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Abstract

Large Language Models (LLMs) have demonstrated remarkable language under-
standing capabilities, significantly advancing neural encoding models. While recent
progress has improved LLMs’ reasoning abilities, they still face limitations in social
contexts that require nuanced understanding of human cognition. This thesis in-
vestigates whether inference-time techniques like chain-of-thought reasoning—which
externalize an LLM’s reasoning process—can be leveraged for neural encoding of hu-
man reasoning and higher-order cognitive processing. Specifically, we focus on theory
of mind and social reasoning within conversational contexts, examining the detection
of subtext (unspoken beliefs, intentions, and desires) in communication.

Towards this we present two complementary projects: First, we develop a novel
Theory of Mind-inspired Tree of Thought approach for dialogue generation that ex-
plicitly models subtextual reasoning. Our method produces diverse, contextually
appropriate outputs, though automatic selection mechanisms currently struggle to
outperform single-step generation. Through perturbation analysis and evaluator con-
sistency tests, we gain insights into model confidence and the distribution of plausi-
ble responses. Second, we apply LLM-derived embeddings to neural encoding tasks,
successfully modeling brain activity associated with both word- and sentence-level
language processing using banded-ridge regression.Our findings suggest the potential
for modifying sentence-level inputs to target the encoding of higher-order thinking in
high-frequency Electrocorticography (ECoG) data. Together, these projects highlight
both the promise and current limitations of LLMs in modeling social reasoning.

We conclude with proposals for future work, including improving training data,
context structuring, evaluation metrics, and thought representation. Our findings
point to new directions in aligning language models with human-like communicative

competence and mental state inference.
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Chapter 1

Introduction and Background

Large Language Models (LLMs) have recently exploded in popularity due to their
ability to model language and their emerging, but imperfect, capacity for reasoning
[2]. One application of LLMs is in human neuroscience, where they have been used to
model neural signals from the literal content of words spoken [3]. This thesis aims to
leverage recent advances in LLM inference-time reasoning to not only model the literal
content of words during language production and comprehension but also subtext,
meaning possible unspoken thoughts and inferences that arise during communication.
Towards investigating this, this thesis presents two projects. The first applies an in-
context learning technique, tree of thought, to a novel domain by aiming to improve
dialogue generation over a naturalistic dataset by reasoning over potential subtextual
thoughts — unspoken beliefs, desires, or intentions — inspired by theory of mind.
The second builds on prior neural encoding projects in the Hasson lab, developing
models that leverage both word-level and sentence-level embeddings to encode neural
activity. The rest of this section will give a summary of related work and an outline

of this report.



1.1 Reasoning versus language abilities in LLMs

It is under debate whether LLMs can truly reason in an abstract way to solve prob-
lems or whether they learn narrow-non-transferable skills for task-solving [4]. Nev-
ertheless, they have had increasingly strong performance on reasoning benchmarks
such as math, logic and reasoning [5] as well as language [6, 7]. This leads to the
question of whether intelligence can be gained solely through mastery of language.
This is related to a common fallacy conflating language and thought ability, where
the ability to use language is neither a necessary nor sufficient condition for reason-
ing (Mahowald, Ivanova et al. coined the difference between knowledge of lingustic
rules and understanding of language as formal linguistic competence and functional
linguistic competence [8]). In humans, language and reasoning have been suggested
to use different brain networks [9, 10|, and individuals with aphasia who exhibit se-
vere linguistic deficits still have other intact cognitive abilities such as social and
mathematical reasoning [11]. Nevertheless, language can still bootstrap cognition, fa-
cilitating processes such as inner speech[12] and enabling faster development of social
reasoning[13]. However, it seems unlikely that language models can acquire robust
reasoning ability solely through next-token prediction during pre-training -motivating
the development of various inference-time techniques aimed at enhancing LLM rea-

soning.

1.2 Inference time generation methods

Inference time generation methods are a method to improve the performance of LLMs
without the large amounts compute and data needed for pre-training. This can
be used alongside other methods of post-training improvement such as fine-tuning,

reinforcement learning from human feedback and pure reinforcment learning in models

such as ol by OpenAl [14], R1 by DeepSeek [15], and Qw(Q by Qwen Team][16].



Inference-time methods come in many flavours, they can explore a single reasoning
path often by optimizing a single prompt, such as in Chain of Thought [17, 18],
multiple reasoning paths with or without multiple agents as in multi-agent debate
[19] or boosting of thoughts [20] or can include an iterative or memory mechanism
as in Reflexion [21] or buffer of thoughts[22]. However, there is no technique that
consistently outperforms others in all tasks, so the implemented method must be
chosen according to the specific task [23].

In this project, the strategy implemented is tree of thought [24]. This has the
benefit of having multiple reasoning chains to track different ideas, as well as the flex-
ibility to modify the tree’s complexity and structure as needed for deeper or shallow
levels of reasoning. Following an analysis of bias, a majority voting mechanism was

also implemented [25].

1.3 Theory of mind in LLMs

Theory of Mind (ToM) refers to the cognitive capacity to infer the mental states—such
as beliefs, desires, and intentions—of others, allowing us to predict and interpret
their behavior. Traditionally, ToM has been modeled as a predictive model of others’
actions based on their mental states. However, this approach often struggles with
flexible generalization to novel situations and is limited in its use for complex planning
tasks that involve many possible actions. A more powerful alternative frames ToM as
a causal model—an abstract, structured representation of mental states that supports
efficient reasoning, planning, and decision-making over a wide space of possibilities
26].

One domain where this richer model of ToM becomes essential is pragmatic lan-
guage use. For instance, speakers frequently tailor their words to achieve specific

emotional or social outcomes, such as using indirect or softened language to avoid



offending someone. This type of communication requires balancing honesty, social
norms, and an estimation of the listener’s mental state. The Rational Speech Act
(RSA) framework captures this complexity by modeling communication as a Bayesian
reasoning process. Within RSA, speakers choose utterances by anticipating how lis-
teners will interpret them, and listeners interpret utterances under the assumption
that speakers are cooperative and informative. ToM is also central in interpersonal
affect regulation, where individuals deliberately attempt to influence others’ emo-
tional states—calming them down, cheering them up, or helping them regain control.
This kind of planning involves both empathy and strategic reasoning, highlighting
the real-world complexity of applied ToM.

The extent to which large language models (LLMs) can perform ToM reasoning is
the subject of ongoing debate [27, 28]. To address this, researchers have introduced a
number of benchmarks to systematically evaluate ToM abilities in LLMs [29, 30, 31,
32]. While LLMs show strong results on certain tasks, their overall ToM performance
remains inferior to that of humans, and is often accompanied by signs of overfitting
[33].

Current datasets for evaluating Theory of Mind (ToM) in large language mod-
els (LLMs) suffer from notable limitations. Rich, human-authored narratives that
naturally involve ToM reasoning are both rare and costly to curate. Consequently,
researchers often rely on synthetic, template-based datasets that are overly simplistic
and lack ecological validity. These datasets frequently include explicit mental state
language (e.g., “Amy thinks that...” ), which makes the reasoning task unrealistically
easy and reduces the diagnostic value of the evaluation. Moreover, they tend to focus
narrowly on action prediction, failing to capture the broader and more nuanced rea-
soning processes involved in real-world ToM. One dataset that attempts to address
these shortcomings is SimpleToM [34], which includes both types of reasoning: the

recognition of mental states (explicit ToM) and the application of that knowledge



to predict actions or responses (applied ToM). They found that while LLMs tend
to perform well on explicit ToM tasks, their performance on applied ToM remains
weak—highlighting a critical gap and a central challenge relevant to our domain.
Additionally, ToM performance in LLMs can vary significantly depending on the sce-
nario, highlighting the need for methods that enhance LLMs’ capacity for robust,
context-sensitive reasoning rather than relying solely on narrow or superficial cues.
Several methods have been proposed to enhance Theory of Mind (ToM) perfor-
mance at inference time [33, 35], but many of these approaches rely on few-shot ex-
amples or rigid assumptions that hinder scalability. While techniques such as custom
chain-of-thought prompting can guide models toward more accurate ToM reasoning,
they are often fragile and require extensive manual tuning [34]. Structured frame-
works have also been introduced to support ToM reasoning. For instance, Wu et al.
[36] developed COKE, a system that reasons over a knowledge graph by instantiating
ToM as a collection of manually verified cognitive chains. These chains represent
human mental activities in specific social contexts, including their behavioral and
affective responses. More recently, Kim et al. [37] proposed a similar approach to the
one in this project, propagating a series of hypothetical thoughts to explain and infer

human actions with a method inspired by the sequential Monte Carlo algorithm.

1.4 Use of Language Models to study processing
in the brain

A computational model’s neural plausibility can be evaluated by assessing whether its
internal representations align with patterns of brain activity elicited by corresponding
stimuli. If a model consistently predicts neural responses to novel inputs, this sug-
gests it captures key aspects of the brain’s representational structure. This approach

has been used in decoding brain activity in the visual pathway, using techniques



such as motion energy models, Bayesian decoders, and deep learning frameworks
[38]. Similarly, large language models (LLMs), which have achieved remarkable suc-
cess in modeling human language, raise the question: how closely do their internal
representations mirror those of the human brain?

To quantify representational similarity between LLMs and the brain, researchers
typically employ two types of models: encoding models, which assess how well LLMs
predict neural activity in response to linguistic stimuli, and decoding models, which
infer the stimulus that produced a given neural response [39]. Empirical studies
have revealed overlaps in representational structure—particularly between contextual
embeddings from LLMs and decontextualized word embeddings. For example, fMRI
studies [40] and intracranial recordings [41, 42] indicate that contextual embeddings
better align with brain representations than static embeddings.

To deepen our understanding of this shared structure, Tuckute et al. [39] propose
two key strategies for leveraging LLMs in the study of brain function. The first in-
volves systematically probing LLMs by varying their architecture, training data, and
behavioral outputs to isolate factors that align with brain activity. The second in-
volves using LLMs as tools for in silico neuroscience experiments, allowing researchers
to simulate and test hypotheses derived from empirical data.

These approaches have been extended to higher-level cognition. For instance, one
study used fMRI to measure brain responses to 1,000 diverse sentences and showed
that an encoding model based on GPT could predict the magnitude of the neural
response to each sentence [43]. Interestingly, for sentences describing others’ mental
states, the model did not explain significantly more variance (beyond surprisal), sug-
gesting that language-related brain regions are not modulated by social content. This
finding supports the view that the brain’s language network is functionally distinct
from the theory of mind network.

One intriguing direction for future research is whether in-context learning—a



method known to improve reasoning in LLMs—could be used to simulate or even
enhance models of human reasoning. Such approaches may offer novel tools to inves-

tigate the mechanisms of cognitive processing in the brain.

1.4.1 Sentence embedding encoding

When working with fMRI signals, sentence-based encoding and decoding is more
common due to the longer time duration of the signals. Early research demonstrated
the ability to encode sentences using embeddings [44], and further analysis has shown
that syntactic structure, rather than lexical-semantic content, is the primary con-
tributor to the similarity between artificial neural network representations and brain
responses in the language network [45]. Sentence embeddings are typically generated
by averaging the word embeddings in the sentence or using the representation of the

%N

last sentence token (often the final period token ”.”) as a sequence summary.

1.5 Report Overview

In the following chapters, we will review the relevant literature and methodological
background for natural language processing using transformers and dialogue modeling
metrics, go over the methodology and discuss experimental results on the naturalistic
24/7 Conversations dataset, including future work and current limitations. Finally,
we go over the method and results for the sentence encoding project and explore

strategies for integrating it with the dialogue modeling work presented in this report.



Chapter 2

Methodological Background

2.1 Natural Language Processing using Deep Neu-
ral Networks

Natural language processing involves many different tasks which includes classifica-
tion, text generation and sentence pair matching. A variety of deep neural network
models can be used, including recurrent neural networks, long short-term memory
networks, and most commonly now transformers. Modern transformer-based models
based on the original architecture by Vaswani et al., 2017[1] give us the best per-
formance on the relevant tasks for this project which requires text generation and
sentence similarity scoring.

An overview of the transformer architecture is given in Figure 2.1. While a detailed
account is covered in textbooks [46], the following section will give an overview of the

key aspects of the models that we will repeatedly refer to.

Tokenisation

In NLP, a token is a single unit of text, such as a word, subword, or character,

depending on the tokenization method used. For example, in the sentence "I love
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Figure 1: The Transformer - model architecture.

Figure 2.1: Transformer Architecture from Attention is All You Need (Vaswani et al.,
2017)[1]

NLP!”, the tokens could be ['I”, "love”, "NLP”, ”!1”] (word-level tokenization) or
"7, 7 1o”, "ve”, 7 NLP”, "I"] (subword tokenization like in Byte Pair Encoding).
Tokenization is a fundamental step in processing text for machine learning models.
Different models may have different tokenization schemes with different vocabulary

sizes and elements.

Static Embeddings

Static embeddings map each unique word in a vocabulary to a dense d-dimensional

vector that capture meaning and similarity. This can be thought of as an improvement



over one-hot encoding, where each word is represented as a large sparse vector with
no meaningful relationship between each vector. In static embeddings, words with
similar meanings have similar vectors and tend to cluster together in the embedding
space. Furthermore, certain directions within this space can even capture specific
relational meanings, for example, the vector difference between king and queen is
similar to that between man and woman. The key attribute of static embeddings
is that each word has a single fixed vector, regardless of its surrounding context.

Common methods of creating these embeddings include Word2Vec and GloVe.

Contextual Embeddings

By contrast, with contextual embeddings, such as those learned by masked language
models like BERT, each word w will be represented by a different vector each time
it appears in a different context. The embeddings are made contextual through the
self-attention mechanism.

The attention mechanism then measures how much focus each token should give
to every other token. This is done by computing the similarity between the Query
(Q) of a token and the Keys (K) of all tokens through the dot product QK™. In the
decoder only part this computation is masked, so can only look at the past tokens.
The result is then scaled by \/%? to normalize the values, helping stabilize gradients
during training. Then the softmax function normalises the attention scores to ensure
they sum to 1, converting raw similarity scores into a probability distribution. The
result of this determines how much weight each token should assign to others in the
sequence, and finally these computed attention weights are applied to the Value (V)
vectors. Tokens with higher attention scores contribute more to the final represen-
tation of a given token. The weighted sum of values produces a new representation

for each token, capturing contextual dependencies dynamically. This mechanism can

be applied multiple times sequentially and for multiple heads. So when we refer to
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”contextual embeddings” this refers to weighted value vector after attention is applied

using the () and K matrices.

K
Attention(Q, K, V') = softmax (Q (2.1)

T

V
i)
Next token prediction models

For generation of dialog I will use a decoder-only transformer e.g. DeepSeek, Mistral,
GPT. In next-token prediction models like decoder-only transformers, text is gener-
ated one token at a time based on previous context. These models are also trained
autoregressively. After processing input tokens, the hidden state of the last token
in the final layer hy € R'*9 is passed through a linear layer using an unembedding
matrix W € RV (called the language modeling head) to produce logits z; € RV

— raw scores for each token in the vocabulary.
Z; = hNW

These logits are converted to probabilities using the softmax function, producing

P(next token | context):

e
% .
Zj:l e

The model can then either pick the most likely token (greedy decoding) or sample

softmax(z); =

from this distribution (temperature sampling/ to generate the next token.

Masked word prediction

As opposed to autoregressive decoder models, masked language models like BERT
operate by randomly masking words in sentences and training the model to predict

these missing words using surrounding context. This approach falls under denoising
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training objectives, where inputs are deliberately corrupted through masking, sub-
stitution, reordering, deletion, or insertion, and the model learns to reconstruct the
original input by minimizing cross-entropy loss between its predictions and the true
values of the missing tokens.

This bidirectional approach enables learning rich contextual word representations
applicable to various NLP tasks such as text classification, named entity recognition,
and sentence similarity assessment. Often called encoder-only models, they excel at
producing contextualized embeddings for interpretative tasks rather than generating

text, making them particularly valuable for methods like BERT Score.

2.2 Text similarity metrics

For this project, we need a reference-based metric(s) to compare the similarity of the
model generated response to the human reference response. In practise, human eval-
uation (typically from crowd-workers over experts for dialog) is used a gold standard
for text and dialog evaluation with various strategies used for data collection and dif-
ferent questions asked to evaluators [47]. However, collecting this data from humans
is time-intensive and expensive, so it is typically only used for a final evaluation, while
automatic evaluation metrics are used during development to optimise model design
and the choice of hyperparameters.

The ideal automatic metric maximally correlates with human judgement, however
most metrics struggle to achieve this goal [48] hence metric-creation is still an open
problem itself[49][50]. To improve accuracy or cost a hybrid approach may also be
used, potentially combining multiple automatic metrics [51][52] or human and auto-
matic metrics [53][54]. There have been several reviews on the several text similarity
metrics [51] [55], and here we summarize their findings.

Formally, we can describe dialog evaluation metrics as follows: Given a dialog con-
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text ¢ = {c1,...,cn}, model response r = {ry,...,r,}, and human-written reference

response [ = {ly,...,l}, the goal is to learn a function:

fi(e,rl) = s (2.2)

that evaluates the generated response. (A metric is said to be reference-free if it can
be expressed as a function of only ¢ and r.)

These metrics are assessed by comparing them to human judgment. Concretely,
a human annotator (or several annotators) scores the quality of a given response

conditioned on the dialog context:

(e,7) = q. (2.3)
Given the scores produced by a particular metric, S = {s1, s2,..., 8.}, and the cor-
responding human quality annotations, @ = {¢1,¢2,...,¢,}, we can measure the

performance of the metric by calculating the correlation between S and Q).

There are some important features and challenges to consider in the selection of
this metric. The first is that the surface form representation is less important that
the semantic meaning of the text, for example ””The cat sat on the mat.”, ”A mat
was where the cat chose to sit.”, 7" The cat settled on the mat.” , " The mat became

" should all receive similar similarity scores. Furthermore, the

the cat’s resting place.’
metric should be robust without changing greatly word small changes in word order or
synonyms. Additionally, metrics can typically be evaluated at the utterance level as
well as the system level by computing the average utterance-level score across many
utterances [56], and having a strong correlation at the system-level is still useful even
if the metric per utterance is noisy or has a lower correlation with human judgement.

Achieving these goals can be complicated, especially because of the long-tailed

nature of language. You can not train a model on every possible combination of
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sentences because there are too many, which is why supervised trained metrics tend
to overfit the dataset they were trained on [57]. Additionally, it is important to
consider all metrics will have limiations and optimising a particular metric can lead
to unintended effects [58][59].

In this section we go over the various options for evaluation of natural language
text generation for dialogue, and explain the workings of BERTScore -the final metric
selected. In the following sections, existing metrics can be broadly categorized into

using n-gram matching, edit distance, embedding matching, or learned functions.

2.2.1 N-gram matching

N-gram matching metrics are based on word or character based overlap between the
prediction and reference. The most popular example is BLEU, with other metrics
including METEOR AND NIST. While originally used in translation to detect the
textual similarity when changing language, they can also be used for evaluating tex-
tual similarity within the same language.

As an example, the BLEU score for a corpus of candidate translation sentences
is a function of the n-gram word precision over all the sentences combined as well
as a brevity penalty computed over the whole corpus [46]. Here n-gram refers to
a sequence of token-length n. N-gram precision would be the percentage of n-gram
tokens in the candidate translation that also occur in the regerence translation. The
harmonic mean of the unigrams, bigrams, up to 4-grams is used in the calculation of
BLEUscore. Since it is a word-based metric, it is very sensitive to word tokenization,
making it impossible to compare different systems if they rely on different tokenization
standards. It also cannot detect semantic equivalence, so two sentences with the same
meaning but mostly different characters can receive an incorrect low score. Because
of this, it is not generally used for sentence similiarity evaluation [60] and it is not a

good fit for our uses.
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2.2.2 Edit distance

Minimum edit distance/word error rate is another common metric with its origin in
automatic speech recognition. However, since it is commonly used in speech recog-
nition this equally penalises the completely wrong word in a sentence as well as a
close synonym. Therefore, it is also misses capturing some of the idea of the semantic
meaning of sentences. This lack of semantic meaning makes it unsuitable for this

project.

