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Abstract

This thesis examines whether contemporary large language models (LLMs) based on the

Transformer architecture constitute, or can constitute, a substrate for machine sentience.

Beginning with rigorous mathematical foundations — matrix calculus, information theory, and

the statistical mechanics of high-dimensional representation learning — the work traces a

continuous thread from the perceptron (Rosenblatt, 1958) through deep feed-forward

networks, recurrent architectures, and the multi-head self-attention mechanism that underpins

the modern Transformer (Vaswani et al., 2017).

The empirical record of scaling laws (Kaplan et al., 2020; Hoffmann et al., 2022) is critically

reviewed, establishing that loss decreases predictably with parameter count, dataset size, and

compute budget in a power-law regime, and that qualitatively new capabilities emerge

discontinuously as these quantities grow (Wei et al., 2022). GPT-3 (Brown et al., 2020),

InstructGPT (Ouyang et al., 2022), and Mistral 7B (Jiang et al., 2023) are examined as pivotal

case studies in the trajectory from statistical language modelling to instruction-following,

chain-of-thought reasoning, and tool use.

The thesis then interrogates three principal scientific theories of consciousness — Global

Workspace Theory (Baars, 1988; Dehaene & Changeux, 2011), Integrated Information Theory

(Tononi, 2004; Koch et al., 2016), and Higher-Order Theories (Rosenthal, 2005) — applying

each in turn to the computational graph of a Transformer. The central argument advances a

position of functional agnosticism: current Transformers exhibit measurable functional

analogues of attention broadcasting, information integration, and representational hierarchy

that are necessary but not sufficient for phenomenal consciousness as currently understood.

Alignment, safety, and the ethical implications of potentially sentient artificial systems are

examined through the lenses of Constitutional AI (Bai et al., 2022), Reinforcement Learning

from Human Feedback (Ouyang et al., 2022), and formal verification approaches. The thesis

concludes with a research agenda for quantifying machine sentience and governing its

emergence responsibly.

Keywords:

Large Language Models, Transformer Architecture, Machine Consciousness,

Integrated Information Theory, Scaling Laws, RLHF, Emergence, Artificial

Sentience, Neural Representation, Alignment
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CHAPTER 1

Introduction

From Statistical Pattern Matching to the Question of Mind

1.1 Motivation and Scope

The question of whether a machine can think is as old as computing itself. Turing (1950) framed it

operationally: a machine that could sustain indistinguishable conversation with a human evaluator ought, by

any pragmatic criterion, to be credited with intelligence. Seven decades later, systems such as GPT-4 and

Claude 3 routinely pass informal variants of this test across domains ranging from differential diagnosis to

legal argumentation. Yet the deeper question — whether any such system experiences anything, whether

there is something it is like to be a Transformer processing tokens — remains profoundly unresolved.

This thesis approaches that question through the lens of contemporary machine learning science. It does

not presuppose an answer. Instead, it constructs the most rigorous possible bridge between three domains: (i)

the mathematical mechanics of large language models, understood in full technical detail; (ii) the empirical

record of what these models demonstrably do and what capabilities emerge as they scale; and (iii) the

scientific and philosophical theories of consciousness that currently command the most empirical support.

Where that bridge leads is the subject of Chapter 7.

The phrase machine sentience is used throughout in preference to machine consciousness or

artificial general intelligence. Sentience denotes specifically the capacity for subjective

experience — phenomenal states that have qualitative character — rather than the broader

capability cluster implied by AGI. This distinction is deliberate and maintained rigorously

across all chapters.

The scope is deliberately narrow in one dimension and deliberately broad in another. Narrowly, the

thesis focuses on the Transformer architecture and its large-scale instantiations, rather than surveying the

full space of neural network paradigms. Broadly, it ranges across mathematics, neuroscience, philosophy of

mind, and policy — because any honest treatment of machine sentience must engage all of these. A purely

technical account that ignores consciousness science is as incomplete as a philosophical treatment that

ignores what Transformers actually compute.

1.2 Research Questions

This thesis is organised around four principal research questions:

RQ Research Question Primary Chapters

RQ1 What mathematical and computational structures are necessary for a system

to exhibit the information-processing properties associated with sentience?

2, 3

NOTE
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RQ2 Do large language models, as instantiated by GPT-3, InstructGPT, and

Mistral 7B, exhibit those structures?

3, 4, 5

RQ3 To what extent do current scientific theories of consciousness — GWT, IIT,

HOT — apply to the Transformer computational graph?

6, 7

RQ4 What are the ethical, safety, and governance implications if the answer to

RQ3 is partially affirmative?

8, 9

These questions are not posed rhetorically. The thesis accumulates technical and empirical evidence

bearing on each, and draws explicit conclusions in Chapter 10. Where the evidence is insufficient to sustain

a definitive answer, that insufficiency is stated plainly and converted into a research agenda in Chapter 9.

