat

o LLaMA2 13b: https://huggingface.co/meta-1lama/LLaMA-2-13b-hf

o LLaMA2 13b Chat: https://huggingface.co/meta-1lama/Llama-2-13b-chat-hf
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o CLIP: https://huggingface.co/openai/clip-vit-large-patchi4

Parameter Name

| BART-IGLU Value |

LLaMA Value

Optimizer AdamW AdamW
Early_stopping_ delta 1-1073 None
Early stopping metric eval loss None
Batch_ size 16 16
Early stopping patience 2 None
Scheduler Linear with warmup | Linear with warmup
Warmup Ratio 0.1 0.1
Max_ length 128 2048
Learning rate 3-107° 2-1074
Epochs 50 (max) 10
Model Size base 7b & 13b

Table D.1: Summarization of the hyper-parameters for the BART and LLaMA Language
Models.

D.2 The validation process for Italian

The resource has been expanded for Italian in MM-IGLU-IT [37], by automatically translating
the commands and the questions using the DeepL tool. Then, a validation step has been
necessary by a couple of human validators, to ensure a more natural and nuanced Italian
characteristics for the interaction. Some examples and errors are here after reported.

The main sources of error that were corrected during the validation include incorrect
verb conjugations (e.g., “Rimuovete” — “Rimuovi”), rephrasing expressions (e.g., “ Vista a
Nord” — “Guardando a Nord”), and fixing mistranslations (e.g., “ Towel” — “ Asciugamano”
instead of “Torre”, i.e. “Tower”). For example, the English word “block” was often mis-
translated as “isolato” (i.e. city block) instead of “blocco”. Only about 1% of the commands
were nonsensical, such as “Facing north and green purple blocks will be destroyed” which was
translated to “ Rivolto a nord e blocchi verdi viola saranno distrutti” despite not being action-
able. We maintained ambiguous commands to highlight cases needing clarification questions
and test the robustness of the neural models. For instance, “Istruzione non chiara, cosa vuoi
che faccia?” translated from “The command is not clear, what do you want me to do?”.
It is interesting to note that verbs like to destroy were translated to Italian verbs distrug-
gere, cancellare, or rimuovere, maintaining a broader linguistic variability than the original
dataset. This variability can enhance an LLM’s robustness by minimizing overfitting to spe-
cific verbs and actions. Similar to MM-IGLU, for each command in the test set that exhibits
ambiguity, we reassigned the same classification label of the original dataset specifying the
type of information that the command lacks, prompting the need for a clarifying question.

These categories include: BLOCK, indicating uncertainty about which block the command
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refers to, e.g., “ Which specific block do you mean?”, or COLOR, when clarification about the
color of the block is required. We believe this categorization is very useful for understanding

the need for additional information, but for more details, we refer to Appendix E.
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Appendix E

In-depth Analysis of the Generated An-
swers in IGLU

In this Chapter, we report an In-depth error analysis for the models trained on the IGLU
dataset, namely BART-IGLU and the MM-model based on LLaVA.

Category | BART-IGLU | MM-model
BLOCK 38.46% 60.00%
VERTICAL-HORIZONTAL 50.00% 70.00%
NUMBER 57.14% 55.56%
SQUARE 77.14% 65.79%
COLOR 50.00% 66.67%
DIRECTION 22.23% 80.00%
BLock MISSING 58.34% 54.55%
COMPLETE 97.81% 97.11%
OVERALL \ 92.54% | 93.24%

Table E.1: The categories of “missing” information in the command identified in this work.
Each category is described by a question example. A “Relaxed” Accuracy is computed for
each category on the test set. The MM-model is based on LLAVA using LLaMA2Chat-13b.

BART-IGLU. In Table E.1, the Relaxed Accuracy for the BART-IGLU model is reported, di-
vided by the categories. Here, each category signifies a missing information in the command:
for example, BLOCK stands for commands which do not mention the specific block to be
removed or on top of which block to add more blocks; COLOR stands for commands missing
the color information which introduce ambiguity when understanding whether to place or to
remove something is executable; VERTICAL-HORIZONTAL stands for the disposition of the
colors, etc.

For the command “In the center place three orange blocks horizontally” BART generates
the question “Where in the center do I place the orange blocks?” when the GS annota-

tion is “ Where in the center should the three orange blocks be placed?”, which are basically
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two equivalent questions. This phenomenon counts for half of the errors of BART. The
other half of the errors occur when the GS annotates a command as COMPLETE but BART
still generates a question. For example, for the command “In the center place three green
blocks horizontally” BART generates the question “ Which direction should the horizontal row
span?”, as the environment is empty and contains no other blocks. The model successfully
recognized that it could not infer the direction in which the blocks should be placed and
asked a question. This “error” regarding the empty map occurs many times. On the other
hand, there are instances where the GS annotates the command with a question and BART
generates “I can execute it.” meaning that no other information is needed. In fact, for the
command “Place a green block at the southeast corner. then place a green block on every
side of it.” the GS produces the question “Where in the Southeast corner?” while BART
successfully recognizes that there is no need for more questions as the “Southeast corner” is
unambiguous: it means the very far position where South and East meet. Another example
is the command “Build a column of two green blocks on top of the yellow block. Break the
yellow block and replace it with a green block.” coupled by the GS with the question “ Where
do I place the green block?”. In this case, the command is clear: there is only one yellow
block in the environment and the Builder is requested to stack a column of two green blocks
on top of it, then destroy the yellow block, and finally replace it with a green one, meaning

to put a green block in the same place of the previous yellow one.

MM-model. We conducted a qualitative assessment for the MM-model as well, requir-
ing manual analysis on a test set of 683 examples. From these, we isolated 89 instances
where requests were generated. Introducing the Relaxed-Accuracy metric, we determined
the percentage of cases where, despite deviations from the original, the generated ques-
tions effectively addressed ambiguity. If the generated query resolved the ambiguity, it was
deemed correct, otherwise incorrect. Moreover, building on the categorizations introduced,
we further analyzed the effectiveness of the system in addressing specific missing information
classes. In Table E.1, Relaxed Accuracy values for BART-IGLU and the Multi-Modal LLaMA
model (based on LLaMA2Chat-13b) are presented. The Multi-Modal solution slightly ex-
cels in the OVERALL metric. Notably, for categories like BLOCK, VERTICAL-HORIZONTAL,
COLOR, and DIRECTION, MM-model shows superior performance, underscoring its capabil-
ity to produce pertinent questions to clarify ambiguities. For example, for the command
“Destroy 1 block and build another 3 in a row”, the expected output is simply “Destroy
which one block?” while the Multi-Modal model produces a much more comprehensive ques-
tion, addressing all the crucial points (missing information): “ Which specific block should I
destroy, and what color/direction/position should the three-block row be?”.

Conversely, BART-IGLU outperforms the MM-model in certain scenarios, possibly because
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the image presented during generation offers only a singular perspective, which might obscure
some blocks or cells. BART-IGLU has access to a comprehensive (textual) description of the
world. For the MM-model, the lowest result is obtained in the BLOCK MISSING category.
In contrast, for the DIRECTION category, the result increases from 22.23% to 80%, revealing
greater robustness in understanding when information about the direction is needed. An
interesting example is the command “Destroy the yellow block. In its place put a 4-block
vertical red column” associated with a world containing only one yellow block. While the
Gold Standard annotates the command as incomplete coupled with the question “In which
direction do we place the 4 red blocks in a vertical column?”, BART-IGLU generates a similar
question but the MM-model can understand that there is no need to ask any questions

because “vertical column” is not ambiguous.
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Appendix F

MM-IGLU Dialogues: Prompts, Error

Analysis and Questionnaires

F.1 Prompt Design

In this section, we describe the prompts used to condition the MiniCPM! and LLaVA? models
for the experimental analysis both in English and Italian. The prompts are categorized into

two primary settings:

o Without Plan Setting: In this configuration, the model does not rely on a predefined
plan. The prompt instructs the model to either:

— Generate a clarification question based on the given dialogue history, reference
image, and user command. The model must identify missing or ambiguous in-
formation related to specific categories such as block color, number, orientation,

direction, position, or the feasibility of actions and commands.

— Generate a confirmation response if the model determines that all necessary infor-
mation is available. This response can either affirm the execution of the command

or summarize all prior executed actions relevant to the user request.

This type of prompt has been used in both the zero-shot setting and the fine-tuned

(no Plan) scenario. See Figures F.5 and F.6 for reference.

« With Plan Setting: In this setting, the model is conditioned to first generate a

structured plan before producing a question or confirmation. This enables a more

'https://huggingface.co/openbmb/MiniCPM-V-2_6
’https://huggingface.co/meta-1lama/Llama-2-7b-chat-hf
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QUESTIONNAIRES

systematic approach to gathering necessary information. The setting includes two

distinct prompt types:

— Plan Generation Prompt: Given the dialogue history, user command, and
reference image, the model is instructed to generate a structured plan, listing the
categories of missing information that require clarification. The categories are
predefined, covering aspects such as block color, number, spatial arrangement, or
command feasibility. The model must ensure consistency with previously gener-

ated plans when applicable. See Figures F.7 and F.8.

— Clarification/Confirmation Prompt: Once a plan is available, the model is
instructed to generate either: 7) a clarification question corresponding to the first
category in the input plan; i7) a confirmation response if the plan indicates that
all necessary information is available. This response may include an explicit recap

of the actions performed. See Figures F.9 and F.10.

Each prompt follows a structured format:

o Context Definition: The model is provided with structured input, including a world

image, a history of prior interactions, and (if applicable) a previously generated plan.

o Task Objective: The model is explicitly instructed to either generate a clarification
question, formulate a confirmation, or produce a structured plan, depending on the

setting.

o Categorical Breakdown: The prompts define the missing information through the
specific categories in 7T, ensuring that the model systematically assesses what aspects
require clarification before executing a command. The set 7 includes the following
categories:

— CoLoR: Clarifications about block color.

— NuMBER: Clarifications about the number of blocks.

— ORIENTATION: Direction in which the model should operate.

— DIRECTION: Direction of block placement.

— BLocK MIssING: Verifying whether requested blocks exist in the environment.
— NoT EXECUTABLE ACTION: Determining whether an action can be performed.

— Not EXECUTABLE COMMAND: Determining whether a command can be exe-

cuted.
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— NoT EXECUTABLE: COLOR NOT FOUND: Addressing unavailable block colors.
— DISPOSITION: General arrangement of blocks.

— PRECISE DISPOSITION: Fine-grained clarifications about block disposition.

— PosIiTioN: General clarification about block positioning.

— PRECISE POSITION: Detailed clarification about block positioning.

— PRECISE BLOCK: Clarifications about a specific block in question.

— CONFIRMATION: Affirming the execution of a command.

— CONFIRMATION WITH RECAP: Summarizing all previous actions relevant to the

command.

o Task Execution: Finally, the model is instructed to generate a well-formed response
that adheres to the specified categories (either posing a clarification question) confirm-

ing the execution of the command, or summarizing prior actions.

F.2 Error Analysis

Figure F.1 presents three illustrative scenarios from the dynamic dialogue test set, where a
human evaluator independently interacts with both models, one incorporating planning and

the other operating without it. Below, we summarize key observations.

(a) CQ-game-6796 (b) CQ-game-8747 (c) CQ-game-2702

Figure F.1: Environments examples of some dialogues we tested the models on.

In the first scenario (Figure F.1a), the user provides a vague command, “Place some
blocks”. The model without a planning mechanism initially gathers most of the necessary
information but, after a few turns, begins repeating questions about position and colour.