2.2.3 Trained metrics

Various metrics are trained to optimise correlation with human judgement. The input
to these models can include other different metrics such as character n-grams in BEER
which used a regression model or ADEM which uses the context and the reference
response as inputs to a recurrent neural network trained to predict appropriateness
ratings by human judges. These methods usually have the highest correlation to
human judgement [61]. However, these methods require expensive human judgments
as supervision for each dataset and also generally have poor generalisation to new
domains and data. These metrics have been shown to not be robust [57]. For example
with ADEM, in 48.66% of cases the predicted score increased when the generated
response was reversed. In 86.93% of cases the predicted score increased when the

generated response was replaced with a dull dummy response.

2.2.4 Perplexity

Perplexity is a metric which was first introduced by Jelinek et al. in 1977 while
working on automatic speech recognition [62], which was its original use case [63].
However, now it is most commonly now it is used to decide how to sample from a

language model for text generation [64][65].
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Given the probability assigned by the language model to a sequence x as:

po(x) = Hpg(:l:[i] |z[1...i—1))

Perplexity (PPL) can be derived from this probability as;

PPL(x) = pg(x) " = exp (—% Zlogpg(x[i] |z[l...1— 1]))

where n is the sequence length. Perplexity is highly interpretable, because it quan-
tifies how ”surprised” the model is by the given sequence—lower perplexity means
the model assigns higher probability to the observed sequence. Perplexity can range
from a theoretical value of 1, where the language model is completely certain of its
prediction to infinity, where the language model is completely uncertain.

One example of its use in sampling is the maximum mutual information (MMI)
scoring function [66] [67] has been used to predict such "boring” responses. MMI em-
ploys a pre-trained backward model to predict source sentences from given responses,
i.e., P(Source|target). The probability of P(Source| Hypothesis)can be used to rank
the quality of hypotheses. Intuitively, maximizing backward model likelihood penal-
izes the bland hypotheses such as "that’s interesting” or "ok”, since the ability to
discern the source sentence from such a target sentence is low, because these hypoth-
esises can be associated with many possible queries. Another use case has been to
evaluate the coherence of two consecutive sentences [68] for .

Perplexity is not as commonly used for evaluation of dialogue models. One reason
for this is that this metric must be model-dependent, and it is better to avoid situa-
tions where the model generating the response also evaluates its quality because this
would lead to bias [48]. Perplexity is also not comparable between language models
with different vocabularies [63]. Moreover, perplexity is slightly different to the other

metrics because it does not directly measure textual or semantic similarity between
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two samples. Even if two texts have similar perplexity values, they could be semanti-
cally very different. It could still be used to evaluate which subtext or thought (or no
thought) most likely results in a given human reference, however it does not give us a
direct measure of how well a model response matches the reference response. Hence,

I did not prioritize implementing this metric.

2.2.5 Embedding based metrics

As discussed in Section 2.1, token (word) embeddings are learned dense token (word)
representations that can be represented in a continuous vector space where semantic
similarity is encoded so that tokens (words) with similar meanings are closer in the
vector space. Embedding based metrics tend to have the highest correlation to human
judgment based on their ability to match semantic meaning between candidate and
reference sentences. Hence, this is what we chose to use in the rest of this report.
The general method of computing similarity is between two tokens is using the

cosine similarity between two embedding vectors v and w as:

, vew
cosine(v, w) = TolTel

As mentioned in pervious section, these embeddings can either be static and
learned from large text corpora such as Word2Vec or GloVe, or they can be from
contextual models like BERT. This is important for measuring semantic similarity of
texts, since contextual embeddings allow the same word to have a different representa-
tion depending on its surrounding words, allowing the embeddings to capture nuanced
meanings, polysemy, and relationships within the sentence context. For example, the
word "bank” will have different embeddings in "river bank” versus ”financial bank,”
reflecting its specific usage in each sentence. Static embeddings will measure the sim-

ilarity of the word "bank” in these two sentences as exactly the same. Hence, using
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contextual embeddings for this task tends to do better[69].

The specific metric chosen for this project is BERTScore based on its superior
performance for measuring textual similarity[70][69]. This metric is based on BERT,
which is an encoder that creates contextual embeddings. Encoder-only models like
BERT are known for producing high-quality, robust embeddings, making BERTScore
an ideal choice for this task.

To explain how BERTScore works in detail, the BERTSCORE algorithm first
passes the reference sentence x and the candidate sentence = through BERT, com-

puting a BERT embedding for each token z; and ;.

Given this sequence of tokens in a reference sentence = (xy,..., ;) and a can-
didate sentence & = (&1, ...,2;), the similarity is calculated using a greedy matching
algorithm.

Each token in z is matched to a token in Z to compute recall, and each token in
Z is matched to a token in x to compute precision (with each token greedily matched
to the most similar token in the corresponding sentence). BERTSCORE provides

precision and recall (and hence F):

1
Rpgrr = — E max (% : jj)
|z = ;e

2- PBERT ' RBERT

FRgrr =
Psgrr + RBERT

Additionally, BERTScore includes baseline scaling. From the formula mentioned
above, scores would have the numerical range of cosine similarity between -1 and 1,
however scores are observed in a smaller range in practice. To improve readability,

BERTScore rescales its output with respect to an empricial lower bound b. This is
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computed by finding the average score between 1M candidate-reference pairs made
by grouping two random sentences in the Common Crawl monolingual datasets. This
lower bound is then used to rescale BERTScore linearly. The rescaled BERTScore is
given as:

. R —b
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Chapter 3

Methodology

In this chapter, we will formalize the dialog generation task and describe the methods
implemented to improve on this task. Then I will outline the generation strategies
used to create a baseline score and the tree-of-thought and majority voting strategies

implemented to aim to improve upon this score.

3.1 Problem setup

Given a dataset of conversational turns, we aim to construct a set of dialogues between
two speakers. Each sample consists of a context, represented as a sequence of previous
dialog turns cy,...,c,, and a label, which is the true next utterance written by a
human, denoted as [y, ..., .

The objective is to improve the ability of a pre-trained language model py to
generate a model response rq,...,r, that closely matches the human label response,
ly,...,lg. This similarity is measured using a metric such as BERTScore, which
produces a set of scores S = sq, S, ...,S, comparing the generated response to the
human-written label.

Our approach is to enhance the model’s generation process by conditioning its

response on reasoning paths which are guided by prompts that consider a set of po-
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M
tential subtexts, Tél)czl, which should help the model generate output that reflects

the thought process the human speaker likely followed. By incorporating these rea-
soning paths into the model’s response generation, we aim to produce more coherent
and contextually appropriate responses that better match the human label. If suc-
cessful, this would not only improves the quality of the model’s output in natural
dialogue settings but also demonstrates the model’s ability to understand and reflect

the underlying mental states involved in conversation.

3.2 (eneration strategies

This work explores two distinct next-utterance generation approaches. The first is a
straightforward baseline that conditions only based on previous context. The second
seeks to improve upon this baseline by adopting a tree of thought reasoning frame-
work, in which the model explicitly reflects on the next speaker’s possible mental

states and intentions before generating a response.

3.2.1 Single step utterance generation

This section describes our procedure for generating single-step utterances using large
language models, and introduces the notation we use throughout. This notation
based on the original Tree of Thought paper [24], with adaptations to suit the specific
context of our work.

We begin by formalizing the general language generation process, before describing
how we apply this framework to obtain a baseline generation score without any in-
context learning. Let py denote a pre-trained LM with parameters 6, and lowercase
letters x,y, 2, s, . .. to denote a language sequence which is a collection of tokens, i.e.,
z = (z[1],...,z[n]) where each z[i] is a token. Then py(z) = [[\_, pa(x[i] | z[1...1]).

We also use uppercase letters with a bar X,Y,Z,S... to denote a collection of
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language sequences.

We can turn a problem input x into an output y using a language model by
wrapping input & with a prompt containing task instructions and/or few-shot input-
output examples. We can write this as y ~ py(y | prompt;,(x)). We can simplify this
notation further by saying that ph™™ (output | input) = pg(output | prompt (input))

Now we can describe the specific implementation approach. The relevant variables

here are the context ¢ and the prompt prompt . We can tie this together as:

A e () (31)

Figure 3.1 depicts what this generation process would look like where the context
¢ consists of a single preceding utterance. We will create our baseline based on the
generation procedure outlined in Equation 3.1. The prompt will be manually iterated
to produce the best performance while the effect of changing context length will be

included in the results.

Generated turn
Previous turn Turn1
Turn 1 Turn 2
Turn 2 Turn 3
Turn 3 Turn 4
Turn 4 Turn 5

Turn 5

Figure 3.1: An illustration of the single-step generation procedure, where the model
generates a response conditioned using a context length of 1 (only on the previous
utterance in the conversation.)
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3.2.2 Tree of thought

Context,c
A
v 4 D% ¥
C, T C,T: *+Subtext | ¢, T Ci, Tw
c Model . .
i,Z1 Ci,22 i,ZM—1 i,ZM
l l thought l l
Model
r I M1 Fu
. ., response T |
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S N A )
1
A4

Human response, |

Figure 3.2: A diagram representing the Tree of Thought and evaluation methodology
for utterance generation. Orange highlighted cells represent the actual states searched
through using the LLM. Yellow highlighted cells represent the set of potential model
responses. Red arrows represent LLM generation while the dashed arrows represent
comparison using BERT Score.

In this work, we adapt the original Tree of Thought (ToT) framework to the
domain of dialogue generation. To structure our method clearly, we follow the orga-
nization of the original ToT paper, which frames a specific instantiation of ToT around
four key design questions: (1) How should the reasoning process be decomposed into
intermediate thought steps? (2) How should potential thoughts be generated from
each state? (3) How should states be heuristically evaluated? (4) What search al-
gorithm should be used to navigate the tree? In the next section, we describe how
we adapt and extend each of these components to address the challenges specific to
dialogue generation.

At a high level, our method generates intermediate thoughts based on a fixed
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collection of subtexts of size M, which guide the generation of the final dialogue
response. If all branches were explored, this would results in a tree of height 2 and
width N as depicted in Figure 3.2, with the final layer corresponding to M candidate
responses. However, in practice, the state evaluator V(py,S) and search algorithm
will be used to identify and follow the most promising branch without exploring the

whole tree. All the explored states are highlighted in orange in Figure 3.2.

1. Thought Decomposition

While Chain of Thought samples thoughts without explicit decomposition, Tree of
Thought designs and decomposes intermediate thought steps using the problem prop-
erties. In the following section, I will describe how the model uses a collection of
subtexts T' = {70"}M_, to guide the reasoning process along specific paths. However,
I will not focus on the decomposition of these thoughts, as we use a simple, low-depth
tree structure, making further decomposition less necessary. This is because there is
only one intermediate thought step before the model generates its response. Future
work could explore increasing the depth of the tree to capture higher-order theory of
mind or, alternatively, simplifying the thought process, as proposed in Chain of Draft

71).

2. Thought Generation

We require a thought generator G(py, s, k) that generates k candidate thoughts based
on the pre-trained language model py and tree state s. Given a tree state s =
[z, 21...2], there are two strategies in the original paper to create a generator to

create k candidates for the next thought step:

a) Propose thoughts sequentially using a ”propose prompt”:
P th ht tiall i ” t”

ropose 1.k
ERNIELI PV e G b))
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(b) Sample i.i.d. thoughts from a CoT prompt:
20 0 ST (zials) = pS (2|, 2 z), (G=1.. k).

Proposing thoughts sequentially using a propose prompt works better when the
thought space is more constrained. However, dialogue presents an inherently open
thought space, suggesting that sampling i.i.d. thoughts from a CoT prompt would
be more appropriate. The standard Tree of Thought approach would sample diverse
reasoning paths independently like this, although sampling thoughts in this way may
not lead to results that are interpretable from a theory of mind perspective.

To address these challenges, we instead initialize the first layer of tree states

(1..k

So = S ) by adding to the context ¢ with a collection of subtexts T' = {Téi) M

=1
which reflect different mental states or intentions the human speaker might have had.

(4)

Specifically, each initial state is defined as s (i)).

= (¢, 7y This can be interpreted
as creating a manual thought generator Go(pg, s9 = ¢,k = M) which generates M
new nodes given a context ¢ based on the set of potential subtexts 7', however this
distinction is a matter of perspective rather than mechanism.

With the issue of creating thought diversity handled, the primary thought gener-
ator then does not need to calculate £ new candidates given a tree state, instead it
effectively sets k = 1 and is primarily concerned with propagating a node forward to
produce intermediate thought(s) and then the final model response.

The final tree structure uses one intermediate thought which results in a tree
structure of width M and height 2, which is summarized in Equation 3.2 and 3.3
below. Note that the prompts, and therefore the thought generators, for producing
the intermediate thought and final model response are distinct because they create

fundamentally different types of content. This contrasts with the original Tree of

Thought framework, which does not explicitly distinguish between the generation of
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intermediate thoughts and final output, instead treating all nodes as being of the

same type.

2D ppromet! (zfi) | 7, c) = Gi(ps, s, 1) (3.2)

r@ = 5~ pprompt2 <r§i) | 28 70, c> = G2(ps, 51, 1) (3.3)

In this implementation discussed in the results, a set of six subtexts are used,
based on a framework of self versus other for feelings, goals and information seeking
within a larger taxonomy of theory of mind reasoning [72].The selection of these

subtexts are discussed in more detail in Section 1. The exact prompts are specified

in Appendix XYZ.

3. State Evaluator

Given a series of different thoughts we also need a state evaluator V(pg, S) to evaluate
the progress they make towards solving the problem. Traditionally, this is used as
a heuristic for a search algorithm to determine which states to keep exploring and
in which order. We use the language model to reason over these states/thoughts to
choose which one to generate a response for. I implemented both strategies that the

original paper provides to evaluate states either independently or together:

(a) Value each state independently:
V(pa, S)(s) ~ pye(v|s), Vse€S,

where a value prompt reasons about the state s to generate a scalar value v (e.g.,
1-10) or a classification (e.g., sure/likely/impossible) that could be heuristically

turned into a value.
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(b) Vote across states:

Vi(ps, S)(s) = 1[s = 57],

where the "best” state s* ~ pj°®(s*|.S) is voted for based on deliberately com-

paring different states in S using a vote prompt. This is useful when problem

success is harder to directly value.

We additionally define two reference state evaluators for comparison. The first is
the random evaluator which can act as a baseline and the second is a perfect (oracle)

evaluator which would represent an ideal upper bound.

(c) Random state evaluator:

1
Wandom(s)(5> - m, Vs € S,

where each state s € S is selected uniformly at random. This gives an equal

value to each state, so that one is selected randomly at each level of the tree.

(d) Perfect state evaluator:
Voerteet (9)(s) = 1[s = s7],

where:

s* = arg max BERTScore(complete(s))
se

and complete(s) denotes the best possible full solution reachable from state s.

This always chooses the state that will end up maximising the BERTScore.
While defining this function is very hard (and using LLMs to approximate
this is a focus of this thesis), by propagating each branch of the tree forward
to completion and backtracking we can deduce what the ideal state evaluator

would have chosen.
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4. Search Algorithm

Finally, within the Tree of Thoughts (ToT) framework, one can use different search
algorithms depending on the tree structure. The original paper mentions the depth
first and breadth first algorithms as starting points. Given the simple tree structure
here, one of the main constraints is the accuracy of the state evaluator V(pg, S). In
particular, it is likely easier for the language model to evaluate the likelihood of a
particular mental state directly using a subtext instead of a thought generated by that
subtext, because it will potentially match what it has seen in its training distribution
better.

Hence, the final algorithm we implement can be thought of a breadth first search
over the first layer, including (context+subtext) with a greedy rollout of the most
promising state to produce a thought based on the subtext and then the final model
response as in Equations 3.2 and 3.3.

The algorithmic implementation of this for this tree structure is included below.

Algorithm 1 Greedy Rollout After Breadth-First Search

Require: Input x, LM py, subtexts T' = {Téi) N |, thought generator G(), state
evaluator V().

8o {lz. 1] [ " € T}
‘/0 «— V(PG» S(,))

sy — argmax,eg; Vo(s)
S1 < Gl(p97 887 1)
return Gy(pg, s1,1)

3.3 Ranking and State Evaluation Metrics

For being able to characterise the ranking of the thoughts as well as the consistency

of the voting process, there are various metrics we will use.
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Ranking thoughts

Average Reciprocal Rank

To be able to rank the thoughts we use the Average Reciprocal Rank (ARR)
which is very similar to the Mean Reciprocal Rank used to evaluate the effectiveness
of ranking systems such as search engines and recommendation systems. The main

difference is that ARR is calculated per thought instead of per-query. It is given as:

1 1
ARR; = — — 3.4

N
P
Where ARR; is the Average Reciprocal Rank of thought ¢ and r; is the rank of
thought i in trial k. This creates a score that varies from worst at 1/N to a best score
of 1. While doing a sum of ranks would treat 1st vs 2nd vs 3rd as linear differences,
MRR or calculating the number of times a thought is ranked first would only consider
the rank of the 1st ranked thought. Hence, ARR provides a middle ground where

being 1st is prioritized, but having a good ranking such as always ranking second will

still have a good score.

Measuring consistency in voting

When prompting the LLM with the subtext thoughts in different orders, I observed
that the voted thought depended on the order of thoughts in the prompt. Ideally, the
selection mechanism would be perfectly consistent, however there must be some bias
or uncertainty in the voting process that decreases this consistency. We can quantify
the consistency of the voting process using two complementary measures:

1. Maximum Agreement Score

(1) @) U(L)} as the set of votes received by

For each sample we define V; ; = {v; /,v;5, ..., v;;

o 1 if thought 5 was selected in shuffle ¢,

iy o

0 otherwise.

thought j in sample ¢ across L shuffles, where: v
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Then the count matrix Cj; represents the total number of times thought j was

selected for sample ¢ across all shuffies:

(Note that the number of shuffles can be recovered by calculating L = Zle ).

The maximum agreement score for sample ¢ is then:
max Ci,j-
J

This score ranges from 7T'/L (minimal consistency) to L (perfect consistency). Higher
values indicate stronger robustness to ordering effects.

2. Evenness Index

The evenness index provides a normalized measure of vote distribution uniformity
for sample ¢. It ranges from 0 to 1, where a value of 1 indicates the distribution is
uniform and highly inconsistent, while a value of 0 represents perfect consistency. It

is defined as:

o H; :—Zlepilogzpi
' log, (L) logy (L)

(3.5)

Where E; is the evenness index for sample ¢, H; is the Shannon entropy of the vote

Cij
L

distribution at sample 7 and p; = is the probability that thought j was selected at
sample i. The denominator log, (L) normalizes the entropy by the maximum possible
entropy over L shuffles, providing a measure of how evenly the votes are distributed

across the thoughts.
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3.4 Majority Voting

Using the measure of consensus described in the previous section, we can create a
quasi-mixture of experts voting approach by aggregating scores/choices over different
order of subtexts and selecting the most popular vote.

Effectively, this creates a meta-state evaluator, that takes in the output of the
state evaluator V (pg, S)(s) over L shuffles. The voted subtext thought for sample i

using count matrix C; ; by seeing what the most popular thought is would be:

argmax C; ;.
J
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Chapter 4

Experimental Results

4.1 Experimental Setup

4.1.1 Dataset curation

The first step of the experimental setup is setting up the dataset. For a general
dialogue dataset with a series of utterances between two speakers, the first step is to
segment it into a collection of dialogues, where each dialogue D = {uy,us,...,uyn} is

represented as a sequence of N utterances between two speakers. After each dialogue

is created, we can extract a series of contexts C' = {¢y41, Cuwy2, - - -, ¢ } Which are used
to generate model responses R = {ry1,Twi2, - -, Tn} to compare to human reference
responses L = {l,41,lwi2, -, N

To construct the sets C' and L, a sliding window of size w is applied over each
dialogue. For each turn ¢ from w + 1 to N, we collect the w utterances immedi-
ately preceding wu; as the context c¢;, and define the corresponding label [; as the
ground-truth utterance u;. Since at least w previous utterances are required to form
a complete context, the model only generates responses for turns where ¢ > w. This
ensures that predictions are all conditioned on the same amount of prior context for

fairness.
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24/7 Conversations

To implement this setup for the ”24/7 Conversations” dataset, a series of prepro-
cessing steps are required. To give some context, the “24/7 Conversations” dataset
contains 750 hrs of continuous electrocorticography (ECoG) data from epilepsy pa-
tients engaging in free daily life conversations alongside audio recordings using a
microphone to capture all the speakers in the room. These recordings have already
been preprocessed by members of the Hasson lab using an Automatic Speech Recog-
nition system to generate a time-stamped transcript. For one of the patients, patient
798, we have this data segmented by sentence with speaker labels.