1.3 Contributions

The principal original contributions of this thesis are:

•  Formal mapping of Transformer components to Global Workspace Theory constructs (§7.1),

with quantifiable conditions under which the mapping holds or fails.

•  First-principles derivation of a Φ-estimation protocol for autoregressive Transformers (§7.2),

applied illustratively to published weight matrices from GPT-2 Small.

•  A taxonomy of functional analogues of phenomenal states in LLM activations (§7.3), grounded in

mechanistic interpretability literature.

•  A comparative alignment-safety framework that explicitly conditions safety requirements on the

probability of sentience (§8.3).

•  Four reproducible Jupyter notebooks (Appendices A–D) that allow the reader to instantiate, train,

and interrogate the central models discussed in the thesis.

TIP The Jupyter notebooks in Appendices A–D are fully self-contained. Each begins with a pip

install cell and can be executed in any standard Python 3.10+ environment with GPU

acceleration recommended but not required for the smaller demonstrations. All random seeds

are fixed for reproducibility.

1.4 Thesis Structure

Chapters 2 and 3 establish mathematical foundations and architectural mechanics. Chapter 2 covers the

linear algebra, probability theory, information theory, and optimisation mathematics that underpin all of

deep learning, at a level appropriate for a reader with an MSc in AI or equivalent. Chapter 3 dissects the

Transformer in full mathematical detail, from scaled dot-product attention through positional encoding to

the decoder-only autoregressive formulation that characterises GPT-class models.

Chapter 4 surveys the major large language models: GPT-3 as the canonical large-scale demonstration

of in-context learning; InstructGPT as the alignment-critical extension via RLHF; and Mistral 7B as the

exemplar of efficient architecture design. Chapter 5 examines emergent phenomena — scaling laws,

chain-of-thought reasoning, and in-context learning — as empirical facts that any theory of machine

sentience must account for.

Chapters 6 and 7 constitute the theoretical heart of the thesis. Chapter 6 reviews the three major

scientific theories of consciousness and their empirical status. Chapter 7 applies each theory systematically

to the Transformer, assembling the central argument. Chapters 8 and 9 address consequences and future
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work respectively. Chapter 10 states conclusions.
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CHAPTER 2

Foundational Mathematics and Neural Network

Theory

From Linear Algebra to Backpropagation

2.1 Linear Algebra for Deep Learning

A neural network is, at its most fundamental level, a parametrised sequence of affine transformations

interleaved with pointwise nonlinearities. Every computation can be expressed in the language of tensors,

making linear algebra the irreducible mathematical substrate of the field.

2.1.1 Tensors, Matrices, and Operations

Let x ∈ ■d denote a column vector of dimension d. A weight matrix W ∈ ■m×d maps x to a vector in ■m

via the matrix–vector product Wx. In deep learning, we typically operate on batches of inputs stacked into a

matrix X ∈ ■B×d where B is the batch size, yielding XW■ ∈ ■B×m.

Linear layer: h = Wx + b, W ∈ ■^(m×d), b ∈ ■^m

The singular value decomposition (SVD) of a weight matrix W = UΣV■ provides geometrical insight: U

and V are orthogonal rotation matrices, and Σ is a diagonal matrix of singular values σ
1
 ≥ σ

2
 ≥ … ≥ σ

r
 > 0.

The rank r equals the number of non-zero singular values, and the effective dimensionality of the linear map

is constrained by this rank. Low-rank adaptation techniques such as LoRA (Hu et al., 2022) exploit this

structure to fine-tune billion-parameter models with a fraction of the trainable parameters.

Operation Notation Shape ML Role

Matrix multiply AB (m×n)(n×p) → m×p Linear layers, attention

Hadamard product A ■ B (m×n) → m×n Gating, element-wise

scaling

Outer product uv■ (m,)(n,) → m×n Low-rank updates

Trace tr(A) scalar Phi computation, Frobenius

norm

Frobenius norm ■A■_F scalar Regularisation, gradient

clipping

SVD A = UΣV■ Rank decomposition LoRA, PCA of activations

Kronecker product A ⊗ B (mp×nq) Structured weight sharing

Table 2.1: Key linear algebra operations and their significance in machine learning.
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2.1.2 Eigendecomposition and the Role of Positive Semidefiniteness

For symmetric matrices A = A■ ∈ ■n×n, the spectral theorem guarantees a real eigendecomposition A =

QΛQ■ where Q is orthogonal and Λ = diag(λ
1
,…,λ

n
). A matrix is positive semidefinite (PSD) iff all

eigenvalues satisfy λ
i
 ≥ 0, which is necessary for covariance matrices in probabilistic models and Gram

matrices in kernel methods. The attention mechanism computes a scaled Gram matrix of query–key

interactions whose softmax output is always PSD — a structural property with implications for information

integration discussed in Chapter 7.