Moreover, it fails to ask about the arrangement of the blocks (e.g., whether they should
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be placed in a line, column, or scattered). In contrast, the model that integrates planning
avoids redundancy, systematically gathers all relevant details, including arrangement, and
concludes more efficiently. As a result, the model without planning received an EXTREMELY
BAD relevance score: this example represents the only dialogue where the model without a
plan failed to conclude the interaction. In contrast, the system leveraging planning achieved
the highest rating. We report the entire dialogue in Figure F.2.

In the second scenario (Figure F.1b), the user instructs, “Add some black blocks and
then add four blocks of another color.” Since black blocks are not available in the environ-
ment, both models correctly detect the issue and prompt the user to choose another colour,
successfully handling the request. However, the model without planning produces an incon-
sistent final recap, incorrectly stating that it will add black blocks despite having resolved
the colour issue earlier. This inconsistency highlights a failure to maintain coherence. The
model equipped with planning, on the other hand, avoids this issue, maintaining logical
consistency throughout the dialogue. We report the entire dialogue in Figure F.3.

The third scenario (Figure F.1c) is associated with “Add blocks to create the number
ten on the map”. The model lacking planning misinterprets the request, asking irrelevant
questions such as how many blocks are needed and incorrectly assuming the task involves
creating a column. The model using planning correctly infers the number of blocks from
the image but does not explicitly confirm this information in its final response. While this
omission is less critical, it still suggests minor gaps in reasoning completeness. We report

the entire dialogue in Figure F.4.

F.3 Evaluation Questionnaire

As discussed in Section 4.3.6, to conduct a comprehensive analysis of the dialogue quality,
we integrated human evaluation into our framework. Two independent annotators were
involved in assessing the dialogues based on two key dimensions: Relevance and Fluency. The
evaluation was carried out using a dedicated annotation interface where annotators engaged
in chat-based interactions with the assistant while having access to the reference image of the
environment. Importantly, annotators were blind to whether the system they interacted with
had been trained with or without an explicit planning phase, as this information was not
exposed during evaluation. At the end of each interaction, annotators rated the assistant’s
performance by completing a structured questionnaire. The evaluation employed a five-
point Likert scale, allowing fine-grained assessment of dialogue quality. The criteria for
assigning scores are outlined in Figure F.1. The Relevance dimension evaluates whether

the assistant asks only necessary clarification questions, avoiding irrelevant or redundant
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[ ]
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: [ ]
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= How do I arrange the blocks? -
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Place this other one to the left of the westernmost blue ° f1]
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block and east for the row on the right of the
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Ok, Il pace 4 blue blocks in two rows of two blocks two blocks each, directing the row of the left of the
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Y o e I the right of the casternmost blue block east

(a) (b)

Figure F.2: Dialogues related to the CQ-game-6796 image from Figure F.1a. The left subfig-
ure shows the interaction with the model without a planning step, while the right subfigure
illustrates the interaction with the model incorporating planning.
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On top of the central yellow block on the top of the On top of the central yellow block on the top of the °
structure & structure. @
>
How many black blocks do I need to add? How should I arrange the three green blocks?
As1said, add just 3blocks @ One on top of the others gy
- -
Ok, I'll add 3 black blocks and then add 4 green Ok, I'll add 3 green blocks on top of the central yellow
+  blocks and place them on top of the central yellow . . block on the top of the structure, one on top of the
83 block on the top of the structure @ others

(a) (b)

Figure F.3: Dialogues related to the CQ-game-8747 image from Figure F.1b. The left subfig-
ure shows the interaction with the model without a planning step, while the right subfigure
illustrates the interaction with the model incorporating planning.

requests. A higher relevance score indicates that the assistant effectively focuses on the
essential aspects of the command without digressions. At the lowest end of the scale, the

assistant fails to request crucial clarifications or asks entirely irrelevant questions. As the
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/Add some blocks to create the number ten on the map

® Add some blocks to create the number ten on the map
- ]
-
‘m What color should the blocks be? .. What color should the blocks of the column be?
Make thempurple Moke them purple o
- -
" Where should I place the first block of the column? ;[
Rcshsiob shoiiqianis bIblplecig) o Two cells to the right of the existing purple column
- (]
-
y Cliheisiadiz ey Which direction should I face?
W West o
- -
+ How many blocks should the column have? Ok, I'lladd purple blocks two cells to the right of the
existing purple column facing west to create the
It should have 12 blocks, but it's not just a column, it's a UmEeitenlontfielnop)
[ ]
shope 8
In which direction should I direct the column?
Itis a 0, not a column °
-
Ok, I'lladd a column of 12 purple blocks, placing the
first block two cells to the right of the existing purple
.. column, facing west, and not directing the column. This
E villcreate the number ten on the map

Figure F.4: Dialogues related to the CQ-game-2702 image from Figure F.1c. The left subfig-
ure shows the interaction with the model without a planning step, while the right subfigure
illustrates the interaction with the model incorporating planning.

score increases, the assistant progressively refines its queries, reducing unnecessary questions
while maintaining the essential ones. A perfect score is awarded when all clarification requests
are both necessary and relevant to the task.

The Fluency dimension assesses the linguistic quality of the assistant’s responses, ensur-
ing that the generated questions and confirmations are well-formed, grammatically correct,
and natural in their formulation. At the lowest score, responses may contain severe grammat-
ical errors, unnatural phrasing, or even nonsensical text. As fluency improves, the assistant’s
utterances become progressively more structured and comprehensible, with minor linguistic
imperfections persisting in the mid-range. A maximum score is given when the language is

completely natural, error-free, and appropriately structured for a seamless interaction.
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Category

Relevance

Fluency

EXTREMELY POOR

The assistant doesn’t ask for
any relevant information or
doesn’t understand at all the task.

The assistant’s responses

do not belong to the reference
language, or are a collection of
randomly words without a
coherent structure or meaningful
context

The assistant doesn’t ask for
one needed clarification or ask

The assistant asks not clear
clarifications, mistaking the

INADEQUATE . . . .
Q for more than two irrelevant information and using unnatural
information. language.
The assistant asks for one or two
irrelevant clarifications but is able . ,
The assistant’s responses are
to ask also for the needed .
. . . . correct but not in the best
ADEQUATE information during the dialogue. N .
. linguistic form, even though still
The assistant asks for unnecessary understandable
information that could be derived '
from the image.
The assistant asks for all the . , .
. . The assistant’s responses contain
GooD needed information but asks also .
. . . at most one grammatical error.
for one irrelevant information
. . Th istant
The assistant asks for the right unge?:ts;ig;lblzsﬁfnaia o as
EXCELLENT clarification selecting only the BUAEe,

most relevant needed information

natural as possible and the
questions are clear and correct.

Table F.1: Evaluation criteria for assessing the assistant’s dialogue performance. The table
defines five rating categories (EXTREMELY POOR to EXCELLENT) based on two key dimen-
sions: Relevance, which measures the appropriateness and necessity of clarification requests,
and Fluency, which evaluates linguistic quality and coherence. Each category is assigned
a numerical score from 1 to 5, with detailed descriptions of the corresponding assistant
behavior for both evaluation aspects.
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In this Minecraft-style virtual environment, you are a robotic builder capable of performing actions
such as adding, placing, putting, removing, destroying, taking, stacking, moving, and building blocks
on the map. Fach block on the map has a distinct colour belonging to this list of allowed colors:
red, blue, yellow, orange, purple, green. You can orient yourself according to the cardinal directions
(North, South, West, and East).

Your task is: given the user’s command, the map image, and the possible history of the dia-
logue (if p'resen%, you must generate a clarification question as output. The possible categories for
generating clarification questions are as follows:

- block colors

- number of blocks

- the orientation you need to have to perform an operation

- the direction of blocks

- blocks not present on the map

- actions that cannot be performed

- commands that cannot be performed

- colors that cannot be used

- block arrangement

- precise arrangement of blocks

- block positions

- precise block positions

- specific clarifications about a block in question.

If you believe you have all the mnecessary information regarding the wuser’s commands, you
must generate an affirmative response confirming the execution of the command, or generate an
affirmative response summarizing all the operations previously performed (and thus present in the

dialogue history) to execute the command.

Figure F.5: English system prompt for the Without Plan setting, guiding the model to
generate either a clarification question or a confirmation with a recap.
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In questo ambiente virtuale in stile Minecraft, sei un costruttore robotico in grado di esequire azioni
come aggiungere, posizionare, mettere, rimuovere, distruggere, togliere, impilare, spostare, costruire
blocchi sulla mappa. Ogni blocco sulla mappa ha un colore distinto appartenente a questa lista di
colori ammissibili: rosso, blu, giallo, arancione, viola, verde. Hai la capacitda di orientarti secondo i
punti cardinali (Nord, Sud, Ovest ed Est).

1l tuo task é: dato in input il comando dell’utente, limmagine della mappa e l’eventuale sto-
ria pregressa del dialogo (se presente), devi generare in oulput una domanda di chiarimento. Le
categorie possibili sulle quali devi generare le domande di chiarimento sono le sequenti:

- colore dei blocchi

- numero di blocchi

- orientamento che devi avere per esequire un’operazione

direzione dei blocchi

blocchi non presenti sulla mappa

- azioni non esequibili

- comandi non esequibili

- colori mon utilizzabili

- disposizione dei blocchi

precisa disposizione dei blocchi

- posizione dei blocchi

- precisa posizione dei blocchi

- chiarimenti precisi su un blocco interessato.

Se ritieni di avere tutte le informazioni chiare circa i comandi dell’utente, dovrai generare
una risposta affermativa di esecuzione del comando, oppure dovrai generare una risposta affermativa
di esecuzione del comando riassumendo tutte le operazioni effettuate in precedenza (e quindi presenti

nella storia pregressa del dialogo) per poterlo eseguire.

Figure F.6: Italian system prompt for the Without Plan setting, guiding the model to gen-
erate either a clarification question or a confirmation with a recap.
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In this Minecraft-style virtual environment, you are a robotic builder capable of performing actions
such as adding, placing, putting, removing, destroying, taking, stacking, moving, and building blocks
on the map. Fach block on the map has a distinct colour belonging to this list of allowed colors:
red, blue, yellow, orange, purple, green. You can orient yourself according to the cardinal directions
(North, South, West, and East).

Your task is: given the user’s command, the map image, and the possible history of the dia-
logue (if present), you must generate a plan of the question categories to ask the user to clarify the
command and be able to execute it.

The plan you generate must follow this format: [CATEGORY1’, 'CATEGORY2’]. The cate-
gories you can include in the plan are as follows:

- COLOR (for clarifications about block color),

- NUMBER (for clarifications about the number of blocks),

- ORIENTATION (for clarifications about which orientation to take to perform the operation),
- DIRECTION (for clarifications about the direction of blocks),

- BLOCK MISSING (for requests about blocks not present on the map),

- NOT EXECUTABLE ACTION (for actions that cannot be performed),

- NOT EXECUTABLE COMMAND (for commands that cannot be performed),

- NOT EXECUTABLE: COLOR NOT FOUND (for colors that cannot be used),

- CONFIRMATION (if the command is clear and executable),

- CONFIRMATION WITH RECAP (to confirm all the actions performed to complete the command),
- DISPOSITION (for clarifications about the arrangement of blocks),

- PRECISE DISPOSITION (for precise clarifications following a DISPOSITION category),

- POSITION (for clarifications about the position of blocks),

- PRECISE POSITION (for precise clarifications following a POSITION category),

- PRECISE BLOCK (for precise clarifications about the block in question).

When generating the plan, if the user’s input request is consistent with the previously gener-
ated plan (and thus present in the input dialogue history), the plan to be generated must follow the
old plan already generated. However, if the user’s input request is inconsistent with the old plan, you
must generate a new plan with the new relevant categories for the user’s requests.

Figure F.7: English system prompt for the With Plan setting, instructing the model to
generate a structured plan for dialogue clarification.
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In questo ambiente virtuale in stile Minecraft, sei un costruttore robotico in grado di esequire azioni
come aggiungere, posizionare, mettere, rimuovere, distruggere, togliere, impilare, spostare, costruire
blocchi sulla mappa. Ogni blocco sulla mappa ha un colore distinto appartenente a questa lista di
colori ammassibili: rosso, blu, giallo, arancione, viola, verde. Hai la capacita di orientarti secondo i
punti cardinali (Nord, Sud, Ovest ed Est).

Il tuo task é: dato in input il comando dell’utente, l'immagine della mappa e l’eventuale sto-
ria pregressa del dialogo (se presente), devi generare in output il piano delle categorie delle domande
da porre all’utente per chiarire il comando e poterlo esequire.

1l piano che devi generare deve avere il sequente formato: [[CATEGORIA1’,’CATEGORIAZ2’]. Le
categorie che puoi inserire nel piano sono solo le sequenti:

- COLOR (per chiarimenti sul colore dei blocchi),

- NUMBER (per chiarimenti sul numero di blocchi),

- ORIENTATION (per chiarimenti su quale orientamento devi avere per eseguire l’operazione),

- DIRECTION (per chiarimenti sulla direzione dei blocchi),

- BLOCK MISSING (in caso di richiesta su blocchi non presenti sulla mappa),

- NOT EXECUTABLE ACTION (in caso di azioni non esequibili),

- NOT EXECUTABLE COMMAND (in caso di comandi non eseguibili),

- NOT EXECUTABLE: COLOR NOT FOUND (in caso di colori non utilizzabili),

- CONFIRMATION (in caso il comando sia chiaro ed eseguibile),

- CONFIRMATION WITH RECAP (per confermare tutte le azioni effettuate per completare il
comando),

- DISPOSITION (per chiarimenti sulla disposizione dei blocchi),

- PRECISE DISPOSITION (in caso di necessitd di chiarimenti precisi a seguito di una categoria
DISPOSITION),

- POSITION (per chiarimenti sulla posizione dei blocchi),

- PRECISE POSITION (in caso di mecessita di chiarimenti precisi a sequito di una categoria
POSITION),

- PRECISE BLOCK (in caso di necessitd di chiarimenti precisi sul blocco interessato).

Al momento della generazione del piano, se la richiesta dell’utente in input € consistente con
il piano pregresso gia generato (e quindi presente nella storia pregressa del dialogo in input), il
piano da generare dovrd sequire quello vecchio gid generato. Se invece la richiesta dell’utente non
e consistente con il vecchio piano presente, dovrai gemerare un nuovo piano con le nuove categorie
rilevanti per le richieste dell’utente.

Figure F.8: TItalian system prompt for the With Plan setting, instructing the model to
generate a structured plan for dialogue clarification.
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In this Minecraft-style virtual environment, you are a robotic builder capable of performing actions
such as adding, placing, putting, removing, destroying, taking, stacking, moving, and building blocks
on the map. Fach block on the map has a distinct colour belonging to this list of allowed colors:
red, blue, yellow, orange, purple, green. You can orient yourself according to the cardinal directions
(North, South, West, and East).

Your task is: given the wuser’s command, the map image, the plan generated for that com-
mand, and the possible history of the dialogue (if present), you must output a clarification question

related to the first category in the input plan. For example, with this input plan: [[CATEGORY1’,
"CATEGORY?2’], the question you generate must only pertain to CATEGORY1.

If the plan contains only the CONFIRMATION category, you must generate an affirmative
response indicating the execution of the command. If it contains only CONFIRMATION WITH
RECAP, you must generate an affirmative response summarizing all the operations previously
performed (and thus present in the dialogue history) to execute the command.

The possible categories in the plan for which you need to generate questions are as follows:
- COLOR (for clarifications about block color),

- NUMBER (for clarifications about the number of blocks),

- ORIENTATION (for clarifications about which orientation to take to perform the operation),
- DIRECTION (for clarifications about the direction of blocks),

- BLOCK MISSING (for requests about blocks not present on the map),

- NOT EXECUTABLE ACTION (for actions that cannot be performed),

- NOT EXECUTABLE COMMAND (for commands that cannot be performed),

- NOT EXECUTABLE: COLOR NOT FOUND (for colors that cannot be used),

- DISPOSITION (for clarifications about the arrangement of blocks),

- PRECISE DISPOSITION (for precise clarifications following a DISPOSITION category),
- POSITION (for clarifications about the position of blocks),

- PRECISE POSITION (for precise clarifications following a POSITION category),

- PRECISE BLOCK (for precise clarifications about the block in question).

Figure F.9: English system prompt for the With Plan setting, guiding the model to generate
either a clarification question or a confirmation with a recap.
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In questo ambiente virtuale in stile Minecraft, sei un costruttore robotico in grado di esequire azioni
come aggiungere, posizionare, mettere, rimuovere, distruggere, togliere, impilare, spostare, costruire
blocchi sulla mappa. Ogni blocco sulla mappa ha un colore distinto appartenente a questa lista di
colori ammissibili: rosso, blu, giallo, arancione, viola, verde. Hai la capacitd di orientarti secondo i
punti cardinali (Nord, Sud, Ovest ed Est).

1l tuo task é: dato in input il comando dell’utente, limmagine della mappa, il piano gener-
ato per quel comando e l’eventuale storia pregressa del dialogo (se presente), devi generare in output
una domanda di chiarimento relativa alla prima categoria presente nel piano in input. Ad esempio,
con questo piano in input: [[CATEGORIA1’,’CATEGORIA2’], la domanda che dovrai generare
dovra essere relativa solamente alla CATEGORIAL.

Se nel piano c’é solo la categoria CONFIRMATION, dovrai generare una rvisposta afferma-
tiva di esecuzione del comando, se invece c’é¢ solo CONFIRMATION WITH RECAP dovrai generare
una risposta affermativa di esecuzione del comando riassumendo tutte le operazioni effettuate in
precedenza (e quindi presenti nella storia pregressa del dialogo) per poterlo eseguire.

Le categorie possibili nel piano sulle quali devi invece generare le domande sono le sequenti:
- COLOR (per chiarimenti sul colore dei blocchi),

- NUMBER (per chiarimenti sul numero di blocchi),

- ORIENTATION (per chiarimenti su quale orientamento devi avere per eseguire l’operazione),

- DIRECTION (per chiarimenti sulla direzione dei blocchi),

- BLOCK MISSING (in caso di richiesta su blocchi non presenti sulla mappa),

- NOT EXECUTABLE ACTION (in caso di azioni non eseguibili),

- NOT EXECUTABLE COMMAND (in caso di comandi non esequibili),

- NOT EXECUTABLE: COLOR NOT FOUND (in caso di colori non utilizzabili),

- DISPOSITION (per chiarimenti sulla disposizione dei blocchi),

- PRECISE DISPOSITION (in caso di necessitd di chiarimenti precisi a sequito di una categoria
DISPOSITION),

- POSITION (per chiarimenti sulla posizione dei blocchi),

- PRECISE POSITION (in caso di necessitd di chiarimenti precisi a sequito di una categoria
POSITION),

- PRECISE BLOCK (in caso di necessita di chiarimenti precisi sul blocco interessato).

Figure F.10: Italian system prompt for the With Plan setting, guiding the model to generate
either a clarification question or a confirmation with a recap.
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