To prepare the dataset as a collection of dialogues D, we first transform the tran-
script into a sequence of utterances. Multiple consecutive sentences spoken by the
same speaker are merged into a single utterance. After constructing the collection
of dialogues D = {D1, Dy, ..., D;}, we apply steps which aim to filter out interac-
tions that lack meaningful turn-taking and exchange or are not useful for modeling
conversational dynamics.

The first filtering step targets one-sided conversations, which are identified based
on the ratio of speaker turns. Specifically, we exclude any dialogue in which a single
speaker contributes more than 75% of the utterances, as these are less likely to have
meaningful two-way exchanges. This step is visualized in Figure 4.1. In this dataset,
we observe several instances where one participant—typically a doctor—dominates
the conversation, often explaining something while the other speaker listens passively.
These are some of the interactions we specifically seek to exclude.

Finally, we apply a length-based filter to the reference responses. Many utter-

ances in naturalistic dialogue are extremely short—often backchanneling cues such as

« bR ENA4

mhm,” “yeah,” or “okay”—which are challenging to model and offer limited value
for evaluating response generation. On the other hand, extremely long utterances

introduce their own modeling difficulties. Therefore, in our analysis, we restrict at-
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Figure 4.1: A histogram of the percentage of sentences spoken by the dominant
speaker in each conversation

tention to responses containing between 5 and 25 words. Then, for patient 798, the
final dataset consists of 827 labels across 318 dialogues, the average number of turns
per dialogue being 13.3. These statistics correspond to the case where the maxi-
mum number of context turns used in the analysis is w = 15. A smaller value of w
would yield more datapoints, as fewer turns would be excluded for lacking sufficient
preceding context.

(The code for this filtering is included in Appendix A.3)

4.1.2 Large Language Model Configuration

When selecting a language model for this project, we considered various models with
different trade-offs, such as ease of use, performance on specific benchmarks, and
flexibility for future fine-tuning. After careful evaluation, we chose the Llama 3.x
series of models [73], which offers several key advantages. Notably, at the time of
development it was one of the most powerful models with publicly available weights,

providing the flexibility for potential future fine-tuning. Additionally, Llama 3.x is
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available in multiple sizes—1B, 7B, and 80B parameters—trained on similar datasets,
providing both adaptability across different use cases and the ability to assess the
impact of model size on performance.

In particular, we use the instruction-tuned versions of Llama 3, which are specifi-
cally fine-tuned to improve the quality of generations by understanding more complex
requests and producing more relevant responses. Generally, models are fine-tuned for
specific tasks such as question-answering, summarization, and coding. Without this
fine-tuning, the model would only predict the next token based on statistical patterns
in the training data, leading to less rich and context-aware dialogue. The instruction-
tuned models also enable us to incorporate a ”system prompt,” which helps shape
the style and content of the model’s responses.

The hyperparameters, such as temperature, that control the sampling behavior

for generating the next token, are detailed in Appendix A.5.

4.2 One step utterance generation

This section will describe the results of the single step utterance generation method
described in Section 3.2.1. The system prompt for this generation is given in Appendix

A.1. The code for generation is given in Appendix A.4.

4.2.1 Sentence generation improves with model size and con-

text length-Up to a Limit

Figure 4.2 presents the average BERTScore across all samples, varying by model size
and context length (measured as the number of preceding utterances). Broadly, we
observe that BERTScore improves with both increasing model size and longer con-
text. However, the gains from additional context diminish beyond approximately 10

preceding turns. This could suggest that speakers typically do not reference dialogue
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more than 10 turns prior as often, or that excessive context may dilute the model’s
attention to relevant parts of the conversation.

With regard to model size, both the 8B and 70B parameter models outperform
the 1B model as context increases, with the 70B model slightly edging out the 8B.

This score is computed by averaging the BERTScore across randomly shuffled
candidate-reference label pairs, which approximates the baseline generation method
used in the original BERTScore paper [69] (the primary difference being that the
original paper compares 1M pairs).

Two baseline scores are included as dashed lines in Figure 4.2. The red line
represents the average BERTScore when comparing each human label [, to another
randomly selected label [, from the dataset. Computing the score over randomly
shuffled candidate- reference pairs of labels in this way approximates the method
used to create a baseline in the original BERTScore paper [69] (the main difference
being that the original paper compares 1M pairs). The blue line shows the average
BERTScore between human labels and random generations from an 8B model without
context. These baselines offer reference points: for instance, we expect models to
perform no worse than the random generation baseline of 0.638.

Interestingly, the 8B and 70B models only begin to surpass the pairwise random-
label baseline after a context length of 5, while the 1B model never exceeds it.

To evaluate the effectiveness of in-context prompting methods in later sections,
we adopt the BERTScore of the 8B model with 10 turns of context as our model

baseline because this configuration yielded the highest observed score.
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Average BERTScore by Model Size and Context Length
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——- Random Generations BERTScore
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Average BERTScore

0.66
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Context Length

Figure 4.2: Average sentence similarity scores between model generated and human
reference turns of conversation for differing amounts of context and different model
sizes

4.3 Thought generation for theory of mind reason-
ing

This section will go over the results of the multi-step sentence generation based on
the thought generator by evaluating all possible branches in the tree of thought. By
characterizing the performance of each branch, we can characterize the problem of
choosing the best thought in more detail. Overall, I find that the model response
based on the best subtext outperforms the baseline, however randomly selecting a
subtext to generate based off of will not improve the baseline, hence being able to

find the best ranked thought is important.
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4.3.1 The best generated responses based on subtext thoughts

improve upon baseline

Figure 4.3 presents the distribution of scores for each ranked thought, with thoughts
ordered from highest to lowest score within each sample. The box plot illustrates
how the top-ranked, second-ranked, third-ranked, and subsequent thoughts perform
across all samples. Notably, selecting the model response associated with the first or
second highest-ranked subtext consistently outperforms the baseline. In contrast, the
third-ranked thought performs comparably to the baseline on average, while lower-
ranked thoughts generally underperform. These results highlight a clear opportunity

to improve upon the baseline by selecting higher-ranked generations.

Bertscore Distribution for Ranked Thoughts

0.85 1 ——- Baseline Bertscore

0.80 1

0.75 1

e
~
o

Bertscore

e
o
w

0.60

0.55 —1

T T T T T T
Rank 1 Rank 2 Rank 3 Rank 4 Rank 5 Rank 6
Thought Rank Number

Figure 4.3: Box plot showing the BERTScores for all ranked ToM subtext generations
(1st, 2nd, 3rd best, etc.) for each sample.
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Bertscore Distribution for Each Thought (Including Baseline)
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Figure 4.4: Box plot showing the BERTScore distribution for each different subtext
over all samples

4.3.2 Selecting Responses Based on a Single Subtext Under-

performs Baseline

While choosing a highly ranked generation can outperform the baseline, consistently
selecting responses based on a single subtext tends to slightly underperform. This
trend is evident in Figure 4.4, which presents the average BERTScore for model
responses categorized by subtext. From a Theory of Mind perspective, this result is
logical: applying the same inferred mental state across all interactions overlooks the
nuances of individual interactions and lacks conversational specificity to the context.
As a result, biasing the selection mechanism toward any single subtext would not

necessarily lead to any improved performance.

4.3.3 Self-Reflective and Goal-Oriented Thoughts Rank Higher

We use the Average Reciprocal Rank (ARR), defined in Equation 3.4, to evaluate
the relative ranking performance of different subtexts. As shown in Figure 77, there

is some variation across subtexts, though none deviate drastically from the expected
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ARR for a uniform distribution of ranks, given by ﬁ 22421 % = 0.408. Notably, sub-
texts that prompt the model to think about goals tend to achieve higher ARR scores,
while those focused on decision-making or information processing perform slightly
worse. Across all subtexts, prompting the LLM to consider the upcoming speaker’s
state of mind from their own perspective generally yields better rankings than prompt-

ing it to reflect on the previous speaker’s state.

Average Reciprocal Rank {(ARR) for Each Subtext

=== ARR for Uniform Ranking
MRR Values
Subtext 6 (What do they need to know to make a decision?) -

Subtext 5 (What do I need to know to make a decision?) §

Subtext 4 (What do they want to happen next?) 4

Thought Index

Subtext 3 (What do | want to happen next?) -

Subtext 2 (How does the other person feel about this?) 4

Subtext 1 (How do | feel about this?) 4

T T T T T
0.36 0.38 0.40 0.42 0.44
ARR

Figure 4.5: Bar chart showing the Average Reciprocal Rank for each theory of mind
subtext. The possible range is between 0 and 1, with a perfect score of 1 being
achieved by having a rank of 1 over all samples

4.3.4 Sampling multiple times from a varied distribution can

still lead to improvement in BERT Score

Having shown that a thought generation approach based on a set of subtexts can
improve text similarity scores, we next explore how perturbing this method affects
performance.

Figure 4.6 summarises this analysis. To produce this graph, we perturb several

key components involved in dialogue generation—the context ¢, the list of subtext
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Average Bertscore of 1st, Last, and Random Ranked Thoughts
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Figure 4.6: BERTScore outcomes for different generation strategies with various per-
turbation conditions. Dark blue bars represent the average best score per sample,
light blue bars the worst and thick black bars the score from randomly sampling a

subtext each sample. The yellow bar shows the average score with a simple label.
The black dashed line is the model baseline.

thoughts T', and the intermediate generated thought z. The only major variable that
remains unchanged is the prompt.

To perturb the context ¢, we use the Random Generation (RandomGen) condition.
As in Section 4.2, this involves removing the context from the LLM input and instead
sampling random text generations. We sample M = 6 generations to match the
multi-sample setup used when conditioning on different subtexts.

For the Random Subtext condition, we replace the theory-of-mind-based subtexts
with a set of unrelated, casual thoughts that are not clearly tied to mental states or
intentions. The set includes: “Hm. Where was [ going?” “Mmm. I could have toast
later.” “I need to remember to call my mom later.” “What’s the weather like today?”
“I need to remember to pick up groceries later.” “Do fish ever get thirsty?”

In the Random Thought condition, we retain the original theory-of-mind sub-
texts, but instead of generating thoughts conditioned on the subtext and context, we

substitute the intermediate thought z with a completely random text sample.
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We also include a simple baseline label—“Yeah, that’s what I see too.”—as a final
comparison. Since this case does not involve multiple generations, it is plotted as a
single yellow bar in Figure 4.6.

The figure shows the following: the light blue bars represent the average worst
score across samples for each condition, while the dark blue bars show the average
best score. The thick black horizontal lines indicates the expected score if a sample
were selected at random. Lastly, the dashed black line represents the baseline model
response from Section 4.2.

First, note that sampling multiple times from a distribution with some variance
and choosing the best outcome will, by definition, outperform the mean of the distri-
bution. This section evaluates that intuition in practice by modifying the generation
process to inject variety.

The results confirm that all generation strategies exhibit variance in output qual-
ity, meaning that sampling multiple times and choosing the best result consistently
improves BERTScore. Interestingly, both the theory-of-mind and random subtext
conditions yield similar distributions, with the random subtext condition exhibiting
slightly more variance—resulting in a higher best-case score.

Surprisingly, the Random Thought condition outperforms both subtext-based
strategies. One plausible explanation emerges from examining the performance of
the Simple Label condition, which closely matches the model baseline despite its sim-
plicity. This suggests that basic or generic statements such as “Yeah, that’s what I
see too” can score well in similarity metrics. By introducing randomness in thought
generation, the model may "get distracted” and fall back to more simple, generic re-
sponses. These responses would cluster near the average score, thereby lowering the
worst-case performance but potentially boosting the maximum due to the occasional
strong match.

Given these findings, for this strategy to have any use, it is crucial to be able to

42



Average Reciprocal Rank (ARR) for Each Thought
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Thought 2 (Mmm. | could have toast later.) q
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Thought Index
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Figure 4.7: Bar chart showing the Average Reciprocal Rank for each random idea
subtext. The possible range is between 0 and 1, with a perfect score of 1 being
achieved by having a rank of 1 over all samples

interpret performance changes in relation to underlying phenomena, rather than the
simple effect of sampling multiple times from a noisy distribution. In this context,

further analysis is needed to determine whether improvements in generation quality

can be meaningfully linked to real-world mental states.

4.3.5 Using random ideas in subtext does not have clear

trends in scores

Given our perturbation analysis, we can examine the random subtext and theory of
mind subtext conditions in more depth for interpretability.

Looking at Figure 4.7 and comparing it to 4.5, we can see that the random subtext
condition has no clear trend in performance based on the random subtext ideas. There
is also more deviation from the uniform ranking ARR value.

Additionally, when computing the average scores across all samples in Figure

4.8, the results are comparable to those for the theory of mind subtexts shown in
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Bertscore Distribution for Each Thought (Including Baseline)
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Figure 4.8: Box plot showing the BERTScore distribution for each different subtext
over all samples

Figure 4.4. One likely reason for this is that the large amount of conversational con-
text—specifically, the inclusion of 10 preceding turns—allowed the model to produce
a sensible reply, even when the subtext and resulting thought were largely ignored.
When inspecting the response often they were mainly related to the context and not

directly to the subtext thought.

4.4 State Evaluator

This section will review all the selection mechanisms implemented. In summary, no
selection mechanism was able to select subtexts based on the conversational context

to improve the generation BERTScore.

4.4.1 Choosing the best ranked thought improves BERTScore

To be able to contextualize our LLM-based voting mechanisms, the results from
the random and perfect state evaluators are included as a reference for comparison

here. A scatter plot of the scores from both state evaluators against the baseline
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Figure 4.9: Box plot showing the BERTScores for all ranked random idea subtexts
(1st, 2nd, 3rd best, etc.) for each sample.

generation score is included in Figure 4.10. We can see that generating a model
response based on the perfect state evaluator which chooses the subtext resulting in
the best outcome has a BERTScore which is almost always better than baseline single-
step generation. However, when selecting a generation based on a random subtext
there is no improvement in performance. This is consistent with the data in Figure
4.3 which shows that either the first or the second ranked subtext must be used on

average to improve on the baseline.

4.4.2 Both LLM-based state evaluators are not effective in

selecting the best subtext

Figure 4.11 depicts the scatter plot of the scores from both LLM-based state evalu-
ators against the baseline generation score. Visually, it seems that the voting mech-
anism has no noticeable change on the distribution of scores, with the distribution
appearing much more similar to the random state evaluator compared to the perfect

state evaluator in Figure 4.10.
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Baseline vs Max Bertscore Scatter Plot
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Figure 4.10: Scatter plots of the BERTScore based on model response from the
best ranked thought (left) and a randomly selected thought (right) against baseline
response

The results in Figure 4.12 confirm these observations. All selection mechanisms

apart from the perfect state evaluator perform marginally worse than the baseline. It

can be seen that the perfect state evaluator also has a slightly less spread distribution.
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Figure 4.11: Scatter plots of the BERTScore based on model response from the voting
over all possible subtexts (left) or scoring each subtext individually (right) against
the baseline response.
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Violin Plot of the BERTScore for different State Evaluators
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Figure 4.12: Violin Plot of the BERTScore for different State Evaluators. The dark
blue line represents the mean of the distribution while the black lines represent the
datapoints 1.5 times the interquartile range (IQR) from the first and third quartile.

4.5 Evaluation over multiple shuffles

The following results are obtained by applying the voting scoring method and voting
choice method 10 times each with the order of subtexts to choose randomized each

time.

4.5.1 Evaluation by Scoring and by Voting are biased to-

wards certain numbers

One reason that the state evaluation mechanism is not working well could be because
of bias, which can be an issue when using LLMs as evaluators [74][75]. An obvious
way this appears is a preference for certain numbers.

In Figure 4.13 we can see that for example the LLM perfers not to choose the first

item in the list regardless of which subtext it represents. Similarly, in Figure 4.14 we
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can see that the scoring mechanism has a strong preference for the digits 2,4 and 8.
With a couple other digits having frequencies one or multiple orders of magnitude

less, since the graph is plotted using a logarithmic scale.

Proportion of Numerical Indices Voted for by Voting-Choice

Normalized Counts
0.25 4

0.20

0.15 1

Propotion
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Index

Figure 4.13: The frequency each numerical index in the list is chosen when the state
evaluator votes over states
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Figure 4.14: The frequency specific digits appear when the state evaluator scores each
option. Calculated over 10 shuffies.
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4.5.2 Evaluation by Scoring is more consistent than by Choice

We can also quantify the consistency of the voting mechanism by using the metrics
defined in Section 3.3, evenness index, and maximum agreement score.

Figures 4.15 and 4.16 show the dstribution of these metrics over all the samples.
It is clear that both voting mechanisms have high levels of bias; for example, for
most samples, the maximum agreement on the best subtext over the different shuffles
did not each a majority of more than 4. However, these plots do show that the
evaluation method by scoring independently is more consistent than voting over all
the possible options, since the average entropy is closer to 0 and the number of

maximum agreements also increases.

KDE of Evenness Indexes

[ Voting Choice
[ Voting Scoring

Density
w

y 7
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Evenness Index

Figure 4.15: The continuous density plot of evenness index of all samples for different
shuffles. An evenness index of 0 would indicate perfect consistency, while an index of
1 would indicate a perfectly random /uniform evaluation process.

4.6 Majority Voting

Since we implemented a shuffling mechanism, we can also create a meta-state evalu-

ator by selecting the most popular subtext after a certain amount of shuffies.
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Histogram of Maximum Agreements (Side-by-Side)
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Figure 4.16: The histogram of maximum number of agreements on the best subtext
over different shuffles for all samples. A score of 10 would indicate perfect consistency
while a uniform/random evaluator would score 1.67 on average.

4.6.1 Majority voting does not improve performance

In the scatter plots in Figures 4.17 and 4.18 we can see that sampling the state
evaluator multiple times does not have a noticeable improvement on the distribution

of scores.

4.6.2 High consistency on evenness index leads to lower vari-

ation of BERTScore of output

Figure 4.19 shows the distribution of scores for the majority vote meta-state evaluators
as well as the distributions of the samples evaluated with high consistency (which are
also highlighted in the scatter plots in Figures 4.18 and 4.17). While neither the
majority vote meta-State Evaluators or the high consistency examples have a greater
similarity to the human reference compared to the baseline, the evenness index metric
of the scores or voting is indicative of the variance of the final BERTScore distribution.

That is, the distribution of high consistency examples plotted as judged by evenness
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Figure 4.17: A scatter plot of the BERTScore of the majority vote meta-state evalua-
tor voting by voting and by scoring. General points are in grey while coloured points
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Figure 4.18: A scatter plot of the BERTScore of the majority vote meta-state evalua-
tor voting by voting and by scoring. General points are in grey while coloured points
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index has a lower variation of BERTScore compared to all other conditions.
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Figure 4.19: Violin Plot of the BERTScore for the majority vote meta-State Evalua-
tors based on scoring and voting. Also plotted are the distributions of high consistency
examples highlighted in the scatter plots in Figures 4.18 and 4.17

4.7 Overall findings

In this project, we further demonstrated that large language models are capable
of generating sensible and coherent dialogue. Our experiments showed that both
model size and context length positively correlate with similarity to human-generated
references.

We introduced a thought generator based on a theory-of-mind taxonomy, which
produced diverse response sets—some outperforming and others underperforming the
baseline. This motivated the implementation of a selector mechanism designed to
choose the most promising subtext to guide response generation. To better under-
stand the generator’s behavior, we conducted a perturbation analysis, exploring how
changes to different components influenced the distribution of model outputs. While
BERTScore appeared to be a reasonable metric for assessing textual similarity, further

investigation is needed to determine whether it captures sufficient semantic nuance,
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and whether the generated thoughts and responses genuinely align with the theory-
of-mind taxonomy provided.

Finally, we developed three state evaluation methods to select the best subtext for
response generation. However, none of these approaches outperformed the baseline
model that generates responses in a single step. Interestingly, we observed inconsis-
tency and bias in the voting and scoring evaluators, though the consistency of an eval-
uator across multiple data shuffles—measured using the evenness index—appeared to
reflect the spread in BERTScores of the model outputs. This suggests that LLMs
might have some capacity to internally assess or express confidence in their generated

responses.
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Chapter 5

Discussion

While the ultimate goal of automatically improving dialogue generation using a the-
ory of mind-based in-context learning approach was not fully achieved, this project
still provides valuable insights—both for future improvements and for our broader
understanding of conversational modeling.

To better understand the performance and shortcomings of the system, we can
break down the implementation into its key components. Given the complexity and
number of moving parts, this component-wise reflection is essential for identifying

areas for refinement.

5.1 Future work

5.1.1 Language Model Capabilities

First, the capabilities of the language model itself, denoted py, may have been a
limiting factor. It is possible that the model’s social reasoning abilities are insufficient
for accurate inference in this domain. This challenge is compounded by the inherent
noisiness and ambiguity of social reasoning tasks. If the LLM has not been trained

extensively on such data—Ilikely, given the difficulty of curating high-quality theory-

o4



of-mind datasets—it may lack the inductive biases required for these tasks. Although
the weights of the LLaMA 3.x models are publicly available, their training data is not,
making it difficult to verify this hypothesis. Potential next steps include fine-tuning
the model on curated social reasoning datasets, such as SociallQA [76], or designing
a new benchmark of simpler, well-scaffolded theory-of-mind tasks to evaluate and

adapt the model progressively.

5.1.2 Context Representation

Second, the context ¢ provided to the model may not have been rich or structured
enough. While it included recent conversational history, many other types of in-
formation are relevant for generating socially coherent dialogue: background world
knowledge, participant personalities, shared memories, and conversational goals. A
more structured or explicitly abstracted representation of context may better support

theory-of-mind reasoning, aligning with thoughts in other work [26].

5.1.3 Evaluation Metrics.

Third, the evaluation metric—BERTScore—may lack the granularity necessary to
capture nuanced social reasoning or alignment with human intent. Although BERTScore
correlates with textual similarity, it does not assess propositional content and does not
have extremely high correlations with human judgment in other tasks. Alternative
metrics could include: using a pipeline to convert responses and labels to proposi-
tional form, to remove any reliance on surface represetnation of text before using a
text similarity like BERTScore. Additionally, encoding accuracy from the sentence
embedding of the generated text could be used as a score of how good a generation is.
Then BERTScore as a metric could also be validated by seeing how well it correlated
with encoding accuracy. Perplexity could also be used as a metric to capture likeli-

hood of a response given context. Finally, human evaluations canbe used to validate
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the use of these automatic scores.

5.1.4 Thought Representation and Tree of Thought.

Another area for exploration is the structure of the thought process itself. It remains
unclear whether the intermediate thoughts generated by the LLM accurately reflect
the model’s internal reasoning [77, 78, 79, 80]. Doing more perturbations of thoughts
could help show this.

An especially compelling dataset to apply this method to is ESConv [81], which
features emotional support conversations between a ”speaker” describing their prob-
lems and a crowdworker ”listener” providing support. Each response from the listener
is annotated with a communicative strategy, selected from a set that includes Ques-
tions, Self-disclosure, Affirmation and Reassurance, Providing Suggestions, Other,
Reflection of Feelings, Information, and Restatement or Paraphrasing. This makes
ESConv a rich resource for evaluating whether social reasoning capabilities—such as
those enabled by a tree-of-thought approach—can be leveraged to predict the under-
lying social strategies used by the listener.

Furthermore, one potential direction is to simplify the thought process, for in-
stance by reducing the tree depth from two to one, and conditioning the final response
more directly on the intermediate reasoning steps. Prompt engineering—particularly

for generating or interpreting theory-of-mind subtext—could also be refined.

5.1.5 Filtering to Target Turns that Require Reasoning

An important open question in conversational analysis is determining when partic-
ipants engage in more automatic, reflexive responses versus when they employ de-
liberate reasoning. Our current predictions may capture turns that elicit automatic
replies, which are inherently more challenging to model due to their low cognitive load

and variability. Incorporating more sophisticated filtering methods could help isolate
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conversational turns that genuinely require thought or reasoning. For instance, the
high BERTScore of the generic label “Yeah I see that too” in Section 4.3.4 suggests
that such low-effort responses may be disproportionately influencing our evaluation

metrics, indicating a need for refined filtering criteria.

5.2 Limitations

First, the project assumes that conversations can be segmented into rigid, alternating
turns. While this simplifies implementation, it does not reflect the fluid nature of real-
world dialogue, which often includes interruptions, overlaps, or simultaneous speech.
Moreover, it overlooks how interlocutors build shared context over time. The com-
mon ground theory [82] describes how shared knowledge accumulates and simplifies
communication—for example, initial explanations may be detailed, but future refer-
ences become more abbreviated. While this project began with segmenting dialogues
into discrete two-person turns, future work could explore continuous, overlapping, or
multi-party dialogue representations.

Second, the model is fundamentally unimodal—it operates on language alone.
However, in human conversation, responses are influenced not only by the preceding
words but also by a range of visual, situational, and embodied cues. Listeners nat-
urally integrate information such as visual scene understanding [83], the goals and
perspectives of the speaker [84], the physical context or affordances of objects in the
environment [85], and paralinguistic signals such as facial expressions or body lan-
guage [86, 87]. While some of these aspects may be indirectly encoded in language,
much of this contextual richness remains implicit and inaccessible to language-only
models. As such, future modeling efforts could benefit significantly from incorporating

multimodal inputs or grounding the model in real-world context.
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Chapter 6

Related Explorations-Neural
Encoding using Sentence and Word

Embeddings

This chapter presents the second project of the thesis: exploring how to perform
sentence-level encoding of intracranial neural recordings. Unlike fMRI, intracranial
recordings offer much higher temporal resolution—often far exceeding the duration
of a single sentence. This mismatch in timescales makes sentence-level alignment
particularly challenging.

Previous work on this dataset has primarily focused on encoding neural activity
using token-level embeddings. However, incorporating sentence embeddings could
provide a window into higher-order cognitive processes by capturing more abstract
semantic representations. In this section, we investigate the feasibility of combin-
ing word and sentence embeddings to model neural activity using a banded ridge

regression framework.
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6.1 Data collection and pre-processing

The original dataset and pre-processing method is provided by Zada et al. (2025)
[88]. To summarise, a 30 minute audio story (podcast) was played to nine participants
while undergoing electrocorticographic monitoring for epilepsy. A simple preprocess-
ing pipeline was implemented to extract the high-gamma band power per electrode.
Alongside the neural recording, the story was also manually transcribed with each
word timestamped at high temporal resolution.

The stimulus presented to participants was a segment from the podcast “This
American Life” entitled “So a Monkey and a Horse Walk Into a Bar: Act One,
Monkey in the Middle” released on November 10, 2017. The original audio and tran-
script are freely available online (https://www.thisamericanlife.org/631/transcript).
We manually transcribed the story and timestamped words at high temporal resolu-
tion.

Raw electrode data underwent the following preprocessing pipeline, which is quoted
from the Zada et al [88]. The steps include "removing bad electrodes, downsampling,
despiking and interpolating high amplitude spikes, common average re-referencing,
and notch filtering. First, we visualized the power spectrum density of each electrode
per subject. From this, we were able to annotate unusual electrodes that did not
conform to the expected 1/f pattern, had a consistent oscillatory pattern, or showed
other unusual artifacts. We found 31 such electrodes and marked them as “bad”
(identified in the accompanying metadata). The source of these artifacts may be due
to several factors, including excessive noise, epileptic activity, no noise, or poor con-
tact. For data acquired with a sampling rate greater than 512 Hz, we downsampled
to 512 Hz to match the sampling rate across subjects. We then applied a despiking
and interpolation procedure to remove time points that exceeded four quartiles above
the median of the signal and refill it using pchip interpolation. For re-referencing,

we subtracted the mean signal across all electrodes per subject from each of their
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individual electrode time series. Finally, we used notch filters at 60, 120, 180, and
240 Hz to remove power line noise. This pipeline produces a “cleaned” version of the

raw signal.”

6.2 Method: Ridge regression

Here, I will describe the original method in the paper for ridge regression to decode
neural activity from token-level embeddings.

Let X € R™*P be a feature matrix with n samples and p features, y € R™ a target
vector, and a > 0 a fixed regularisation hyperparameter. Ridge regression defines the

weight vector 0* € RP as:

b* :argmbin||Xb—yH§—|—oszH§. (6.1)

The simplest way of casting this problem would be to have n be the number of
words and p be the number of electrodes, so that the target matrix Y has length of
number of electrodes. Each entry in X would contain the word embedding for the
word at each new word onset, while ¥ would contain the voltage signals recorded
from the electrodes placed on the brain’s surface in Volts. ECoG electrodes measure
the aggregate electrical activity of thousands to millions of neurons and the recorded
will mostly reflect local field potentials (LFPs), which arise from the synchronous
activity of many neurons. Additionally, if the word consists of more than one token,
we average all of them to get the embedding per word.

However, this method is unideal because the electrode data (512Hz) is much higher
frequency than the spoken words ( 2Hz). To solve this, we epoch the electrode data
around the onset of each word, so that X now has shape (number of words, number
of ECoG electrodes x number of lags) and Y has shape (number of ECoG electrodes x

number of lags). The epoch period chosen is from -2 seconds to +2 seconds relative to
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word onset. This is equivalent to fitting a separate regression model for each electrode
and each epoch.

Before the model can be fit, there are there are two additional elements in the
pipeline we define in Scikit-learn [89]. First, ¥ and the regressors in X were mean-
centered using StandardScaler. Second, because the design matrix was wider than it
is long, we used the kernel method to solve the ridge regression in its dual form [90].
Specifically, we used a linear kernel for each feature space separately before fitting
the model.

The penalty term b is learned using an inner cross-validation setup within the
training set using the himalaya python library [91]. Then an outer cross-validation
loop is used to evaluate the encoding model with k = 2. We evaluated the performance
of each encoding model on the held-out fold by correlating the model-predicted ECoG
signal Ypreqs with the actual ECoG signal Yie: in the test fold. Finally, we averaged the
two correlations for each fold to obtain one correlation value denoting the encoding

performance for each feature space, electrode, and lag.

6.3 Method: Banded Ridge regression

We use a banded ridge regression model to regress to get the ECoG signal in Y with

two different feature spaces with their own regularisation parameters as follows.

b* = arg min
b

2 m
+ > aillbill3 (6.2)
2 =1

in: Xibi —y
i=1

The variables are similar to Equation 6.1, where X; represents the feature matrix

corresponding to the i-th group, b; denotes the coefficient vector for the i-th group,
«; is the regularization parameter specific to the i-th group andm is the total number
of feature groups.

In practice for constructing X, the shape of X; and X5 are both (number of words,
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number of ECoG electrodes x number of lags). Because a sentence contains multiple
words, the sentence embedding will be the same for each word in that sentence.

The embeddings used are:
e Static word embeddings:
— Word2Vec embeddings (300-dimensional)
e Contextual word embeddings:
— GPT-2 (13 layers of embeddings, each word embedding is 768-dimensional)
e Sentence embeddings:

— SentenceTransformer intfloat/e5-mistral-7b-instruct (4096-dimensional)

6.4 Results

6.4.1 Encoding with context and sentence embeddings out-

performs static embeddings, but not contextual em-

beddings

Figure 6.1 depicts the encoding performance of a banded ridge regression with joint
contextual and static embeddings compared to a ridge regression with either only
static or contextual embeddings. It is clear that the joint embedding model improves
on the static embeddings however compared to the contextual embeddings the per-

formance appears very similar.
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Figure 6.1: Scatter plots of encoding performance (correlation) for joint (sen-
tence+contextual word) embeddings against static and contextual embeddings

6.4.2 Sentence Embeddings take up variance in Joint Con-

text+Sentence encoding models

While using banded ridge regression with contextual and sentence embeddings does
not improve upon the performance of ridge regression using only contextual embed-
dings, examining how the variance is split in the joint model can still be ueful.
Figures 6.5 and 6.6 and show that variance is split to a large extent between con-
textual and sentence embeddings. Figure 6.5 shows the encoding performance with
either feature space separately, which shows that by themselves the overall encoding
performance decreases. However, there are some electrodes where the sentence em-
beddings have a higher relative encoding performance and others where contextual
embeddings have a much higher encoding performance on the right of the graph.
Plotting the encoding performance on the brain in Figure 6.6 we can see that the
electrodes where the contextual embeddings do best are around XYZ brain areas.
However, the correlation for sentence embeddings throughout the brain is generally

more diffuse.
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Figure 6.2: The encoding performance using either the contextual embedding or
sentence embedding feature space plotted against each other
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Figure 6.3: Correlation scores per electrode mapped onto the brain for joint (contex-
tual word + sentence), contextual word and sentence embeddings

6.4.3 Encoding with static and sentence embeddings outper-
forms static embeddings, but not contextual embed-
dings”

In contrast to Figure 6.1 we compare the encoding performance of joint (static -+

sentence) embeddings compared to contextual and static embeddings in Figure 6.4
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as opposed to joint (contextual+sentence) embeddings.

In Figure 6.4 we can see that the joint (static+sentence) model performs worse
than model based on just contextual embeddings, however this joint model improves
performance on models trained with just static embeddings. Most of this increase in
performance happens in a range between a correlation of 0.05 to 0.09 for the static
model, which increases to a range of 0.05 to 0.13. The performance for high correlation
electrodes tends to be similar for both static and sentence embeddings.

6.4.

Joint (Static + Sentence) vs Contextual (Word) Joint (Static + Sentence) vs Static (Word)

® Highlighted Electrodes ® Highlighted Electrodes

030 A

0.30 A

e

N

]
°
Y
&

e

N

S
o
N
S

o

o

=

G
°
=
G
®

°
=
o
[

Joint (Static + Sentence) Embeddings Encoding Performance
s
[
S
e
o,
Joint (Static + Sentence) Embeddings Encoding Performance

3

3
f‘%.‘. o
X

0.00 0.05 010 015 0.20 025 030 0.00 0.05 0.10 0.15 020 025 030
Contextual (Word) Embeddings Encoding Performance Static {Word) Embeddings Encoding Performance

Figure 6.4: Scatter plots of encoding performance (correlation) for joint (sen-
tence—+static word) embeddings against static and contextual embeddings

6.4.4 Joint Sentence-+static embeddings enable encoding for
best electrodes over a greater period of time compared

to only static embeddings

Another way of plotting our results is by collapsing the electrode dimension by select-
ing a subset and averaging, rather than collapsing the time dimension by choosing

the maximum correlation over all time.
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Figure 6.5: The encoding performance using either the contextual embedding or
sentence embedding feature space plotted against each other
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Figure 6.6: Correlation scores per electrode mapped onto the brain for joint (static
word + sentence), static word and sentence embeddings

Figures 6.7 and 6.8 show the correlation over time for a subset of the best-
performing electrodes. From Figure 6.7 is clear that encoding using sentence em-
bedding in addition to static embeddings increases the encoding performance over
a greater period of time. In Figure 6.8 we can see this effect as well, but it is less
noticeable because the contextual embeddings already perform better over a greater
period of time compared to the static embeddings. Nevertheless, by looking at the

split embedding spaces we can see that the word embeddings generally peak a few
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100ms after word onset, but the encoding accuracy using sentence embeddings is more
spread out over time.

To be able to relate the size of the outer blue envelopes in Figures 6.7 and 6.8 we
also plot them overlapping alongside the results from contextual embeddings in Figure
6.9(a). We can see that the outer envelopes of contextual, contextual+sentence and
static+sentence have similar profiles. While in Figure 6.9(b) we can see that encoding

using either static or split-static embeddings has a more narrow profile.
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Figure 6.7: The correlation of model and actual neural signal plotted over time and
averaged over best performing electrodes. Black lines show the encoding done using a
split feature space after banded ridge regression for static embeddings (left) and sen-
tence embeddings (right). The blue line represents the joint embedding performance.
Electrodes where the joint (static+sentence) correlation had a performance of more
than 0.15 were selected.

6.4.5 Overall findings

In this project, we successfully implemented a model for sentence encoding. We found
that static and sentence embeddings when combined can get encoding performance
that approaches that of contextual embeddings, with the added flexibility of being
able to change the content of the sentence embedding easily compared to contextual

word embeddings.
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Encoding Performance Over Time For Best Electrodes
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Figure 6.8: The correlation of model and actual neural signal plotted over time and
averaged over best performing electrodes. Black lines show the encoding done using a
split feature space after banded ridge regression for contextual embeddings (left) and
sentence embeddings (right). The blue line represents the joint embedding perfor-
mance. Electrodes where the joint (static+sentence) correlation had a performance
of more than 0.15 were selected
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Figure 6.9: The correlation of model and actual neural signal plotted over time and
averaged over best performing electrodes. Embeddings used in the model in order
of envelop size are contextual, joint (contextual4sentence), joint (static+sentence)
(plotted twice), static, and split static.
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Chapter 7

Future Directions

Now that the two projects in this thesis have been established, it is worth exploring
how they might be integrated to offer insight into the neural basis of theory of mind.
One direct way to bridge the conversational modeling project with neural data is
by using the voted subtexts as labels for each utterance. These labels could serve as
supervision signals in a neural classifier aimed at predicting the mental state most
likely associated with each utterance. A crucial aspect of this task would involve
distinguishing between moments when a person is engaged in mental state reasoning
versus more routine conversational behavior—an open and intriguing question.

If the dialogue generation task proves challenging, an interesting alternative would
be to adapt ideas from masked sentence modeling. Rather than predicting the final
utterance in a conversation, the model could instead predict a missing utterance from
the middle. This would allow the model to leverage both past and future context,
potentially resulting better ability to reason over theory of mind.

In terms of evaluation, rather than relying solely on BERTScore, one could assess
how strongly generated utterances drive activity in neural encoding models. After
training on a subset of ground-truth data, such an approach could help identify ”su-

pernormal stimuli”—stimuli that elicit exaggerated responses from a given neural
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system, as described by Barrett (2010) [92].

This project also lends itself naturally to an in-context learning framework, and
its application need not be limited to social reasoning alone. Insights from psycholin-
guistics could enrich the modeling, particularly theories related to how people con-
struct situation models through bridging inferences during discourse. Some accounts
propose that literal and non-literal meanings are computed simultaneously within
a parallel distributed framework—phenomena that could be explored by prompting
large language models and examining their alignment with brain activity.

Another compelling area for exploration is inner speech. Inner speech serves di-
verse functions such as deliberation, planning, clarification, problem-solving, and
even self-regulation or self-motivation (e.g., “You can do this,” “Don’t do that”)
[93]. Modeling these internal dialogues might provide a novel pathway for connecting
language-based Al models with neural data, offering a richer picture of cognition and

self-directed thought.
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Chapter 8

Conclusion

This thesis explored the extent to which Large Language Models can perform so-
cially informed reasoning during dialogue, focusing on the inference of subtextual
thoughts—unspoken beliefs, desires, and intentions—through a theory-of-mind-inspired
approach. By applying the Tree of Thought framework to naturalistic dialogue gen-
eration, we demonstrated that LLMs are capable of generating plausible, socially
coherent responses. However, our results also revealed that existing evaluation met-
rics and selection mechanisms struggle to consistently identify the most appropriate
subtext or response, highlighting limitations in both model expressivity and current
assessment tools.

In the second part of this thesis, we extended LLM applications to neural encoding,
showing how both word- and sentence-level embeddings can be used to model brain
activity during language comprehension. This builds on prior work in the Hasson lab
and offers new directions for integrating computational representations of language
with neuroscience.

Across both projects, we found that while LLMs exhibit emerging capacities for
modeling literal and inferred content, their reasoning processes remain opaque and

prone to inconsistency. Evaluator bias, limited context representation, and inade-

71



quate scoring methods present ongoing challenges. Nonetheless, the promising signals
observed in perturbation and consistency analyses suggest that LLMs may possess
latent capacities for internal assessment and social inference that are yet to be fully
unlocked.

Future progress will likely depend on more structured representations of context,
improved datasets for training and evaluation, and new methods for interpreting
model reasoning. Ultimately, this work contributes to the growing effort to bridge
the gap between surface-level language modeling and deeper social cognition in Al
systems, with implications for both computational neuroscience and the development

of more human-aligned dialogue agents.
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Appendix A

Code Implementation

A.1 System prompt used

You will be given an excerpt of a conversation that includes the next speaker. It will
be formatted as Speaker 1: message, Speaker 2: message. Reply as the next speaker
in the conversation only. Format your reply as Speaker 1: message. Do not say you

are a chatbot.

A.2 Prompt Generation

3 import json

3

import random

#final JSON file format:
#prompts_subtext: a list of length s (number of subtexts) containing
lists of length n (number of steps)

#subtexts: a list of length s containing the subtexts
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9 #prompts_subtext_voting: a list of length 3 containing the prompts
for the subtext generation (list of length s), voting (single
string), and next speaker sentence generation (single string)

10

11

13 #numer of subtexts=s, number of steps=n

15 def exportJSONFile(data,fileName) :

16 json_object = json.dumps (data)

17

18 with open(fileName, "w") as outfile:
19 outfile.write(json_object)

20

21

22 subtextPrompt="You will be given an excerpt of a conversation
between two speakers. Format your output as {Output:}. Your task
is to generate the subtext thought that the next speaker is
having, based on the following idea:"

23

24 #length s

25 subtextIdealist=["Do I agree with this?","What do they want from me?
","How are they feeling right now?","What are they avoiding
mentioning?"," Whats their body language saying?","Should I
clarify my earlier point?","What do they really mean by this?"]

26 #subtextIdealist2=["Why are they telling me this now?", "What
triggered this topic in the conversation?","How does this relate
to what they said earlier?","Does this connect to something
t heyve shared about themselves before?","How did they
accomplish this, or how are they planning to?","What resources or

skills did they use to solve this problem?","What are the

implications of this for me or them?","What are they not saying
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that might be important?","What are they trying to achieve by
saying this?","How does this align with their long-term goals or
ambitions?"]
27 #subtextIdealist3=["What are they about to say or ask?","Are they
feeling frustrated, happy, or anxious?","Is this behavior typical
for them, or is it out of character?","Are they hinting at a
deeper issue without explicitly saying it?","Are they trying to
persuade me?","Their background might explain why they see things
this way."]
28 #subtextIdealist4=["How do I feel about this?", "How does the other
person feel about this?", "What do I want to happen next?", "What
do they want to happen next?", "What do I need to know to make a
decision?", "What do they need to know to make a decision?"]
29

30

1 randomSubtextList=["Hm. Where was I going?","Mmm. I could have toast
later.","I need to remember to call my mom later."," Whats the
weather like today?","I need to remember to pick up groceries

later.","Do fish ever get thirsty?"]

32

33

34 subtextIdealist_only4=["What do I want to happen next?", "What do
they want to happen next?", "What do I need to know to make a
decision?", "What do they need to know to make a decision?"]

36 promptl=[]

37 promptlRandom=1[]

32 selectedSubtexts=subtextIdealist_only4

30 print (£"The number s of subtexts is {len(selectedSubtexts)l}")

40 for i in range(len(selectedSubtexts)):

a1 #try this later (include info in the content) promptl.append ({"

role": "system", "content": subtextPrompt + " " + s})

5



42 promptl.append (subtextPrompt + " " + selectedSubtexts[i])
43 promptiRandom. append (subtextPrompt + " " + randomSubtextList[i])

146 #promptVoting="Based on the subtext generated, select the thought
that you think is most likely to be the subtext of the next
speaker. Output a single number corresponding to the thought you

choose. Output this number as {Output:numl}"

'
1

r promptVoting="Based on the subtext generated and the conversation
history provided, select the thought that is most likely to be
the subtext of the next speaker. Output a single number
corresponding to the thought you choose. Output this number as {
Qutput:num}. "

48

19 promptVotingScoring="Based on the subtext generated and the

conversation history provided, output a score corresponding to

the likelihood that the subtext is the true subtext of the next
speaker. Output this score as a number from 1 to 10 as {Output:

numl}. "

52 #or can include a newly formatted prompt that just contains relevant
info (does not include the last prompt)

3 #prompt2A="You will be given an excerpt of a conversation that

9]

includes two speakers. It will be formatted as {Speaker 1:
message, Speaker 2: messagel}, followed by {Thought:}. Reply as
the next speaker in the conversation only based on the
conversation history and the subtext thought. Format your reply
as {Speaker X:messagel}. Do not say you are a chatbot. Do not
output any further thoughts."

54 prompt2A="You will be given an excerpt of a conversation between two

speakers. It will be formatted as {Speaker 1: message, Speaker

76



2: messagel}, followed by {Thought:}. Reply as the next speaker in
the conversation only based on the conversation history and the
subtext thought of the speaker replying. Format your reply as {
Speaker X:message}. Do not say you are a chatbot. Do not output

any further thoughts."

ot
3

ut

6 #systemPromptRigged="You will be given an excerpt of a conversation
between two speakers. Format your output as {Output:}. Your task
is to generate the subtext thought that the next speaker is

having, based on the following idea:"

J

ot

promptVotingRiggedChoice="You are a cognitive scientist. Based on
the conversation history, which of these subtexts was the last
speaker most likely thinking before they spoke? Choose the one
that best fits the context. Output a single number corresponding
to the thought you choose. Output this number as {Output:numl}. "
5s promptScoringRiggedScoring="You are a cognitive scientist. Based on
the conversation history and the given subtext, rate how likely
it is that this subtext reflects what the last speaker was
thinking before they spoke. Output a score from 1 (very unlikely)

to 10 (very likely) as {Output:num}"

60

61 all_subtexts_parallel_list=[]# a list of length s (number of
subtexts) containing lists of length n (number of steps)

62 all_subtexts_parallel_list=[promptl,prompt2A]

63 all_subtexts_random_parallel_list=[promptiRandom,prompt2A]

66 #[[promptl (generate subtext)*10], prompt2 (voting), prompt3 (

generate next speaker sentence)]

[«

7 prompts_subtext_votingl=[promptl,promptVoting ,prompt2A]#choice

7



68

69

80

81

82

83

86

88

prompts_subtext_voting2=[promptl,promptVotingScoring ,prompt2A]#

scoring

prompts_subtext_voting3=[promptl,promptVotingRiggedChoice ,prompt2A]#
voting_choice_rigged
prompts_subtext_voting4=[promptl,promptScoringRiggedScoring ,prompt2A

J#voting_scoring_rigged

myDict = {}

myDict ["prompt_singleStep"] = "You will be given an excerpt of a
conversation that includes the next speaker. It will be formatted
as {Speaker 1: message, Speaker 2: messagel}. Reply as the next
speaker in the conversation only. Format your reply as {Speaker
1: message}. Do not say you are a chatbot."

myDict ["prompts_subtext_multiStep"] = all_subtexts_parallel_list

myDict ["prompts_subtext_multiStep_random"] =
all_subtexts_random_parallel_list

myDict ["subtexts"] = selectedSubtexts

myDict ["prompts_subtext_votingl"]=prompts_subtext_votingl

myDict ["prompts_subtext_voting2"]=prompts_subtext_voting2

myDict ["randomSubtextList"] = randomSubtextList

myDict ["prompts_subtext_voting3"] = prompts_subtext_voting3

myDict ["prompts_subtext_voting4"]=prompts_subtext_voting4

exportJSONFile (myDict ,"prompts/promptsC_only4. json")

prompt0ld="You will be given an excerpt of a conversation from the

point of view of one speaker. Your task is to reply as the other

speaker in the conversation. Reply as a human in the conversation

not a chatbot."
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89

90

91

92 #instead we want prompts to be structured like this:

93 #[[promptl (generate subtext)*10], prompt2 (voting), prompt3 (
generate next speaker sentence)]

94 }

A.3 Dataset filtering and setup

I import pandas as pd

N

import numpy as np

3 import json

4 import matplotlib.pyplot as plt

5 from datasetUtilities import createDataset ,exportJSONFile

6 import csv

~

s df = pd.read_csv(’decoding_df_798_final_notasks.csv’)

print (df . columns)

10

11

12 sentence=df ["sentence"]

13 corrupted=df ["corrupted"]

14 speaker=df ["speaker"]

15 conv_name=df ["conversation_name"]

16

19 onsets=df ["onsets"]

20 offsets=df ["offsets"]

22 gap_time = np.zeros(len(onsets)) # Convert gap_time to a NumPy
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23

24

30

39

40

41

43

array
for i in range(len(onsets)):
if i == 0:

0 # or some default value

gap_time [i]

else:

gap_time [i] onsets[i] - offsets[i - 1]
print (gap_time [0:5])

print (len(gap_time))

N=1len (speaker)#length of dataset

switchConvo = np.zeros(N, dtype=object)

#segmenting data into "two speaker segments", and also segmenting
out corrupted segments

#get first two unique speakers

lastTwoSpeakers, index=np.unique (speaker ,return_index=True)

lastTwoSpeakers=lastTwoSpeakers [np.argsort (index)]

lastTwoSpeakers=1list(lastTwoSpeakers) [:2]

print (lastTwoSpeakers)

for i in range(len(sentence)):
curSpeaker=speaker [i]
#keep track of last two speakers, add new segment if one of them
changes and update lastTwoSpeakers
if (curSpeaker not in lastTwoSpeakers):
prevSpeaker=speaker [i-1]
lastTwoSpeakers.clear ()
lastTwoSpeakers.append (prevSpeaker)
lastTwoSpeakers.append (curSpeaker)

switchConvo [i]=1
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60

61

63

64

66

67

68

69

71

~
N

73

80

#print ("switch speaker" + str(i))
#print (curSpeaker)

#print (lastTwoSpeakers)

#segment out corrupted data
if (corrupted[i]==1):

switchConvo[i]=1
if (i !'= 0):

if (corrupted[i-1]==1):

switchConvo [i]=1

if (conv_name[i]!=conv_name[i-1]) :#add new segment if

conversation as labelled in data changes

switchConvo [i]=1

#all the indicies where a new segment starts
start_indices = np.where(switchConvo == 1) [0]

start_indices =np.insert(start_indices ,0,0)

# Create masks for each segment

masks = []

for i, start in enumerate(start_indices):
# Determine the end of the segment (either next start index or
end of array)
end = start_indices[i+1] if i+1 < len(start_indices) else len(
switchConvo)
# Create a mask for the segment
mask = np.zeros_like(switchConvo, dtype=bool)

mask [start:end] = True

#remove corrupted segments
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84

88

90

91

93

94

96

98

99

100

101

102

103

104

106

107

if (corrupted[start]==False):

masks . append (mask)

5 #segmenting data into segments based on masks

; sentenceSegments = [sentence[mask] for mask in masks] # masked

sentences

speakerSegments = [speaker [mask] for mask in masks] # masked speaker
labels
gap_timeSegments = [gap_time[mask] for mask in masks] # masked gap
times

overallConversation=1[]

overallGapTimes=[]

2 #checking for corrupted segments

print ("Checking for corrupted segments")

corruptedSegments = [corrupted[mask] for mask in masks]

5 for i in range(len(corruptedSegments)):

if (corruptedSegments[i].any()):

print("missed corrupted segment!!!")

#finding the percentage of the sentences spoken by the speaker that
talks the most in each conversation

percentageSpeak=1[]

for i in range(len(speakerSegments)):
percentageSpeak.append (speakerSegments [i].value_counts(normalize

=True) .max ())

plt.figure(figsize=(10, 6))
plt.hist(percentageSpeak, bins=30, edgecolor=’black’)
plt.xlabel (’Percentage Spoken’)

plt.ylabel (’Frequency’)

82



108

109

110

111

2

116

118

119

121

123

125

129

130

131

134

plt.title(’Histogram of percentageSpeak-percentage of sentences

spoken by the speaker that talks the most in each conversation’)

plt.show ()

plt.savefig(’percentageSpeak.png’)

#joining sentences from each speaker into conversational turmns, and

formatting data to input to createDataset function

for i in range(len(sentenceSegments)):

#if conversation dominated by one speaker skip it

if (speakerSegments[i].value_counts(normalize=True) .max() >

0.75) :

continue

sentenceSegment=1ist (sentenceSegments [i])

speakerSegment=1ist (speakerSegments[i])

gap_timeSegment=1list(gap_timeSegments[i])

prevSpeaker=speakerSegment [0] #get initial speaker

curUtterance=""

conversationHistory=[]

gapTimeHistory=[]

for j in range(len(sentenceSegment)):

#if speaker changes,

to conversation history

add utterance so far from prev speaker

if (prevSpeaker!=speakerSegment[j]):

conversationHistory.append(curUtterance)

curUtterance=""

curGapTime=gap_timeSegment [j]

gapTimeHistory.append (curGapTime)

#add next sentence to current uttranace (add a space if not

the first sentence)
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136

139

140

141

143

145

146

148

149

158

159

160

161

162

163

164

if j1=0:
curUtterance=curUtterance+ " " + sentenceSegment[j]
else:
curUtterance=sentenceSegment [j]
gapTimeHistory.append (0)#add O gap time for first

sentence

#updating the previous speaker

prevSpeaker=speakerSegment [j]
if gapTimeHistory:

gapTimeHistory.pop() # Remove the last entry of
gapTimeHistory
overallConversation.append(conversationHistory)

overallGapTimes.append(gapTimeHistory)

print (len(overallGapTimes [0]))

print (len(overallConversation[0]))

s #shows how many conversations were filtered out

print ("Num conversations before:")
print (len(sentenceSegments))
print ("Num conversations after:")

print (len(overallConversation))

#plotting number of conversational turns in each conversation

conversationalTurns=1[]

for i in overallConversation:
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165

166

167

168

169

180

185

189

190

191

conversationalTurns.append (len(i))

plt.figure(figsize=(10, 6))

plt.hist(conversationalTurns, bins=30, edgecolor=’black’)

plt.xlabel (’Number of conversational turns’)

plt.ylabel (’Frequency’)

plt.title(’Histogram of number of conversational turns in each
conversation’)

plt.show ()

plt.savefig(’conversationlLengths.png’)

print ("Average number of conversational turns:", np.mean(

conversationalTurns))

#creating correctly formatted datasets
references=1ist ()

labels=1ist ()

references2=1ist ()

labels2=1ist ()

max_num_turns=15

references ,labels=createDataset (overallConversation,1,max_num_turns
-1)

references2 ,labels2=createDataset (overallConversation,b2,
max_num_turns -2)

references3,labels3=createDataset (overallConversation,3,
max_num_turns -3)

referencesb,labelsb5=createDataset (overallConversation,5,
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192

193

194

195

196

197

198

199

203

205

206

208

209

max_num_turns -5)

references10,labelslO=createDataset (overallConversation,10,
max_num_turns -10)

referencesl15,labelsl5=createDataset (overallConversation, 15,

max_num_turns -15)

referencesGapTimes15,labelsGapTimesi5=createDataset (overallGapTimes

,15,max_num_turns -15)

references3_extra,labels3_extra=createDataset (overallConversation
’3:3_3)
referencesGapTimes3_extra,labelsGapTimes3_extra=createDataset (

overallGapTimes ,3,3-3)

print ("Number of label sentences: " + str(len(labels)))

2 print ("labels identical:")

print (labelsl0==1abels15)
print (labelsb==1abels10)
print (labels3==1abelsb)
print (labels2==1abels3)

print (labels==1labels2)

exportJSONFile (references ,labels,"lab_data_no_tasks_one_turn. json")

exportJSONFile (references2,labels2,"lab_data_no_tasks_two_turn. json"
)

exportJSONFile (references3,labels3,"lab_data_no_tasks_three_turn.
json")

exportJSONFile (references5,labels5,"lab_data_no_tasks_five_turn. json

Il)

213 exportJSONFile (references10,labels10,"lab_data_no_tasks_ten_turn.

json")
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214

IN]
w

V)

16

217

exportJSONFile (references15,labels15,"lab_data_no_tasks_fifteen_turn

.json")

exportJSONFile (referencesGapTimes15,labelsGapTimes15 ,"

lab_data_no_tasks_gap_times_fifteen_turn. json")

215 exportJSONFile (references3_extra,labels3_extra,"

~

10

12

14

lab_data_no_tasks_three_turn_extra.json")
exportJSONFile (referencesGapTimes3_extra,labelsGapTimes3_extra,"

lab_data_no_tasks_gap_times_three_turn_extra.json")

print (len(labelsGapTimes3_extra))

import json

#formats the dataset for inference
#input is structured by conversation and then conversational turns
#turnCount is num of prev. conversational turns to include
#startPoint is used to make sure different datasets have the same
references e.g. if startPoint=0, one turn would have more data
than two turn (one sentence for each conversation)
def createDataset (dataset,turnCount,startPoint=0):
_prompts=1ist ()

_references=1ist ()

#for each conversation

for i in range (len(dataset)):
excerpt=dataset [i]
#for all sentence sequences we can use
if len(excerpt)<turnCount+1:

continue

for j in range (startPoint,len(excerpt)-turnCount):
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30

32

36

44

46

48

prompt=""

#add current speaker to prompt string (assumes
alternating speakers)
for k in range (0, turnCount):
speakerNum=k %2 + 1

prompt = prompt + "Speaker + str(speakerNum) +

" + str(excerpt[j+k])

if k!=turnCount-1:

prompt=prompt +

#use next utterance as the reference

reference=excerpt [j+turnCount]

_prompts.append (prompt)

_references.append(reference)

return _prompts, _references

def exportJSONFile(_prompts,_references,fileName) :

myDict = {}

myDict ["references"] = _prompts

myDict ["labels"] = _references

json_object = json.dumps(myDict)

with open(fileName, "w") as outfile:

outfile.write(json_object)
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11

16
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19

24

N
ot
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~

A4

import
import
import
import

import

Inference generation

torch

time, subprocess, argparse, json, re, math
accelerate.utils

numpy as np

pandas as pd

from transformers import AutoModelForCausallLM, AutoTokenizer,

AutoModel

from evaluate import load

from pathlib import Path

from datetime import datetime

import
import

import

oS

math

random

from inference import generatelInference

5 from distutils.util import strtobool

def str2bool(v):

return bool (strtobool(v)) # Converts "true"/"false", "yes"/"mno

n
>

"1"/"0" to boolean

numSamplesTotal=200

def getSimilarityResults(_references,_labels, sys_prompt, model,

tokenizer , bertscore, modelType="Llama8B", bertscore_model="

distilbert -base-uncased", _temperature=1.0):

#perform inference and get similarity results through BERTscore
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39

40

42

#SET UP PROMPTS
#0ther prompt: You will be given an excerpt of a conversation
from the point of view of one speaker. Your task is to reply as
the other speaker in the conversation. Reply as a human in the
conversation not a chatbot.
myinput=1[]
for i in range (0,len(_references)):

myinput.append ([{"role": "system", "content": sys_prompt}, {
"role": "user", "content": _references[il]l}] )
#getting next sentence and outputting similarity results
gen_text=generateInference (myinput, model, tokenizer, modelType,
_temperature=_temperature)
print ("Generated text: with tempeature " + str(_temperature))
results = bertscore.compute (predictions=gen_text, references=

_labels, model_type=bertscore_model)

return results[’f1°’], gen_text

def getSimilarityResultsMultiStep(_references,_labels, sys_prompt,

model , tokenizer, bertscore, modelType="Llama8B", bertscore_model
="distilbert-base-uncased") :

#perform inference and get similarity results through BERTscore

#SET UP PROMPTS
promptl=sys_prompt [0]

prompt2=sys_prompt [1]

myinput=[]
for i in range (0,len(_references)):
myinput.append ([{"role": "system", "content": promptll}, {"

role": "user", "content": _references[il}] )
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60

61

64

66

68

69

70

gen_textl=generateInference (myinput, model, tokenizer, modelType
)#subtext thought
gen_textl = [re.sub("Thought:", "",i,3) for idx, i in enumerate(

gen_textl)]

myinput=1[]
for i in range (0,len(_references)):

myinput.append ([{"role": "system", "content": prompt2}, {"
role": "user", "content": _references[i] + "Thought: " +

gen_textl[i] D

gen_text2=generateInference (myinput, model, tokenizer , modelType
J#final output (generated speaker sentence(s))
gen_text2 = [re.sub("Speaker [0-9]:", "",i,3) for idx, i in

enumerate (gen_text2)]

results = bertscore.compute(predictions=gen_text2, references=

_labels, model_type=bertscore_model)

return results[’f1’], gen_textl, gen_text2

def getSimilarityResultsMultiStepRandomThought (_references,_labels,

sys_prompt , model, tokenizer, bertscore, modelType="Llama8B",
bertscore_model="distilbert-base-uncased",random_thought_list=
None) :

#perform inference and get similarity results through BERTscore

#SET UP PROMPTS

promptl=sys_prompt [0]

prompt2=sys_prompt [1]
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73 myinput=[]

7 for i in range (0,len(_references)):

75 myinput.append ([{"role": "system", "content": promptll}, {"
role": "user", "content": _references[ill}] )

76

77 #gen_textl = ["no actual thought"] * len(_references) # Create

an empty array of the same length as _references

79 if random_thought_list is not None:

80 if len(random_thought_list) >= len(_references):

81 gen_textl = random.sample(random_thought_list, k=len(
_references))

82 else:

83 gen_textl = random.choices(random_thought_list, k=len(

_references))

84 myinput =[]

85 for i in range (0,len(_references)):

86 myinput.append ([{"role": "system", "content": prompt2}, {"
role": "user", "content": _references[i] + "Thought: " +

gen_textl[i] D

88

89 gen_text2=generateInference (myinput, model, tokenizer, modelType
J#final output (generated speaker sentence(s))

90 gen_text2 = [re.sub("Speaker [0-9]:", "",i,3) for idx, i in
enumerate (gen_text2)]

91

92 #gen_text2=gen_textl

93 results = bertscore.compute(predictions=gen_text2, references=
_labels, model_type=bertscore_model)

94

95 return results[’f1’], gen_textl, gen_text2
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96

99

100

101

102

103

104

105

106

107

108

109

110

112

114

116

118

119

: def getSimilarityResultsVoteChoice(_references,_labels, sys_prompt,

subtexts, model, tokenizer, bertscore, modelType="Llama8B",
bertscore_model="distilbert -base-uncased"):

#perform inference and get similarity results through BERTscore
##[[promptl (generate subtext)*10], prompt2 (voting), prompt3 (

generate next speaker sentence)]

#SET UP PROMPTS
promptl=sys_prompt [0] #list of subtext prompts
prompt2=sys_prompt [1] # voting prompt

prompt3=sys_prompt [2] # generate next speaker sentence

#generating subtext thoughts
#want to keep the references size, so generate along the other
column and then reshape the array
gen_text_thoughts=1[]
for i in range (0,len(promptil)):

myinput=1[]

for j in range (0,len(_references)):

myinput.append ([{"role": "system", "content": promptl[i

1}, {"role": "user", "content": _references([jl}] )

gen_textl=generateInference (myinput, model, tokenizer,
modelType) #subtext thought

gen_textl = [re.sub("Thought:", "",i,3) for idx, i in
enumerate (gen_textl)]

gen_text_thoughts.append(gen_textl)

# Transpose the list of lists

gen_text_thoughts = list(map(list, zip(*gen_text_thoughts)))

#output should be a list of lists (x is reference, y is different
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121

123

131

133

139

140

142

143

144

subtext prompts)

print ("Gen thoughts shape:")
print (len(gen_text_thoughts))
print (len(gen_text_thoughts [0]))

#voting

for i in range(len(gen_text_thoughts)):#this should be length
references

#create the list of sutexts to choose from

thoughtList =[]

thoughtPrompt = "\n".join([f"{idx+1}. {thoughtl}" for idx,

thought in enumerate (subtexts)])

myinput=[]

for i in range (0,len(_references)):

myinput .append ([{"role": "system", "content": prompt2},
{"role": "user", "content": "Conversation History: " +
_references[i] + "Thought options: " + thoughtPrompt } 1)

gen_text2=generateInference (myinput, model, tokenizer, modelType
,_temperature=0.0)#result of voting (should just be a single

number)

#need to select which one was voted for
voted_thought=[]
numErrors=0
for i in range (len(gen_text_thoughts)):
parsedString=None
match = re.search(r’Output:\s*(\d+)’, gen_text2[i])
if match:
parsedString = match.group (1)

else:
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149

160

161

162

163

164

165

166

167

168

match = re.search(r’\d+’, gen_text2[i])
if match:
parsedString = match.group (0)
else:
print ("Error: no number found in the output: " +
gen_text2[il])
parsedString = "1" # default to "1" if no match is
found

numErrors+=1

if int(parsedString) > len(gen_text_thoughts[i]):
print ("Error: number found is greater than the number of
thoughts. The gen_text was: " + gen_text2[il)
parsedString = "1"
if int(parsedString) < 1:
print ("Error: number found is less than 1, which is not
a valid option. The gen_text was: " + gen_text2[i])
parsedString = "1"

voted_thought.append(int (parsedString) - 1)

print ("Number of errors in voting in this batch: " + str(
numErrors))
#need to generate the next speaker sentence based on thought

like before

myinput=1_[]
for i in range (0,len(_references)):

myinput.append ([{"role": "system", "content": prompt3}, {"
role": "user", "content": _references[i] + "Thought: " +

gen_text_thoughts[i] [voted_thought[i]l]l } 1)

gen_text3=generateInference (myinput, model, tokenizer, modelType
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169

176

180

182

183

184

186

188

189

190

191

J#final output (generated speaker sentence(s))
gen_text3 = [re.sub("Speaker [0-9]:", "",i,3) for idx, i in

enumerate (gen_text3)]

results = bertscore.compute (predictions=gen_text3, references=

_labels, model_type=bertscore_model)

return results[’f1°’], gen_text_thoughts, gen_text2, gen_text3,

voted_thought

5 def getSimilarityResultsVoteScoring(_references,_labels, sys_prompt,

subtexts , model, tokenizer, bertscore, modelType="Llama8B",
bertscore_model="distilbert -base-uncased"):

#perform inference and get similarity results through BERTscore
##[[promptl (generate subtext)*10], prompt2 (voting), prompt3 (

generate next speaker sentence)]

#SET UP PROMPTS
promptl=sys_prompt [0] #list of subtext prompts
prompt2=sys_prompt [1] # scoring prompt

prompt3=sys_prompt [2] # generate next speaker sentence

#generating subtext thoughts and then scoring them
#want to keep the references size, so generate along the other
column and then reshape the array
gen_text_thoughts=[]
for i in range (0,len(promptl)):

myinput=[]

for j in range (0,len(_references)):

myinput.append ([{"role": "system", "content": promptl[i

1}, {"role": "user", "content": _references[jl}] )

gen_textl=generateInference (myinput, model, tokenizer,
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193

194

195

196

197

198

199

200

201

202

203

204

205

206

207

208

209

modelType)#subtext thought

gen_textl = [re.sub("Thought:", "",i,3) for idx, i in
enumerate (gen_textl)]

gen_text_thoughts.append(gen_textl)
gen_text_thoughts = list(map(list, zip(*gen_text_thoughts))) #
Transpose the list of lists, output should be a list of lists (x
is reference, y is different subtext prompts)
print ("Gen thoughts shape:")
print (len(gen_text_thoughts))

print (len(gen_text_thoughts [0]))

#voting - instead of inputting the whole thought options,
evaluate all the thought options separately with a probability/
score, parse the score and then choose the vote with the highest

score

#generating scores for each subtext

gen_text_scores=[]

for i in range (0,len(promptil)):
myinput=1[]

for j in range (0,len(_references)):

myinput.append ([{"role": "system", "content": prompt2},
{"role": "user", "content": "Conversation History: " +
_references[j] + "Subtext: " + subtexts([i] }] )

gen_text2=generateInference (myinput, model, tokenizer,
modelType , _temperature=0.0)

gen_text_scores.append(gen_text2)

gen_text_scores = list(map(list, zip(*gen_text_scores))) #
Transpose the list of lists, output should be a list of lists (x
is reference, y is different subtext prompts)

print ("Gen scores shape:")

97



216

219

226

229

230

print (len(gen_text_scores))

print (len(gen_text_scores [0]))

#parsing the list of scores to get the best thought for each
reference

all_subtext_scores=[]#contains all the scores for all references
for each subtext

best_score_values=[]
best_scored_thoughts=[0]*len(gen_text_scores)

best_score_indexes=[]

numErrors=0
for i in range(len(gen_text_scores)):#this should be length
reeigemniclels

subtext_scores=[]

for j in range(len(gen_text_scores[i])):#this should be
length subtexts
parsedString=None
match=None
match = re.search(r’Output:\s*(\d+)’, gen_text_scores[i
103D
if match:
parsedString = match.group (1)
else:
match = re.search(r’\d+’, gen_text_scores[i][j])
if match:
parsedString = match.group (0)
else:
print ("Error: no number found in the output: " +
gen_text_scores[i]1[j])

parsedString = "1" # default to "1" if no match
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242

246

248

249

251

258

259

260

261

262

is found

numErrors+=1

subtext_scores.append(int (parsedString))

#get the max of the subtext scores
max_score=max (subtext_scores)

max_score_index=subtext_scores.index(max_score)

all_subtext_scores.append(subtext_scores)
best_score_values.append (max_score)
best_scored_thoughts[i]=gen_text_scores[i] [max_score_index]

best_score_indexes.append(max_score_index)

print ("Number of errors in parsing scores in this batch: " + str

(numErrors))

#need to generate the next speaker sentence on the thought that
is evaluated to be the best one
myinput=[]

for i in range (0,len(_references)):

myinput.append ([{"role": "system", "content": prompt3}, {"
role": "user", "content": "Conversation History: " + _references]|
i] + "Thought: " + best_scored_thoughts[i] }] )

gen_text3=generateInference (myinput, model, tokenizer, modelType
J#final output (generated speaker sentence(s))
gen_text3 = [re.sub("Speaker [0-9]:", "",i,3) for idx, i in

enumerate (gen_text3)]
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266

267

268

269

276

280

284

print (len(gen_text3))
results = bertscore.compute(predictions=gen_text3, references=

_labels, model_type=bertscore_model)

return results[’f1’], gen_text_thoughts, gen_text_scores,
gen_text3, best_score_indexes, all_subtext_scores,

best_score_values

def getSimilarityResultsVoteChoiceRigged (_references,_labels,

sys_prompt, subtexts, model, tokenizer, bertscore, modelType="
Llama8B", bertscore_model="distilbert-base-uncased"):

#perform inference and get similarity results through BERTscore
##[[promptl (generate subtext)*10], prompt2 (voting), prompt3 (

generate next speaker sentence)]

#SET UP PROMPTS

promptl=sys_prompt [0] #list of generation of thought prompts
inc. subtexts

prompt2=sys_prompt [1] # voting prompt (rigged)

prompt3=sys_prompt [2] # generate next speaker sentence

for i in range(len(_references)):#this should be length
references
#create the list of subtexts to choose from
thoughtList=[]
thoughtPrompt = "\n".join([f"{idx+1}. {thought}" for idx,

thought in enumerate (subtexts)])

myinput=1[]
for i in range (0,len(_references)):
myinput.append ([{"role": "system", "content": prompt2},

{"role": "user", "content": "Conversation History: " +
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_references[i] + "Last Speaker: " + _labels[i] + "Thought options

" + thoughtPrompt } 1)

I§)
0
o

286 gen_text2=generateInference (myinput, model, tokenizer, modelType

, _temperature=0.0)#result of voting (should just be a single

number)
287
288 #need to select which one was voted for
289 voted_thought=[]
290 nunErrors=0

201 for i in range (len(_references)):

292 parsedString=None

203 match = re.search(r’Output:\s*(\d+)’, gen_text2[il])

294 if match:

295 parsedString = match.group (1)

296 else:

297 match = re.search(r’\d+’, gen_text2[i])

298 if match:

299 parsedString = match.group (0)

300 else:

301 print ("Error: no number found in the output: " +

gen_text2[il])

302 parsedString = "1" # default to "1" if no match is
found

303 numErrors+=1

304

305 if int(parsedString) > len(promptl):

306 print ("Error: number found is greater than the number of
thoughts. The gen_text was: " + gen_text2[il])

307 parsedString = "1"

308 if int(parsedString) < 1:

309 print ("Error: number found is less than 1, which is not
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311

313

314

316

319

330

a valid option. The gen_text was: " + gen_text2[i])
parsedString = "1"

voted_thought.append(int (parsedString) - 1)

print ("Number of errors in voting in this batch: " + str(
numErrors))
#need to generate the next speaker sentence based on thought

like before

# Generate thoughts based on voted_thought directly in batches
gen_text_thoughts = [["no thoughts"] * len(sys_prompt[0]) for _
in range(len(_references))]
batch_inputs = []
for i in range(len(_references)):

voted_thought_index = voted_thought[i]

batch_inputs.append ([{"role": "system", "content":

sys_prompt [0] [voted_thought_index]},

{"role": "user", "content": _references
(i131)
# Perform batch inference
batch_gen_texts = generateInference(batch_inputs, model,

tokenizer , modelType)

# Update gen_text_thoughts with the generated results
for i, gen_text in enumerate(batch_gen_texts):

#print (gen_text)

voted_thought_index = voted_thought [i]

gen_text_thoughts[i] [voted_thought_index] = re.sub("Thought:
TR

, , gen_text, 3)

print ("Generated thoughts based on voted_thought.")
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334

335 myinput=[]

336 for i in range (0,len(_references)):

337 myinput.append ([{"role": "system", "content": prompt3}, {"
role": "user", "content": _references[i] + "Thought: " +

gen_text_thoughts[i] [voted_thought [i]] } 1)

339 gen_text3=generateInference (myinput, model, tokenizer, modelType
J#final output (generated speaker sentence(s))

340 gen_text3 = [re.sub("Speaker [0-9]:", "",i,3) for idx, i in
enumerate (gen_text3)]

341

342 results = bertscore.compute(predictions=gen_text3, references=
_labels, model_type=bertscore_model)

343

344 return results[’f1’], gen_text_thoughts, gen_text2, gen_text3,

voted_thought

346

3a7 def getSimilarityResultsVoteScoringRigged(_references,_labels,
sys_prompt ,subtexts, model, tokenizer, bertscore, modelType="
Llama8B", bertscore_model="distilbert-base-uncased"):

348 #perform inference and get similarity results through BERTscore

349 ##[[promptl (generate subtext)*10], prompt2 (voting), prompt3 (
generate next speaker sentence)]

350

351 #SET UP PROMPTS

352 promptl=sys_prompt [0] #list of subtext prompts

353 prompt2=sys_prompt [1] # scoring prompt

354 prompt3=sys_prompt [2] # generate next speaker sentence
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360

361

362

363

364

365

366

367

368

369

370

374

#voting - instead of inputting the whole thought options,
evaluate all the thought options separately with a probability/
score, parse the score and then choose the vote with the highest

score

#generating scores for each subtext

gen_text_scores=[]

for i in range (0,len(promptl)):
myinput=1[]

for j in range (0,len(_references)):

myinput.append ([{"role": "system", "content": prompt2},
{"role": "user", "content": "Conversation History: " +
_references[j] + ". Last Speaker: " + _labels[j] + ". Subtext
Thought: " + subtexts([i] }] )

gen_text2=generateInference (myinput, model, tokenizer,
modelType, _temperature=0.0)

gen_text_scores.append(gen_text2)

gen_text_scores = list(map(list, zip(*gen_text_scores))) #
Transpose the list of lists, output should be a list of lists (x
is reference, y is different subtext prompts)

print ("Gen scores shape:")

print (len(gen_text_scores))

print (len(gen_text_scores [0]))

#parsing the list of scores to get the best thought for each
reference

all_subtext_scores=[]#contains all the scores for all references
for each subtext

best_score_values=[]
best_scored_thoughts=[0]*len(gen_text_scores)

best_score_indexes=[]
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378

379 numErrors=0

380 for i in range(len(gen_text_scores)):#this should be length
references

381 subtext_scores=[]

383 for j in range(len(gen_text_scores[i])) :#this should be

length subtexts

384 parsedString=None

385 match=None

386 match = re.search(r’0Output:\s*(\d+)’, gen_text_scores[i
103D

387 if match:

388 parsedString = match.group (1)

389 else:

390 match = re.search(r’\d+’, gen_text_scores[i][j])

391 if match:

392 parsedString = match.group (0)

393 else:

394 print ("Error: no number found in the output: " +

gen_text_scores[i]1[j])

395 parsedString = "1" # default to "1" if no match
is found

396 numErrors+=1

397

398 subtext_scores.append(int (parsedString))

399

400

401 #get the max of the subtext scores

402 max_score=max (subtext_scores)

103 max_score_index=subtext_scores.index(max_score)
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405

106

407

408

409

416

419

420

422

426

428

429

all_subtext_scores.append(subtext_scores)
best_score_values.append(max_score)
best_scored_thoughts[i]l=gen_text_scores[i] [max_score_index]

best_score_indexes.append(max_score_index)

print ("Number of errors in parsing scores in this batch: " + str

(numErrors))

# Generate thoughts based on voted_thought directly
# Generate thoughts based on voted_thought directly in batches

gen_text_thoughts = [["no thoughts"] * len(sys_prompt[0]) for _
in range(len(_references))]
batch_inputs = []
for i in range(len(_references)):

voted_thought_index = int(best_score_indexes[i]) # Ensure
it’s an integer

batch_inputs.append ([{"role": "system", "content":

sys_prompt [0] [voted_thought_index]},

{"role": "user", "content": _references
(il131D
# Perform batch inference
batch_gen_texts = generateInference(batch_inputs, model,

tokenizer , modelType)

# Update gen_text_thoughts with the generated results
for i, gen_text in enumerate(batch_gen_texts):
#print (gen_text)
voted_thought_index = best_score_indexes[i]
gen_text_thoughts[i] [voted_thought_index] = re.sub("Thought:
", "", gen_text, 3)

print ("Generated thoughts based on voted_thought.")
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130

136

139

140

141

443

144

146

448

149

#need to generate the next speaker sentence on the thought that
is evaluated to be the best one
myinput=1[]

for i in range (0,len(_references)):

myinput.append ([{"role": "system", "content": prompt3}, {"
role": "user", "content": "Conversation History: " + _references]|[
i] + "Thought: " + gen_text_thoughts[i] [best_score_indexes[i]] 1}]

)

gen_text3=generateInference (myinput, model, tokenizer, modelType
J#final output (generated speaker sentence(s))
gen_text3 = [re.sub("Speaker [0-9]:", "",i,3) for idx, i in

enumerate (gen_text3)]

print (len(gen_text3))
results = bertscore.compute (predictions=gen_text3, references=

_labels, model_type=bertscore_model)

return results[’f1’], gen_text_thoughts, gen_text_scores,
gen_text3, best_score_indexes, all_subtext_scores,

best_score_values

#want this to be the ame for all prompting types

def performAnalysisOnWholeData(references,blabels, sys_prompt,

prompting_type, model_name, model, tokenizer, bertscore,
shuffled_indices ,subtexts=None, _temperature=1.0,

random_thought_list=None):
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160

461

162

463

164

165

466

468

batchSize=20

batchNum=math.ceil (len(references)/batchSize)

results_dict = {
"reference": references,

"label": labels,

if prompting_type != "multi_parallel":
results_dict ["gen_speech"]= []

results_dict ["bertscore"]= []

if prompting_type == "voting_score" or prompting_type ==

voting_choice" or prompting_type == "voting_choice_rigged" or

prompting_type == "voting_score_rigged":
results_dict["gens_thoughts"] = []
results_dict ["gens_vote"] = []
results_dict ["voted_thoughts_parsed"]
results_dict["voted_thoughts_true"] =

results_dict["gen_for_voted_thought"]

(]
(]
= [1

results_dict ["subtext_for_voted_thoughts"] = []

for i in range(batchNum):

start=batchSizex*i

end = len(references) if i ==
(i + 1)
if prompting_type == "single":

batch_scores, batch_gens_speech =

(

batchNum - 1 else batchSize *

getSimilarityResults (references[start:end], labels(

start:end], sys_prompt, model, tokenizer,

_temperature=_temperature)

108
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180

186

189

490

191

194

495

196

197

)
if prompting_type == "multi_parallel":
for p in range(len(sys_prompt [0])):
print (f"Running for subtext {p}")

batch_prompt=[sys_prompt [0] [p],sys_prompt [1]]

if random_thought_list is None:
batch_scores, batch_gens_thought,
batch_gens_speech = (
getSimilarityResultsMultiStep(references|[
start:end], labels[start:end], batch_prompt, model, tokenizer,
bertscore, model_name)
)
IS
batch_scores, batch_gens_thought,
batch_gens_speech = (
getSimilarityResultsMultiStepRandomThought (
references [start:end], labels[start:end], batch_prompt, model,
tokenizer , bertscore, model_name, random_thought_list=
random_thought_list)
)
results_dict.setdefault (f"subtext{p}", []).extend ([
subtexts [p]l]*(end-start))#may need to expand this by batch size
results_dict.setdefault (f"gen_thought{p}", [1).
extend (batch_gens_thought)
results_dict.setdefault (f"gen_speech{p}", []).extend
(batch_gens_speech)
results_dict.setdefault (f"bertscore{p}", []).extend(

batch_scores)

elif prompting_type == "voting_score':

batch_scores, batch_gens_thought, batch_gens_vote,
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198

199

500

504

506

507

508

509

510

batch_gens_speech, batch_voted_thought, batch_all_subtext_scores,
batch_best_score_values = (
getSimilarityResultsVoteScoring(references[start:end
], labels[start:end], sys_prompt, subtexts, model, tokenizer,
bertscore, model_name)
)
elif prompting_type == "voting_choice":
batch_scores, batch_gens_thought, batch_gens_vote,
batch_gens_speech, batch_voted_thought = (
getSimilarityResultsVoteChoice (references[start:end
], labels[start:end], sys_prompt, model, tokenizer, bertscore,
model_name)
)
elif prompting_type == "voting_choice_rigged":#
batch_scores, batch_gens_thought, batch_gens_vote,
batch_gens_speech, batch_voted_thought = (
getSimilarityResultsVoteChoiceRigged (references|[
start:end], labels[start:end], sys_prompt, subtexts, model,
tokenizer , bertscore, model_name)
)
elif prompting_type == "voting_score_rigged":
batch_scores, batch_gens_thought, batch_gens_vote,
batch_gens_speech, batch_voted_thought, batch_all_subtext_scores,
batch_best_score_values = (
getSimilarityResultsVoteScoringRigged(references [
start:end], labels[start:end], sys_prompt, subtexts, model,

tokenizer , bertscore, model_name)

)
if prompting_type == "voting_choice" or prompting_type == "
voting_score" or prompting_type == "voting_choice_rigged" or
prompting_type == "voting_score_rigged":
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519

520

voted_thoughts_strings = [batch_gens_thought[i][
voted_thought] for i, voted_thought in enumerate (
batch_voted_thought)]

voted_thoughts_subtext = [subtexts[i] for i in

batch_voted_thought]

results_dict.setdefault ("gens_thoughts", []).extend(
batch_gens_thought)

results_dict.setdefault ("gens_vote", []).extend(
batch_gens_vote)#for scoring choice this is the list of generated

scores

if prompting_type=="voting_score" or prompting_type=="

voting_score_rigged":
results_dict.setdefault ("gens_vote_unshuffled", []).

extend (unshuffleArray (batch_gens_vote, shuffled_indices))

results_dict.setdefault("voted_thoughts_parsed", []).

extend (batch_voted_thought)

# Undo the shuffling for subtexts, gens_thoughts,
voted_thoughts

reverse_mapping =shuffled_indices #map from
order in shuffled array to order in original array

# Apply the reverse mapping to restore the original
order

test_array=[shuffled_indices for _ in range (len(
batch_gens_thought))]

unshuffled_subtexts=unshuffleArray(test_array,
shuffled_indices)

unshuffled_gens_thoughts=unshuffleArray (
batch_gens_thought, shuffled_indices)

voted_thoughts_true = [reverse_mappingl

batch_voted_thought[i]] for i in range(len(batch_voted_thought))]

111



530

531

536

537

538

539

540

545

546

548

results_dict.setdefault("voted_thoughts_true", []).
extend(voted_thoughts_true)
results_dict.setdefault("gen_for_voted_thought", []).
extend(voted_thoughts_strings)
results_dict.setdefault ("subtext_for_voted_thoughts",
[1).extend(voted_thoughts_subtext)
results_dict.setdefault("gens_thoughts_unshuffled", []).
extend (unshuffled_gens_thoughts)
results_dict.setdefault ("unshuffled_subtexts_indices",
[1).extend (unshuffled_subtexts)
if prompting_type == "voting_score" or prompting_type ==
"voting_score_rigged":#the part that’s unique to voting_scores
results_dict.setdefault ("
all_subtext_scores_unshuffled", []).extend(unshuffleArray(
batch_all_subtext_scores, shuffled_indices))
results_dict.setdefault ("best_score_values", []).
extend (batch_best_score_values)
if prompting_type != "multi_parallel":
results_dict["bertscore"].extend(batch_scores)

results_dict["gen_speech"].extend(batch_gens_speech)

for key, value in results_dict.items():

print (f"{key}: {len(value)l}")

if "results" in results_dict:
results = results_dict["results"]

" + str(np.mean(results)))

print ("Mean result:
print ("Standard deviation results: " + str(np.std(results)))

print ("Number of samples: " + str(len(results)))
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;. def

def

print ("Std deviation of mean: " + str(np.std(results) / np.

sqrt (len(results))))

return results_dict

unshuffleArray (gens_thoughts, shuffled_indices):
temp_arrayl=[]
for i in range(len(gens_thoughts)):
temp_array2=[]
for j in range(len(shuffled_indices)):
index_in_shuffled = shuffled_indices.index(j)
temp_array2.append(gens_thoughts[i] [index_in_shuffled])
temp_arrayl.append (temp_array2)
gens_thoughts=temp_arrayl

return gens_thoughts

main () :

parser = argparse.ArgumentParser (description="Run analysis with
specified model and data.")

parser.add_argument (’--model_name’, type=str, required=True,
help=’Name of the LM to use’)

parser.add_argument (’--data_path’, type=str, required=True, help
=’Path to the data file’)

parser.add_argument (’--prompt_path’, type=str, required=True,
help=’Path to the prompt file’)

parser.add_argument (’--num_shuffles’, type=int, required=True,
help=’Number of random shuffles to do (first set is always not
shuffled) ’)

parser.add_argument (’--prompting_type’, type=str, required=True,

choices=["single","multi_parallel","voting_choice","voting_score
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","voting_choice_rigged"
type:

ot
~

"voting_score_rigged"],
standard or voting’)

help=’Prompting
parser.add_argument (’--temperature’,

type=float,
help=’Temperature of generation sampling’,

required=False,

default=1.0)
parser.add_argument (’--random_subtext’,

type=str, required=False
help=’Whether a set of random subtexts are used’, default="
False")

parser.add_argument (’--random_thought’,

type=str,
help=’Whether a set of random thoughts
False")

580

required=False
are used’,

default="
581 args = parser.parse_args ()
582
583 model_name args.model_name
584 data_path Path(args.data_path)
585 prompt_path Path (args.prompt_path)
586 num_shuffles args.num_shuffles
587 random_shuffle = num_shuffles > 1 #if num_shuffles is 1, don’t
shuffle
588 prompting_type =
589

_temperature =

args.prompting_type
590

args.temperature
random_subtext

591

random_thought

592

str2bool (args.random_subtext)

str2bool (args.random_thought)
593

594 bertscore

595

load("bertscore")

device

#set up device to GPU if available
596

torch.device ("cuda"
cpu n )

if torch.cuda.is_available() else
598

n
print (£"Using device: {devicel}")

599
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608

609

611

612

614

617

618

620

622

#LOADING AND SETTING UP THE MODEL

#set up model id based on model type

if (model_name=="LlamalB"):

model_id = "meta-llama/Llama-3.2-1B-Instruct"

model = AutoModelForCausalLM.from_pretrained(model_id,
torch_dtype=torch.bfloatl6, device_map="auto").to(device)
elif (model_name=="Llama8B"):

model_id = "meta-llama/Llama-3.1-8B-Instruct"

model = AutoModelForCausalLM.from_pretrained(model_id,
torch_dtype=torch.bfloatl6, device_map="auto").to(device)
elif (model_name=="Llama70B"):

model_id ="hugging-quants/Meta-Llama-3.1-70B-Instruct-GPTQ-
INT4"

#model_id = "unsloth/Meta-Llama-3.1-70B-Instruct-bnb-4bit"

model = AutoModelForCausalLM.from_pretrained(model_id,
torch_dtype=torch.floatl16).to(device)

# model = AutoModelForCausallLM.from_pretrained(model_id,
device_map="auto", cache_dir=’/scratch/gpfs/ij9216/cached_models
’) .to(device)

# model = AutoModelForCausallLM.from_pretrained(model_id,
torch_dtype=torch.floatl6, device_map="auto", cache_dir=’/scratch

/gpfs/i1j9216/cached_models’)

print ("TESTING AA1")

tokenizer = AutoTokenizer.from_pretrained(model_id, padding_side
= "left")
tokenizer .pad_token_id = tokenizer.eos_token_id

print ("TESTING AA2")
#print model size

module_sizes = accelerate.utils.compute_module_sizes (model)
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627
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630

631

632

638

639

640

641

642

643

644

645

646

647

648

649

650

653

print (f"The model size is {module_sizes[’’] * 1e-9} GB")

if torch.cuda.is_available():

gpu_id = 0 # or whichever GPU you’re using

total_memory = torch.cuda.get_device_properties(gpu_id).
total_memory

print (f"Total GPU memory: {total_memory / 1024%x3:.2f} GB")

with open(prompt_path, ’r’) as file:

promptsDict = json.load(file)

with open(data_path, ’r’) as file:
data = json.load(file)
#tget the first X datapoints

numSamplesTotal = len(datal["references"])

references=data["references"] [0:numSamplesTotall
labels=data["labels"] [0: numSamplesTotall

print ("dataset " + str(data_path) + " loaded")

subtexts=None
if prompting_type== "single":
prompts=promptsDict ["prompt_singleStep"]
subtexts=None
elif prompting_type== "multi_parallel":
if not random_subtext:
prompts=promptsDict ["prompts_subtext_multiStep"]
subtexts=promptsDict ["subtexts"]
QlEa g
prompts=promptsDict["prompts_subtext_multiStep_random"]

subtexts = promptsDict["randomSubtextList"]
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654 elif prompting_type== "voting_choice":

655 prompts = promptsDict["prompts_subtext_votingl"]
656 subtexts = promptsDict["subtexts"]

657 elif prompting_type== "voting_score':

658 prompts = promptsDict["prompts_subtext_voting2"]
659 subtexts=promptsDict ["subtexts"]

660 elif prompting_type== "voting_choice_rigged":

661 prompts = promptsDict["prompts_subtext_voting3"]

662 subtexts=promptsDict ["subtexts"]

663 elif prompting_type== "voting_score_rigged":

664 prompts = promptsDict["prompts_subtext_votingd"]

665 subtexts=promptsDict ["subtexts"]

666 if random_thought:

667 random_thought_list = pd.read_csv("data/
RandomGens20250409_Llama8B.csv") ["GeneratedText"].tolist ()

668 else:

669 random_thought_list = None

670

671 print (£"Using model: {model_namel}")

672 print (f"Data path: {data_pathl}")

673 print (f"Prompt path: {prompt_pathl}")

674 print (f"Prompting type: {prompting_typel}")

675

676 all_res_dfs = []

678 for shuffle_id in range(l, num_shuffles + 1):

679 original_indices = list(range(len(prompts[0])))

680 shuffled_indices = original_indices/[:]

681 if random_shuffle:

682 if shuffle_id != 1: # don’t shuffle the first time
683 random.shuffle(shuffled_indices)

684 if prompting_type == '"single':
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691
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694

695

696

697

698

699

700

703

706

707

pass
elif prompting_type == "multi_parallel":
prompts [0] = [prompts[0][i] for i in
shuffled_indices]
elif prompting_type == "voting_score':
prompts [0] = [prompts[0][i] for i in
shuffled_indices]
elif prompting_type == "voting_choice":
prompts [0] = [prompts[0][i] for i in
shuffled_indices]
elif prompting_type == "voting_choice_rigged":
prompts [0] = [prompts[0][i] for i in

shuffled_indices]

if subtexts is not None:

subtexts = [subtexts[i] for i in shuffled_indices]

print (prompts)

today_date = datetime.now().strftime("%Y/m%d")

start_time = datetime.now()

results_dict = performAnalysisOnWholeData(references, labels,

prompts, prompting_type,model_name, model, tokenizer, bertscore,

shuffled_indices ,subtexts, _temperature=_temperature,

random_thought_list=random_thought_list)

res_df=pd.DataFrame.from_dict(results_dict)

#almost exactly the same, just need to get reference/label

from csv instead of json file like before
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709 #and then also add another column which says if voted
subtext index matches real subtext index, (i.e. whether
generation was correct

710

711 #also want to do it with multi parallel realistically

713 #can probably handle almost everything within the
performAnalysisOnWholeData function, only the input needs to

change asw

715 res_df .insert (0, ’sample_id’, range(l, numSamplesTotal + 1))
716 res_df .insert (1, ’shuffle_id’, shuffle_id)

717

718 res_df [’shuffle_indices’] = [shuffled_indices] *

numSamplesTotal

719 res_df [’subtexts’] = [subtexts] * numSamplesTotal

720

721 all_res_dfs.append(res_df)

722

723 final_res_df = pd.concat(all_res_dfs, ignore_index=True)
724 print (final_res_df .head ())

726 # Calculate the duration

727 duration = datetime.now() - start_time

728 print (£"Time taken: {duration}")

729
730 # save the df to a csv

731 # filename: file_path _ prompt_file _ prompt index _ model name

date

res_f_name = f'"noramlrand{today_date}_{data_path.stem}_{

a3
©
)

prompt_path.stem}_{model_namel}_{prompting_typel}_shuffle{

num_shuffles}_temp{_temperature}_random{str (random_subtext)}
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_randomThought{str (random_thought)}.csv"

# Check and create the directory
if not os.path.exists("results"):
os.makedirs ("results")

final_res_df.to_csv(f"results/{res_f_namel}")

print (f"Results saved to results/{res_f_namel}")

if __name_ _main__":

main ()

import torch

import time, subprocess, argparse, json, re, math

import accelerate.utils

from transformers import AutoModelForCausallLM, AutoTokenizer,
AutoModel

; from evaluate import load

s #default values from generation_config. json "temperature": 0.6, "

top_p": 0.9,

def generateInference(inputPrompts, model, tokenizer , modelType="

Llama8B",debugTime=False, device=’cuda’,_temperature=0.6):

#tokenizing inputs

texts = tokenizer.apply_chat_template (inputPrompts,
add_generation_prompt=True, tokenize=False)

inputs = tokenizer (texts, padding=True, return_tensors="pt").to(

device)
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temp_texts=tokenizer.batch_decode (inputs["input_ids"],

skip_special_tokens=True)#to see how tokenizer structured input

if debugTime:
#tgenerate inferred next sentence
print ("Starting generation")

start_time = time.time ()

if (modelType=="LlamalB"):
terminators = [
tokenizer.eos_token_id,
tokenizer.convert_tokens_to_ids("<|eot_id|[>")
]
if _temperature==0.0:
gen_tokens = model.generate(
**inputs,
max_new_tokens=50,

pad_token_id=tokenizer.eos_token_id,eos_token_id=

terminators,
do_sample=False,
)
else:
gen_tokens = model.generate (
**inputs,
max_new_tokens=50,
pad_token_id=tokenizer.eos_token_id,eos_token_id=
terminators,
temperature=_temperature,
)
else:

if _temperature==0.0:

gen_tokens = model.generate (
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**inputs,
max_new_tokens=50,
pad_token_id=tokenizer.eos_token_id,

do_sample=False,

)
else:

gen_tokens = model.generate (
**inputs,
max_new_tokens=50,
pad_token_id=tokenizer.eos_token_id,
temperature=_temperature,

)

if debugTime:

print (f"Generation finished, Time: {time.time()-start_timel}"

#decode generated text and remove the prompt

gen_text = tokenizer.batch_decode(gen_tokens,
skip_special_tokens=True)

gen_text = [i[len(temp_texts[idx]):] for idx, i in enumerate(
gen_text)]

return gen_text

import torch

import time, subprocess, argparse, json, re, math

import accelerate.utils

import numpy as np

import pandas as pd

from transformers import AutoModelForCausallLM, AutoTokenizer,
AutoModel

from evaluate import 1load

from pathlib import Path
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from datetime import datetime

import os

import math

import random

from inference import generatelInference

from distutils.util import strtobool

def generateRandomText (_references, sys_prompt, model, tokenizer,

modelType="Llama8B", bertscore_model="distilbert-base-uncased",

_temperature=1.0) :
myinput=1[]

for i in range (0,len(_references)):

myinput.append ([{"role": "system", "content": sys_prompt},

"role": "user", "content": _references[il]l}] )

#getting next sentence and outputting similarity results

{

gen_text=generateInference (myinput, model, tokenizer, modelType,

_temperature=_temperature)

print ("Generated text: with tempeature " + str(_temperature))

return gen_text

def main() :

parser = argparse.ArgumentParser (description="Run analysis with

specified model and data.")
parser.add_argument (’--model_name’, type=str, required=True,
help=’Name of the LM to use’)

args = parser.parse_args ()

model_name = args.model_name
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#set up device to GPU if available

device = torch.device("cuda" if torch.cuda.is_available() else "
cpu")

print (£"Using device: {devicel}")

#LOADING AND SETTING UP THE MODEL

#set up model id based on model type

if (model_name=="LlamalB"):

model_id = "meta-llama/Llama-3.2-1B-Instruct"

model = AutoModelForCausalLM.from_pretrained(model_id,
torch_dtype=torch.bfloatl6, device_map="auto").to(device)
elif (model_name=="Llama8B"):

model_id = "meta-llama/Llama-3.1-8B-Instruct"

model = AutoModelForCausalLM.from_pretrained(model_id,
torch_dtype=torch.bfloatl16, device_map="auto").to(device)
elif (model_name=="Llama70B"):

model_id ="hugging-quants/Meta-Llama-3.1-70B-Instruct-GPTQ-
INT4"

#model_id = "unsloth/Meta-Llama-3.1-70B-Instruct-bnb-4bit"

model = AutoModelForCausalLM.from_pretrained(model_id,
torch_dtype=torch.float16).to(device)

# model = AutoModelForCausallLM.from_pretrained(model_id,
device_map="auto", cache_dir=’/scratch/gpfs/ij9216/cached_models
’) .to(device)

# model = AutoModelForCausallLM.from_pretrained(model_id,
torch_dtype=torch.floatl6, device_map="auto", cache_dir=’/scratch

/gpfs/1j9216/cached_models’)

print ("TESTING AA1")

tokenizer = AutoTokenizer.from_pretrained(model_id, padding_side
= "left")
tokenizer.pad_token_id = tokenizer.eos_token_id
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print ("TESTING AA2")
#print model size
module_sizes = accelerate.utils.compute_module_sizes (model)

print (£"The model size is {module_sizes[’’] * 1e-9} GB")

if torch.cuda.is_available():

gpu_id = 0 # or whichever GPU you’re using

total_memory = torch.cuda.get_device_properties(gpu_id).
total_memory

print (f"Total GPU memory: {total_memory / 1024x*3:.2f} GB")

numGens=8000
batchSize=50

references=["Generate some random text" for _ in range (numGens)]

numBatches=math.ceil(len(references)/batchSize)

allGeneratedText=[]

for i in range(numBatches):
startIndex=i*xbatchSize
endIndex=min ((i+1) *batchSize,len(references))
batchReferences=references[startIndex:endIndex]

#tgenerate random text

generatedText=generateRandomText (batchReferences, "Generate
some random text", model, tokenizer, modelType="Llama8B",
bertscore_model="distilbert -base-uncased", _temperature=2.0)

allGeneratedText.extend (generatedText)

results_dict = {"GeneratedText": allGeneratedText}

final_res_df pd.DataFrame.from_dict (results_dict)
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86

88 today_date datetime.now () .strftime (") Y%m%d4d")

90

91 # save the df to a csv

92 # filename: file_path _ prompt_file _ prompt index _ model name
_ date

93 res_f_name = f"RandomGens{today_date}_{model_name}.csv"

94

95 # Check and create the directory

96 if not os.path.exists("results"):

97 os.makedirs ("results")

98 final_res_df.to_csv(f"results/{res_f_namel}")

99

100 print (f"Results saved to results/{res_f_namel}")

101

102

103 1if __name__ _main_

104 main ()

A.5 Language model hyperparameters

Hyperparameters reterived from ”generation.on fig.json” .Itisthesame for LlaMa3.11B, LlaMa3.28

1 {

2 "bos_token_id": 128000,

3 "do_sample": true,
"eos_token_id": [

5 128001,

6 128008,

7 128009

s 1,
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"temperature": 0.6,
"top_p": 0.9,

"transformers_version": "4.46.2"

A.6 Banded Ridge Regression Code

dataframe_setup.py

import pandas as pd

#load transcript and extract sentences

# Extract sentences/sentence indices and add them to the transcript
DataFrame.

puncTranscript_path = "monkey_util-whisperx_transcript.csv" # Change

as needed

df = pd.read_csv(puncTranscript_path)
df .dropna(subset=[’start’], inplace=True)
df . sort_values("start", inplace=True)

df .word.tail (10)

df .index = list(range(len(df.word)))# fix word index numbering
sentenceEnds = df.index[df.word.str.contains(’[.7!]7)]

df .loc[sentenceEnds]

sentenceBegs = sentenceEnds + 1
sentenceBegs = sentenceBegs.insert (0, 0)
sentenceBegs = sentenceBegs.delete(-1)

sentencelIdx = [0] * len(df.word);

sentence = [’’] * len(df.word);
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for i, j, k in zip(sentenceBegs, sentenceEnds, range(len(
sentenceBegs))):
fullSentence = (df.word[i:(j+1)]).str.cat(sep=’ ’)#concatenate

words in sentence

sentencelIdx[i:(j+1)] = [k] * len(range(i, (j+1)))#set sentence

index for each word in sentence to be the same

sentence[i:(j+1)] = [fullSentence] * len(range(i, (j+1)))
sentenceldx = pd.DataFrame ({’sentence_idx’: sentenceldxl})
sentence = pd.DataFrame ({’sentence’: sentencel)

df = df.join(sentenceldx)
df = df.join(sentence)

df .insert (0, "word_idx", df.index.values)

df .to_csv(’transcript_inc_sentence.csv’, index=False)

create_embeddings.py

import hbpy
import torch
import numpy as np

import pandas as pd

from himalaya.backend import set_backend, get_backend

from accelerate import Accelerator, find_executable_batch_size
from transformers import AutoModelForCausalLM, AutoTokenizer
from sentence_transformers import SentenceTransformer

import gensim.downloader

import re

if torch.cuda.is_available():

set_backend ("torch_cuda")
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5 model_name

s n_features

print ("Using cuda!")

#load transcript and extract sentences

# Extract sentences/sentence indices and add them to the transcript
DataFrame.

transcript_path = "transcript_inc_sentence.csv" # Change as needed

df = pd.read_csv(transcript_path)

# Download 300-dimensional word2vec embeddings

’word2vec -google -news -300"’

300

model = gensim.downloader.load(model_name)

#creating static word embeddings

transcript_w2v = df.copy ()

# Convert words to lowercase

transcript_w2v[’word’] = transcript_w2v.word.str.lower ()

# Filter words

transcript_w2v[’filtered_word’] = transcript_w2v.word.apply(lambda

word: re.sub(r"[“\w\s]", "", word))

# Function to extract embeddings if available
def get_vector (word):
#word = ’’.join(char for char in word if char.isalnum() and char
meE dm [P0, O 0 D 0 DpD DO D07 )
if word in model.key_to_index:
return model.get_vector (word, norm=True).astype(np.float32)

return np.nan
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# Extract embedding for each word

transcript_w2v[’embedding’] = transcript_w2v.filtered_word.apply(
get_vector) # word2vec embeddings are 300-dimensional

# Insert zero vectors for entries with no embeddings

embedding_length = n_features # Length of the embeddings (300 for
word2vec)

transcript_w2v[’embedding’] = transcript_w2v[’embedding’].apply(
lambda x: np.zeros(embedding_length, dtype=np.float32) if np.any

(np.isnan(x)) else x

# Print out words not found in vocabulary
print (f’{(transcript_w2v.embedding.isna()).sum()} words not found:’)
print (transcript_w2v.filtered_word[transcript_w2v.embedding.isna()].

value_counts ())

#creating contextual word embeddings

#model to tokenize the data

modelname = "gpt2"
context_len = 32
device = torch.device("cpu")

5 if torch.cuda.is_available () :

device = torch.device("cuda", 0)

print ("Using cuda!")

model_sentence = SentenceTransformer ("intfloat/e5-mistral-7b-

instruct")

o # In case you want to reduce the maximum sequence length:

model_sentence.max_seq_length = 1000
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# Load model for tokenization

tokenizer = AutoTokenizer.from_pretrained(modelname)

#explode dataframe using tokens

df ["hftoken"] = df.word.apply(lambda x: tokenizer.tokenize(" " + x))

df = df.explode("hftoken", ignore_index=True)

df ["token_id"] = df .hftoken.apply(tokenizer.convert_tokens_to_ids)

df .head (10)

#model to get token embeddings

print ("Loading model...")
model = AutoModelForCausalLM.from_pretrained(modelname)
print(

f"Model : {modelnamel}"
f"\nLayers: {model.config.num_hidden_layersl}"
f"\nEmbDim: {model.config.hidden_sizel}"

f"\nConfig: {model.configl}"

model = model.eval ()

model = model.to(device)

# setting up data for getting embeddings (using previous 32 tokens
as context)
# could change this to use e.g. last sentence as context

token_ids = df.token_id.tolist ()

print (f"Token id length: {len(token_ids)}")
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fill_value = 0
if tokenizer.pad_token_id is not None:

fill_value = tokenizer.pad_token_id

#data ends up being an array of length token_ids containing arrays
of length context_len + 1

data = torch.full((len(token_ids), context_len + 1), fill_value,
dtype=torch.long)

for i in range(len(token_ids)):
example_tokens = token_ids[max(0, i - context_len) : i + 1]

datal[i, -len(example_tokens) :] = torch.tensor (example_tokens)

print (f"Data has a shape of: {data.shape}") # torch.Size([5749,

33])

7 #extract embeddings of all of the tokens

8 #use accekerator to make extracting features more efficient

accelerator = Accelerator ()
@find_executable_batch_size(starting_batch_size=32)
def inference_loop(batch_size=32):

# nonlocal accelerator # Ensure they can be used in our context

accelerator.free_memory() # Free all lingering references

data_dl = torch.utils.data.DataLoader (

data, batch_size=batch_size, shuffle=False

)
top_guesses = []
ranks = []
true_probs = []
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entropies = []

embeddings = []

#batch size is number of entries in each batch (i.e 32,32... (

something less than 32 at end))

with torch.no_grad():
i=0
for batch in data_dl:

# Get output from model

output = model (batch.to(device), output_hidden_statess=
True)

logits = output.logits

states = output.hidden_states

true_ids = batch[:, -1]

brange = list(range(len(true_ids)))

logits_order = logits[:, -2, :].argsort(descending=True)

batch_top_guesses = logits_order[:, O]

batch_ranks = torch.eq(logits_order, true_ids.reshape
(-1, 1) .to(device)) .nonzero () [:, 1]

batch_probs = torch.softmax(logits[:, -2, :], dim=-1)

batch_true_probs = batch_probs[brange, true_ids]

batch_entropy = torch.distributions.Categorical (probs=

batch_probs) .entropy ()

#hidden states is a list of tensors where each tensor
has shape (batch_size, sequence length, hidden_size)

#hidden size is dimensitonality of the model’s hidden

representations

#textracts the hidden state for the last token of each
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sequence in the batch, giving a list of 13 tensors of shape (
batch size, hidden size) i.e (32, 768)
batch_embeddings = [state[:, -1, :].numpy(force=True)

for state in states ]

top_guesses.append (batch_top_guesses.numpy (force=True))
ranks.append (batch_ranks.numpy (force=True))
true_probs.append (batch_true_probs.numpy (force=True))
entropies.append(batch_entropy.numpy (force=True))
embeddings .append(batch_embeddings)
i+=1

print (£"Number of batches is {il}")

return top_guesses, ranks, true_probs, entropies, embeddings

top_guesses, ranks, true_probs, entropies, embeddings =

inference_loop ()

#embeddings is a list of 180 lists, each list has 13 tensors of
shape (32, 768)

#GPT 2 has 13 layers of embeddings, each word embedding is 768
dimensions long

print (f"There are {len(embeddings[0])} layers of embeddings")

s print (f"Each word embedding is {embeddings [0] [0].shape[1]}

dimensions long")

s embeddingsA=np.hstack (embeddings)#this should be len 180, containing

a bunch of ndarrays of shape (32,768)
print (embeddingsA . shape)
embeddingsB=embeddingsA[12,:,:]

print (embeddingsB.shape)# Shape: (num tokens, embedding size)
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print ("List shape")
print (len(embeddingsB.tolist ()))

print (len(embeddingsB.tolist () [0]))

7 df ["rank"] = np.concatenate (ranks)

df ["true_prob"] = np.concatenate(true_probs)
df ["top_pred"] = np.concatenate(top_guesses)
df ["entropy"] = np.concatenate(entropies)

df ["tkn_embedding"] = embeddingsB.tolist ()

> df .head (10)

#average embeddings over tokens in each word, and add to dataframe

aligned_embeddings = []

for _, group in df.groupby("word_idx"): # group by word index
indices = group.index.to_numpy ()
average_emb = embeddingsB[indices].mean(0) # average features
aligned_embeddings .append(average_emb)

aligned_embeddings = np.stack(aligned_embeddings)

print (f"LLM embeddings matrix has shape: {aligned_embeddings.shapel}"
)

print(len(aligned_embeddings.tolist ()))

#get list of sentences in order

# Get the indices of the first occurrence of each unique sentence

unique_indices = df["sentence_idx"].drop_duplicates(keep="first").
index.tolist ()

# Access each sentence in order

sentences = df.loc[unique_indices, "sentence"].tolist ()
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2 #create new list of embeddings for each sentence

, sentence_embeddings=1[]

sentence_embeddings = model_sentence.encode(sentences)

5 dataLength=df .shape [0]

7 # explode the sentence list to line up with words(for each word add

its sentence embedding to array)
unique_word_indices = df["word_idx"].drop_duplicates (keep="first").
index.tolist ()
expanded_sentence_embeddings=1[]
for idx in unique_word_indices:
curSentence=df ["sentence_idx"].iloc[idx]
expanded_sentence_embeddings.append(sentence_embeddings [

curSentence])

print (len(expanded_sentence_embeddings))

df _sentence_embeddings = pd.DataFrame ({’sentence_embedding’:
expanded_sentence_embeddings})

df _word_embeddings = pd.DataFrame ({’word_embedding’:
aligned_embeddings.tolist () })

df _static_word_embeddings =pd.DataFrame ({’static_word_embedding’:

transcript_w2v.embedding.tolist ()1})

df _word_embeddings = df_word_embeddings.join(df_sentence_embeddings)

df _word_embeddings df _word_embeddings. join (

df _static_word_embeddings)

print (df _word_embeddings.head ())
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df _word_embeddings.to_hdf (’embeddings.h5’, key=’df’, mode=’w’)

joint_encoding.py

import
import
import
import
import

import

from nilearn.plotting import plot_markers

from himalaya.

mne
h5py

torch

numpy as np
pandas as pd

matplotlib.pyplot as plt

from himalaya.ridge import RidgeCV

from himalaya.

from himalaya.

from sklearn.model_selection import KFold

5 from sklearn.pipeline import make_pipeline

backend import set_backend,

get_backend

scoring import correlation_score

scoring import correlation_score_split

from sklearn.preprocessing import StandardScaler

from himalaya.kernel_ridge import Kernelizer, ColumnKernelizer,

MultipleKernelRidgeCV

import

joblib

if torch.cuda.is_available():

set_backend ("torch_cuda")

print ("Using cuda!")

#span of the epochs

; tMin=-6.0

tMax=6.0

#sampling rate
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sampling_rate = 512

step_size=16

3 #load transcript and load embeddings

transcript_path = "transcript_inc_sentence.csv"

df = pd.read_csv(transcript_path)

df _embeddings= pd.read_hdf (’embeddings.h5’, ’df’)

#print (df _embeddings.head ())

aligned_embeddings = np.vstack (df_embeddings ["word_embedding"].
values)

sentence_embeddings = np.vstack(df_embeddings["sentence_embedding"].
values)

static_word_embeddings = np.vstack(df_embeddings["

static_word_embedding"].values)

print (aligned_embeddings.shape)

print (sentence_embeddings.shape)

; print (static_word_embeddings.shape)

#construct separate dataframe containins words with their start and
end times
df __word = df.groupby("word_idx").agg(dict(word="first", start="first

", end="last"))

#load the preprocessed brain data

file_path = "sub-03_task-podcast_desc-highgamma_ieeg.fif"

raw = mne.io.read_raw_fif(file_path, verbose=False)

picks = mne.pick_channels_regexp(raw.ch_names, "LG[ABIx*")
s raw = raw.pick(picks)
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print (raw)

#map seconds to samples by multiplying to sampling rate
events = np.zeros((len(df_word), 3), dtype=int)

events[:, 0] = (df_word.start * raw.info[’sfreq’]).astype(int)

2 print (events.shape)

#create epochs and downsample to 32 Hz

5 epochs = mne.Epochs(raw,events,tmin=tMin, tmax=tMax,baseline=None,

proj=False,event_id=None,preload=True,event_repeated="merge")
print (f"Epochs object has a shape of: {epochs._data.shapel}")
epochs = epochs.resample(sfreq=32, npad=’auto’, method=’fft’, window
=’hamming’)

print (f"Epochs object has a shape of: {epochs._data.shapel}")

#create Y matrices
#reshape target matrix Y by horizontally stacking electodes and lags

along the second dimension

epochs_data = epochs.get_data(copy=True)
epochs_data = epochs_data.reshape(len(epochs), -1)

print (f"ECoG data matrix shape: {epochs_data.shapel}")

#align features with target matrix/ECoG data (some bad epochs may be

dropped)
selected_df = df_word.iloc[epochs.selection]
averaged_embeddings = aligned_embeddings[epochs.selection]

averaged_sentence_embeddings=sentence_embeddings [epochs.selection]

#Change the float precision to float32 for all data to take

advantage of the GPU memory and computational speed.
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X_word_ctx = averaged_embeddings
X_word_static = static_word_embeddings [epochs.selection]
X_sentence=averaged_sentence_embeddings

X_word_used=X_word_ctx

X_joint = np.hstack([X_word_used, X_sentence]) # Horizontal-stack
both embeddings to create joint model

Y = epochs_data

print (£"Joint predictor matrix shape: {X_joint.shapel}")
print (f"X_word_ctx shape: {X_word_ctx.shapel}")

print (f"X_word_static shape: {X_word_static.shapel}")

5 print (f"X_sentence shape: {X_sentence.shapel}")

print (£"Y shape: {Y.shapel}")

#change float precision to float32 for all data to take advantage of
GPU memory/computational speed

if "torch" in get_backend().__name__
X_joint = X_joint.astype(np.float32)
X_word_ctx=X_word_ctx.astype(np.float32)
X_word_static=X_word_static.astype(np.float32)

Y = Y.astype(np.float32)

#do the banded ridge regression

# Cross validation is done with an outer part split into 2 and inner

part split into 5

inner_cv = KFold(n_splits=5)

# Make pipeline with kernelizer for each feature space

column_pipeline = make_pipeline (

StandardScaler (with_mean=True, with_std=True),
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Kernelizer (kernel="1linear"),

; #set up slices

width_w = X_word_used.shape [1]

width_s = X_sentence.shape[1]
slice_w = slice(0, width_w)
slice_s = slice(width_w, width_w + width_s)

2> print (f"Word slice: {slice_wl}")

print (f"Sentence slice: {slice_sl}")

5 # Compile joint column kernelizer

column_kernelizer = ColumnKernelizer (
[(’word’, column_pipeline, slice_w),

(’sentence’, column_pipeline, slice_s)])

# Ridge regression with alpha grid and nested CV

solver = ’random_search’
n_iter = 20
alphas = np.logspace(l, 10, 10)

solver_params = dict(n_iter=n_iter, alphas=alphas)

» # Banded ridge regression with column kermnelizer

banded_ridge = MultipleKernelRidgeCV (kernels="precomputed", solver=

solver, solver_params=solver_params, cv=inner_cv)

# Chain transfroms and estimator into pipeline

pipeline = make_pipeline(column_kernelizer , banded_ridge)

def train_joint_encoding(X, Y,_split=False,_epochs_shape=None):
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corrs = [] # empty array to store correlation results
kfold = KFold (2, shuffle=False) # outer 2-fold cross-validation
setup

for train_index, test_index in kfold.split(X): # loop through

folds
# Split train and test datasets
X1_train, X1_test = X[train_index], X[test_index]

Y_train, Y_test = Y[train_index], Y[test_index]

# Standardize Y

scaler = StandardScaler ()
Y_train = scaler.fit_transform(Y_train)
Y_test = scaler.transform(Y_test)

pipeline.fit (X1_train, Y_train) # Fit pipeline with

transforms and ridge estimator

if _split:
Y_preds = pipeline.predict(X1_test, split=True) # Use
trained model to predict on test set
corr = correlation_score_split(Y_test, Y_preds) #
Compute correlation score
else:
Y_preds = pipeline.predict(X1_test)
corr = correlation_score(Y_test, Y_preds).reshape(

epochs_shape) # Compute correlation score

if "torch" in get_backend().__name__: # if using gpu,
transform tensor back to numpy
corr = corr.numpy(force=True)
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final

corrs.append(corr) # append fold correlation results to

results

return np.stack(corrs)

alphas =
inner_cv

cross
single_m

Stan

np.logspace(l, 10, 10) # specify alpha values

_single = KFold(n_splits=5, shuffle=False) # inner 5-fold
-validation setup

odel = make_pipeline(

dardScaler (), RidgeCV(alphas, fit_intercept=True, cv=

inner_cv_single) # pipeline

def trai

n_single_encoding (X, Y, _epochs_shape):

corrs = [] # empty array to store correlation results

kfold = KFold (2, shuffle=False) # outer 2-fold cross-validation
setup

for train_index, test_index in kfold.split(X): # loop through

folds

# Split train and test datasets
X1_train, X1_test = X[train_index], X[test_index]

Y_train, Y_test = Y[train_index], Y[test_index]

# Standardize Y

scaler = StandardScaler ()
Y_train = scaler.fit_transform(Y_train)
Y_test = scaler.transform(Y_test)
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single_model.fit(X1_train, Y_train) # Fit pipeline with
transforms and ridge estimator
Y_preds = single_model.predict(X1_test) # Use trained model

to predict on test set

corr = correlation_score(Y_test, Y_preds).reshape(
_epochs_shape) # Compute correlation score
if "torch" in get_backend().__name__: # if using gpu,
transform tensor back to numpy
corr = corr.numpy (force=True)
corrs.append(corr) # append fold correlation results to
final results
return np.stack(corrs)
epochs_shape = epochs._data.shape[1:] # number of electrodes x*
number of lags
corrs_embedding = train_joint_encoding(X_joint, Y, _split=False,

_epochs_shape=epochs_shape)
print (f"Encoding performance correlating matrix shape: {
corrs_embedding.shapel}")

# Encoding performance correlating matrix shape: (2, 127, 128)

corrs_embedding_split = train_joint_encoding(X_joint, Y, True)

corrs_embedding_split = corrs_embedding_split.reshape(2, 2, *
epochs_shape)

print (f"Encoding performance correlating matrix shape: {
corrs_embedding_split.shapel}")

#Encoding performance correlating matrix shape: (2, 2, 127, 128)

s corrs_embedding_word_ctx = train_single_encoding(X_word_ctx, Y,

_epochs_shape=epochs_shape) # predictions with just contextual
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embeddings

7 print (f"Encoding performance correlating matrix shape: {

corrs_embedding_word_ctx.shapel}")

# Encoding performance correlating matrix shape: (2, 127, 128)

corrs_embedding_word_static = train_single_encoding(X_word_static, Y
, _epochs_shape=epochs_shape) # predictions with just contextual
embeddings

print (f"Encoding performance correlating matrix shape: {

corrs_embedding_word_ctx.shapel}")

#127 electrodes, 128 lags

joblib.dump (corrs_embedding, ’corrs_embedding_joint_ctx_sentence.pkl
)

joblib.dump (corrs_embedding_split,
corrs_embedding_split_ctx_sentence.pkl’)

joblib.dump (corrs_embedding_word_ctx, ’corrs_embedding_word_ctx.pkl’
)

joblib.dump (corrs_embedding_word_static, °’

corrs_embedding_word_static.pkl?’)

#Note:

# - The dimensions of the following arrays are:

# - corrs_embedding: (2, number_of_electrodes, number_of_lags
)

# - corrs_embedding_split: (2, 2, number_of_electrodes,
number_of_lags)

# - corrs_embedding_word_ctx: (2, number_of_electrodes,

number_of_lags)

print ("Done!")
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Appendix B

Engineering Standards

This independent project adheres to the following engineering and industrial stan-

dards:

e Programming Languages: Python,

e Open Source Software: NumPy, PyTorch, HuggingFace Transformers Li-

brary

Standards Compliance
All tools, programming languages, and methodologies employed in the development
of this thesis conform to well-established academic and industrial standards. This
adherence ensures that both the theoretical insights and the associated codebases are
robust, scalable, and easily adaptable to a variety of practical applications in the
engineering domain. Additionally, the thesis consistently utilizes the International
System of Units (ST units), ensuring standardization and precision in the presentation

of technical data.
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