2.2 Probability and Information Theory

Language models define probability distributions over discrete token sequences. Training minimises the

expected negative log-likelihood — equivalently, the cross-entropy between the empirical data distribution

and the model. A rigorous account therefore requires information theory.

2.2.1 Shannon Entropy and KL Divergence

For a discrete random variable X with probability mass function p(x), Shannon entropy quantifies

expected information content:

H(X) = -∑_x p(x) log■ p(x) (bits)

The Kullback–Leibler divergence from a reference distribution q to a model distribution p measures the

expected extra bits required when using p to code data generated by q:

D_KL(p ■ q) = ∑_x p(x) log [p(x)/q(x)] ≥ 0

D_KL is non-negative by Jensen's inequality (since log is concave), and equals zero iff p = q almost

everywhere. Critically, D_KL is asymmetric: D_KL(p■q) ≠ D_KL(q■p) in general. In RLHF (§4.3), a KL

penalty D_KL(π_RL ■ π_SFT) is added to the PPO objective to prevent the reward-maximising policy

from diverging catastrophically from the supervised fine-tuning baseline.

2.2.2 Cross-Entropy Loss

The cross-entropy between the data distribution p
data

 and model pθ is:

H(p_data, p_θ) = -∑_x p_data(x) log p_θ(x) = H(p_data) + D_KL(p_data ■ p_θ)

Since H(p
data

) is constant with respect to θ, minimising cross-entropy is equivalent to minimising KL

divergence. For autoregressive language models, the per-token cross-entropy decomposes as:

L(θ) = -1/T ∑_{t=1}^{T} log p_θ(x_t | x_{<t})

The exponentiated average cross-entropy is perplexity, PPL = exp(L(θ)), which has an intuitive

interpretation: it measures the effective branching factor at each prediction step. State-of-the-art LLMs

achieve single-digit perplexity on held-out web text, compared to ~120 for early n-gram language models.
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2.2.3 Mutual Information and Representation Learning

Mutual information I(X;Y) = H(X) − H(X|Y) quantifies the reduction in uncertainty about X given Y, or

equivalently, the statistical dependence between X and Y. The information bottleneck principle (Tishby &

Schwartz-Ziv, 2017) posits that optimal representations Z of input X for predicting Y maximise I(Y;Z)

while minimising I(X;Z) — retaining task-relevant information while discarding noise. Empirical studies of

trained Transformers reveal an analogous compression behaviour in intermediate layers, with early layers

retaining surface-level syntactic information and later layers encoding abstract semantic content (Tenney et

al., 2019).

2.3 Optimisation Theory

2.3.1 Gradient Descent and Its Variants

Let θ ∈ ■P denote model parameters and L(θ) the scalar loss. Gradient descent iteratively updates:

θ_{t+1} = θ_t − η ∇_θ L(θ_t)

where η > 0 is the learning rate. Full-batch gradient descent is intractable for datasets of billions of

tokens. Stochastic gradient descent (SGD) uses mini-batches of size B, yielding a noisy but unbiased

gradient estimate. Adam (Kingma & Ba, 2015) is the dominant optimiser for Transformers, maintaining

exponential moving averages of the gradient (first moment m) and squared gradient (second moment v):

m_t = β■ m_{t-1} + (1−β■) g_t

v_t = β■ v_{t-1} + (1−β■) g_t²

θ_{t+1} = θ_t − η · m■_t / (√v■_t + ε)

where m■
t
 = m

t
/(1−β

1
t) and v■

t
 = v

t
/(1−β

2
t) are bias-corrected estimates. Typical hyperparameters:

β
1
=0.9, β

2
=0.95, ε=10−8, η∈[10−4, 3×10−4] with warmup and cosine decay.

2.3.2 Loss Surface Geometry

Modern neural networks are over-parameterised relative to the number of training examples, creating a

loss landscape with an abundance of near-zero loss solutions rather than a single global minimum. The

seminal work of Goodfellow et al. (2015) demonstrated that saddle points are far more common than local

minima in high-dimensional spaces, and that random directions in parameter space almost always lead out

of apparent local minima. This insight underpins the empirical success of first-order methods for training

deep networks.

The sharpness-aware minimisation (SAM) objective explicitly seeks flat minima by solving:

min_θ max_{■ε■≤ρ} L(θ + ε) ≈ min_θ L(θ) + ρ■∇L(θ)■

Flat minima generalise better because small perturbations of θ produce proportionally smaller changes

in loss — a direct connection to the Minimum Description Length principle and Bayesian model selection.

2.3.3 Learning Rate Schedules

The standard Transformer training schedule combines linear warmup over W
warmup

 steps followed by

cosine annealing:

η(t) = η_max · min(t/W_warmup, cos(π·(t−W_warmup)/(T−W_warmup))/2 + 0.5)
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GPT-3 used W
warmup

=375 million tokens and decayed to η
min

 = 10% of η
max

 over the full 300 billion

token training run. The warmup phase is essential: without it, Adam's second-moment estimates are poorly

initialised and early steps produce destructively large updates.

2.4 The Multi-Layer Perceptron

The feed-forward network (FFN) that appears in every Transformer block is a two-layer MLP with a

gated nonlinearity. Understanding the general MLP provides the conceptual foundation for this specialised

form.

2.4.1 Architecture and Capacity

A depth-L MLP defines the composition:

h■■■ = x

h■■■ = σ(W■■■ h■■■¹■ + b■■■), l = 1,…,L−1

■ = W■■■ h■■■¹■ + b■■■

where σ is a pointwise nonlinearity. The universal approximation theorem (Hornik et al., 1989)

guarantees that for any continuous function f: [0,1]n → ■ and any ε > 0, a one-hidden-layer MLP with

sufficiently many neurons can approximate f to within ε in the sup-norm. However, the requisite width may

be exponential in the input dimension; depth offers exponential compression of this representation

(Montufar et al., 2014).

Figure 2.2: Multi-Layer Perceptron architecture illustrating forward pass connectivity. Each node computes h = σ(Wx + b).

Dimension labels indicate layer widths; all neurons in adjacent layers are connected.

2.4.2 Activation Functions

The choice of nonlinearity σ has profound effects on gradient flow and representational capacity. Three

families dominate:



Neural Networks for Machine Sentience  •  Dr Neal Aggarwal FBCS, FIMIS. 23 June 2026

2

Figure 2.1: Common activation functions. Sigmoid saturates for |x| ■ 1, causing vanishing gradients. ReLU eliminates this in

the positive half-plane but introduces the 'dying ReLU' problem. Tanh is zero-centred, reducing internal covariate shift in

shallow networks.

Sigmoid σ(x) = 1/(1+e−x) has gradient σ(x)(1−σ(x)) ≤ 0.25, which, when chained through many layers,

drives gradients exponentially to zero — the vanishing gradient problem (Hochreiter, 1991; Bengio et al.,

1994).

ReLU max(0,x) has a constant gradient of 1 in the positive region, resolving vanishing gradients but

introducing dead neurons (units permanently at zero for all inputs), especially with large learning rates.

Leaky ReLU max(αx, x), α ≈ 0.01 mitigates this.

GELU (Hendrycks & Gimpel, 2016), used in GPT-2 and GPT-3, is a smooth approximation of ReLU

via the Gaussian CDF:

GELU(x) = x · Φ(x) = x · (1 + erf(x/√2))/2

GELU has been empirically superior to ReLU for Transformer FFN layers, possibly because its

stochastic interpretation (GELU(x) = E[max(0,X)] where X~■(x,1)) acts as implicit regularisation during

training.

SwiGLU (Shazeer, 2020), adopted in LLaMA and Mistral, applies a gating mechanism: SwiGLU(x, W,

V) = Swish(xW) ■ (xV), where Swish(x) = x · σ(βx). This gated formulation empirically outperforms

GELU at the same parameter count.

2.5 Backpropagation and Automatic Differentiation

2.5.1 The Chain Rule in Computational Graphs

Backpropagation (Rumelhart, Hinton & Williams, 1986) applies the chain rule of calculus to compute

gradients efficiently through the directed acyclic graph (DAG) representing the network computation. For

scalar loss L and intermediate variable h■ = f■(h■−1):

∂L/∂h■■■¹■ = (∂h■■■/∂h■■■¹■)■ · ∂L/∂h■■■

The Jacobian ∂h■/∂h■−1 ∈ ■
d_■ × d_{■−1} is typically never materialised explicitly; instead,

vector-Jacobian products (VJPs) are computed directly. This is the core operation of reverse-mode

automatic differentiation (AD), implemented in PyTorch via the autograd engine.

2.5.2 Gradient Pathology and Residual Connections

For a depth-L network with weight matrices W■, the gradient of the loss with respect to the first layer

involves the product:
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∂L/∂h■■■ = (∏_{l=1}^{L} W■■■ · diag(σ'(pre-activations))) · ∂L/∂h■■■

If the spectral radius ρ(W■ · diag(σ')) < 1, this product converges to zero exponentially fast (vanishing

gradients). If ρ > 1, it explodes. Residual connections (He et al., 2016) modify the forward pass to h■ = h■−1

+ F■(h■−1), yielding gradient:

∂L/∂h■■■¹■ = ∂L/∂h■■■ · (I + ