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Abstract

In this thesis, we analyse the ability of LLMs to predict future spatial states and
actions given a sequence of previous states and actions. It addresses these challenges
by �ne-tuning LLMs using data from physical robots, enabling them to predict future

states, plan actions, and simulate emotions. �is was carried out by collecting a
dataset from robots using di�erent policies and �ne-tuning LLaMA 3.1 8B under

various con�gurations. �is resulted in the LLMs being able to predict low-level future
states; however, they struggled with more complex ones. �is thesis concludes that

while large language models like LLaMA 3.1 8B can learn basic spatial dynamics from
unstructured robot data, suggesting their potential as a tool for studying embodied

learning, it also reveals areas where further development is needed.
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1 Introduction

Large language models (LLMs) (Section 3.1) have shown remarkable capabilities in text-based tasks
such as text generation, summarisation, and translation. However, as we are observing in our everyday
lives, their potential extends beyond purely language-based tasks, due to their ability to process abstract
tokens. (Section 3.1) In other words, any type of piece of information that can be encoded, such as text,
images, and even sound. At the same time, interest and market in embodied and situated intelligence, the
integration of AI into physical agents, robots (Section 3.1) is rapidly growing. Intelligent robots typically
integrate two systems: an LLM and a distinct movement system. ‘is movement system is usually a
high-level symbolic sequence system that runs independently. [KKC+ 24]

‘e integration of large language models with symbolic movement systems in embodied AI presents
two main challenges. First, the bidirectional information exchange between both systems is constrained
by their di‚ering computational paradigms. In this context, LLMs produce high-level, context-dependent
(Section 3.1) commands using probabilistic reasoning, whereas symbolic systems require low-level, highly
speci€ed commands for motion planning. ‘is hinders the system's ability to join abstract goals with
concrete motor operations and to convert sensory feedback to meaningful language. [XWL+ 24] Second,
symbolic systems underperform in real-world environments. ‘eir reliance on €xed rules and discrete
state transitions struggles to handle the uncertainty, variability, and partial observability inherent in
dynamic se‹ings. [LAK+ ]

For this reason, and its simplicity, research into unifying these systems into LLMs is quickly developing.
As will be explained in Section 2, current approaches rely on the limited inherent spatial knowledge of
LLMs and therefore conduct experiments in zero-shot and few-shot se‹ings. [H+ 24] Due to the lack
of training LLMs have in spatial perception, the results are either not favourable or they require large
amounts of computing power, as they combine sequentially several LLMs [GSS+ 24] in an actor-critic
manner.

However, while these multi-LLM architectures show promise in controlled simulations, their real-world
deployment remains largely impractical. Such architectures are not only power-intensive but also unsuit-
able for moving in a dynamic environment as well as for real-time interaction. ‘is further motivates the
need to explore more e•cient alternatives, such as speci€cally training LLMs for this purpose, so that
they can internalise spatial reasoning and planning capabilities without relying on external symbolic
modules or ensemble models.

‘is paper aims to research the application of LLMs to embodied AI. It will focus on €ne-tuned LLMs,
whose ability to learn and subsequently understand spatial perception remains underexplored. Fine-
tuning o‚ers a promising alternative to multi-component architectures, multi-LLM setups, and zero-shot
and few-shot approaches by allowing the model to directly incorporate spatial and motor priors from
embodied experience. In order to train an LLM in this €eld, data sets will be needed. For this, data from
robots in di‚erent environments will be collected. By training these models to predict future states,
plan actions, and recognise pa‹erns, this paper aims to bridge the gap between abstract reasoning and
real-world interaction.
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2 Related Work

Recently, there has been signi€cant a‹ention on merging (LLMs) with embodied AI. However, a major
challenge remains in making LLMs e‚ective in real-world environment. Models such as GPT, LLaMA,
and DeepSeek are outstanding at language-related tasks, but €nd it di•cult to understand and engage
with physical spaces, rendering them unsable for robotic tasks. [H+ 24] ‘is challenge is the driving
force behind this research; while LLMs are skilled in abstract thought, they need to improve in areas like
spatial perception and interacting with the real world.

Recent e‚orts have begun incorporating LLMs into embodied AI as a single system. An example is
Huang et al. [H+ 24], who explored how LLMs can enhance decision-making in robots through zero-shot
learning. ‘is paper introduces an LLM as a multi-agent framework that solves robotics tasks without
prior training by processing images and task descriptions to generate action sequences. As it relies on
multiple agents for planning, action generation, self-correction, and validation, with multiple loops
between the generation and self-correction agents, it has a signi€cant latency. ‘is is due to the iterative
processing leading to high computational demands. ‘is makes the system impractical for real-time
interactive robotics applications.

Similarly, Guruprasad et al. [GSS+ 24] proposed integrating pre-trained LLMs with visual processing to
enhance robotic perception and planning capabilities. ‘eir approach combines the general reasoning
skills of LLMs to interpret visual scenes and inform action decisions. However, while their method
shows promise in structured environments, it struggles with spatial reasoning in unfamiliar or complex
scenes not represented in the training data. ‘e system exhibits limited generalisation when faced with
unseen spatial con€gurations, leading to poor performance in real-world tasks requiring precise spatial
awareness and physical interaction. ‘is limitation highlights the current gap between abstract language
reasoning and grounded spatial understanding in robotic systems.

LLMs have also been studied in the context of robotic task planning and goal-directed behaviour in
environments where spatial understanding is fundamental. Driess et al. [DXS+ 23] introduced PaLM-E, a
large embodied multimodal language model designed to generate action plans from multimodal inputs,
including language, vision, and proprioception in simulated environments. While their system demon-
strates generalisation and reasoning across experiments, it is tested in controlled virtual se‹ings and
relies heavily on pretraining data. ‘us, limiting its robustness in unpredictable, partially observable,
real-world contexts.

Related, Lynch et al. [LS+ 23] focused on language-conditioned learning, enabling robots to execute
manipulation tasks based on natural language commands. Although this method achieves decent per-
formance within the scope of seen tasks, it remains bound by the limitations of its training data as it
cannot handle new instructions or dynamic environments.

In summary, while recent work has shown the potential of LLMs in embodied AI, there are still
signi€cant challenges in spatial perception and real-world interaction. ‘is thesis aims to address these
limitations by €ne-tuning LLMs using data from physical robots, enabling them to predict future states,
plan actions, and simulate emotions within a uni€ed architecture, eliminating the need for separate
reasoning and control systems or multiple interacting LLMs.
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3 Background

‘is section provides the theoretical foundations necessary to understand large language models, the
architecture and design of the chosen model and spatial perception. It begins with an overview of the
transformer architecture, which is the foundation of LLMs, introduced in \A‹ention Is All You Need"
(Vaswani et al., 2017) [VSP+ 17] and its successors, until reaching LLMs. It will cover the di‚erent parts
of LLMs and highlight the essential theory for €ne-tuning LLMs. ‘e second part of the section presents
the speci€c model used in this research, Llama 3.1 8B [GDJt24], including its architecture, training data,
and relevant modi€cations for spatial tasks.

3.1 Transformers & LLMs

‘e introduction of the transformer architecture by Vaswani et al. [VSP+ 17] opened a new chapter in
arti€cial intelligence. Unlike earlier models such as RNNs and LSTMs [Elm90, HS97], transformers were
able to capture long-range dependencies and parallelise computation e‚ectively. ‘is breakthrough
enabled the training of much deeper models on longer sequences, laying the groundwork for today's
LLMs. At the core of the transformer lies the self-a‹ention mechanism, which allows the model to assign
di‚erent importance weights to other tokens in the sequence regardless of their position.

LLMs rely on tokenisation to break input text into smaller discrete units, typically using subword
methods such as Byte Pair Encoding or SentencePiece [SHB16, KR18]. ‘ese tokens are then embedded
into high-dimensional vectors and processed by stacks of transformer blocks. Each block contains
multi-head self-a‹ention and a feedforward network, with residual connections and layer normalisation
to stabilise training. ‘e use of multi-head a‹ention enables the model to capture di‚erent kinds of
relationships between tokens in parallel.

Most modern LLMs, including those used in this project, adopt a decoder-only architecture with causal
self-a‹ention [RNSS18, RWC+ 19]. ‘is structure ensures that predictions are based only on past tokens,
making it suitable for autoregressive tasks such as next-token prediction. Once trained, these models
generate output step by step, using sampling strategies like top-k, top-p, and temperature scaling to guide
generation and control diversity [HBD+ 20, FLD18]. A full explanation of these architectural components
and training techniques is provided in Appendix A.
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3.2 Llama 3 & 3.1

‘e LLaMA (Large Language Model Meta AI) is Meta AI's series of open-access large language
models. It was designed as a high-performance alternative to closed-source models such as OpenAI's GPT
or Anthropic's Claude. LLaMA 1 [TLI+ 23] demonstrated that relatively smaller models could outperform
larger closed-source models when trained on high-quality data. LLaMA 2 introduced instruction tuning
and safety improvements that enabled widespread adoption. ‘e most recent release, LLaMA 3 (2024), in-
cludes further re€nements in model architecture and training scale. It brings larger context lengths, more
e•cient a‹ention mechanisms, and enhanced tokeniser coverage across multiple languages. LLaMA 3.1
builds on LlaMa 3, improving training stability and inference performance, including optimised rotary
embeddings, updated normalisation schemes, and further tuning of positional extrapolation behaviour
[AI24].

LLaMA 3.1 8B is a decoder-only transformer model, based on the architecture introduced in the original
transformer paper [VSP+ 17] and developed further in earlier LLaMA versions [TLI+ 23]. It consists of
32 transformer layers, with a hidden size of 4096 and 32 a‹ention heads. Like its predecessors, LLaMA
3.1 discards the encoder-decoder structure of the original transformer with a unidirectional stack of
self-a‹ention blocks, suitable for autoregressive language modelling. [GDJt24]

‘ese decoders in LLaMA 3.1 make use ofGroup †ery Attention (GQA) , [GDJt24], a combination
of the standard multi-head a‹ention and multi-query a‹ention. In standard multi-head a‹ention, each
a‹ention head has its own set of key, query, and value projections, which can be computationally
intensive at inference time due to the number of key-value pairs that must be computed and stored.
Multi-query a‹ention simpli€es this by using a single set of key and value projections shared across all
heads, which greatly reduces memory usage and increases decoding speed, but at the potential cost of
representational capacity. GQA extends this idea by grouping multiple query heads to share the same
key and value projections, thereby striking a balance: it retains much of the speed and memory e•ciency
of multi-query a‹ention while preserving some of the expressivity of multi-head a‹ention [Sha19]. ‘is
makes GQA particularly e‚ective for deployment in resource-constrained environments.

To encode token positions, LLaMA 3.1 does not use absolute or learned positional embeddings, as the
aforementioned transformer models do. Instead, it employsRotary Positional Embeddings (RoPE)
[SLP+ 21, GDJt24], a method that encodes relative positional information directly within the a‹ention
mechanism by rotating the query and key vectors in multi-head a‹ention. As explained in Section
3.1, a‹ention is calculated by the dot product of the query and a‹ention. ‘e dot product is sensitive
to angular relationships. ‘us, by rotating in a deterministic manner based on position, every query
and key embedding vectors, RoPE e‚ectively injects positional information into the a‹ention scores.
Unlike €xed absolute encodings, RoPE enables the model to be‹er capture relative distances between
tokens and generalise to sequences longer than those seen during training. ‘is is known as positional
extrapolation. In LLaMA 3.1, RoPE is further enhanced by scaling strategies that adjust the rotation
frequency to maintain a‹ention quality even beyond the training context length.

Another important architectural component is the use ofSwiGLU activation functions [Sha20, GDJt24]
in the feed-forward layers. SwiGLU is a gated variant of the ReLU family, meaning it modulates one input
by another through element-wise multiplication, similar to how LSTMs work. Speci€cally, it combines
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two linear projections of the input: one passed through a non-linear activation function (such asSiLU ),
and the other passed through a sigmoid function that acts as a gate, selectively allowing or suppressing
information.

SwiGLU(x) = SiLU( xW1 + b1) � (xW2 + b2)

‘is gating mechanism enables the model to learn more complex and dynamic interactions between
features than standard activations like ReLU or GELU.

Normalisation in LLaMA 3.1 is performed usingRoot Mean Square Layer Normalisation (RM-
SNorm) [ZT19, GDJt24], a simpli€ed variant of standard LayerNorm. Unlike LayerNorm, which centres
and scales each input vector by subtracting the mean and dividing by the standard deviation, RMSNorm
removes the centring step and only normalises the input by its root mean square (RMS) value. ‘is
reduces computational overhead and improves numerical stability, especially in large-scale models with
many layers.

‘ese architectural choices allow LLaMA 3.1 8B to strike a balance between computational e•ciency
and modelling power [GDJt24], making it suitable for research applications like this thesis, which require
both moderate hardware resources and high language modelling accuracy.

‘e model was pretrained using a causal language modelling objective on a dataset reported to contain
over 15 trillion tokens, signi€cantly larger than that used in LLaMA 2. ‘e vocabulary consists of
128,000 tokens produced using a Byte-Pair Encoding (BPE) tokeniser, compatible with the tiktoken
format. ‘e model supports a context window of 8,192 tokens, enabling it to process longer and more
complex sequences than previous generations. [AI24] ‘e training corpus was curated from a mixture
of publicly available and licensed sources. ‘ese include €ltered web crawls, code repositories, technical
documentation, scienti€c papers, and multilingual content. Although the dataset is not publicly released,
it is described as "high-quality and diverse" [AI24]. ‘is involves deduplication, €ltering by perplexity,
document length, and toxicity or safety classi€ers. [GDJt24]

‘e tokeniser incorporates special tokens that serve as control mechanisms to distinguish between
di‚erent types of content, such as conversation turns, system instructions, and generation boundaries,
enabling structured interaction with the model [TLI+ 23]. ‘ese special tokens function as learned
behavioural triggers that guide the model's response pa‹erns and output forma‹ing, allowing for more
precise control over generation behaviour than natural language instructions alone [OWJ+ 22].

‘e whole architecture that was just explained can be summarised through Figure 1.
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Figure 1: [Tam24] LLaMA 3 Architecture Diagram
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4 Research †estion

‘e central research question of this thesis is: Can sensor and actuator data collected from physical
robots be e‚ectively used to €ne-tune LLMs for spatial perception and spatial understanding and thus,
future state prediction?

‘is research explores whether spatial-temporal data, recorded at high frequency from physical robots
navigating structured arenas, can serve as a viable training source for LLMs. ‘e collected datasets
encode sensor readings such as distance measurements, gyroscopic rotation, and wheel speeds and
di‚erences. By €ne-tuning LLaMA 3.1 on this sequential data, we investigate the model's capacity to
infer spatial structure and predict likely future states. While LLMs have shown strong performance in
text-based reasoning tasks, their application to embodied, sensor-driven domains like robotics remains
largely unexplored. ‘is thesis aims to bridge that gap, evaluating whether transformer-based models
can extract implicit spatial rules from real-world robot scenarios.

4.1 Hypotheses

H1. Sensor and actuator data can be collected from simple mobile robots in a way that is consistent,
varied, and structured, preserving meaningful temporal and spatial features.

H2. LLMs are able to process spatial data as input and learn from it during training.

H3. Given a sequence of spatial data points, the LLM is able to predict future plausible states.

H4. Given a sequence of spatial data points, the LLM is able to predict future plausible actions.
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5 Methodology

In this section, the methodology employed to conduct our experiments is described. It begins by covering
the material used for the data collection and is later used for data processing, LLM €ne-tuning, and LLM
deployment. It then describes the setup of the data collection process and setup and con€gurations for
the large language model €ne-tuning. And we conclude this section by stating and justifying the chosen
measurements for each of the hypotheses.

5.1 Materials

In this section, we describe the materials used in our experiments, including both hardware and so‰ware
components. We also detail the experimental setup that enabled reliable data collection from the robotic
platforms.

5.1.1 Data Collection

‘e €rst experiment that was carried out was the data collection. For this experiment, we used mBots.[Mak]
‘e mBot is a robot Do-It-Yourself kit that allows for high customisation of the structure, allowing to
merge of several kits together into a more complex structure. ‘e core of the mBot robot is an Arduino
board based on Arduino Uno, and includes a Bluetooth low consumption 2.4 GHz chip. ‘e board comes
with 4 RJ25 ports to connect the peripherals. Controlled by the board, we have 2 geared motors, with a
rotational speed of 200 RPM, with an error of� 10%. ‘e whole system is powered by 4 AA ba‹eries.
[Mak24] From the set, we also used the UltraSonic sensors, which work by emi‹ing high-frequency
sound waves and measuring the time it takes for the echo to return a‰er bouncing o‚ a nearby object,
allowing them to calculate distance based on the speed of sound. [MT21] ‘e basic mBot architecture
a‰er being built is shown in Figure 2.

On top of the basic design, a 3-Axis accelerometer and gyroscope were implemented on the back part
of the robot. ‘e chosen chip was the MakeBlock adapted version of the MPU6050 accelerometer and
gyroscope due to its compatibility and easy connectivity with the mCore board through theI 2C interface.
‘e accelerometer component measures linear acceleration along the x, y, and z axes, allowing the
system to detect directional movement and inclination. ‘e x and y axes correspond to horizontal motion
on the plane of the robot (forward{backwards and le‰{right), while the z-axis detects acceleration in
the vertical direction (e.g., bumps). ‘e gyroscope, in turn, measures the angular velocity around each of
these axes, and in this project, the z-axis gyroscope value (rotation around the vertical axis) was used to
compute the change in heading or orientation. [Inv13] We also implemented 2 more ultrasonic sensors,
on top of the default front one, obtained from other spare kits. ‘ese were respectively positioned on
the le‰ and right of the robot. ‘e €nal design of the robot can be seen in Figure 4.
‘e arenas for the robots were made with assemblable cardboard panels for the exterior walls and the

proper boxes of the mBots for the inside obstacles.

Five policies were developed for the robots' data collection to ensure generalisation and variety of
actions. ‘e €rst policy is Random Navigation with Wall Avoidance . ‘is policy drives the robot
forward until it detects a wall within a prede€ned threshold. Upon detection, it selects a new direc-
tion based on a probabilistic strategy. If both sides are clear, the robot turns randomly le‰ or right,
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Figure 2: [Mak] Architecture of the basic mBot.

with a small chance of favouring one direction over the other depending on proximity to surrounding
walls. If one side is blocked, it always chooses the safer direction. ‘e rotation angle is randomised,
introducing variability in turning behaviour. ‘e pseudo code for each policy can be found in Appendix B.

‘e second policy, Right-Wall Following , a‹empts to follow the right-hand wall using a continuous
correction system inspired by force dynamics. ‘e robot maintains a desired distance from the wall by
adjusting motor speeds based on deviations. If it dri‰s too far from the wall, the le‰ motor slows down;
if it gets too close, the right motor slows down instead. When a frontal obstacle is detected, the robot
turns away from it using a smooth turn function, proportional to how close the obstacle is.

‘e third policy is a Greedy policy . It focuses on movement toward more open space. When no
obstacles are in front, the robot adjusts wheel speeds based on the di‚erence between the le‰ and right
distance readings: the wheel closer to an obstacle slows down, pushing the robot away from it. If an
obstacle is detected ahead, the robot turns toward the side with more space, defaulting to the right in
ambiguous cases. ‘is policy aims to explore spacious areas and avoid con€nement.

‘e fourth policy is just a mirrored version of the second policy,Le…-Wall Following . It causes the
robot to follow the le‰-hand wall using the force distance compensation system.

‘e €‰h policy, Random Navigation with Wall Avoidance and Randomness , is a variant of Policy
1 but introduces a probability of executing random turns, even when such a manoeuvre is not strictly
necessary. ‘e robot continues forward when unobstructed, but unlike Policy 1, where random turns
are disabled, Policy 5 allows occasional spontaneous changes.
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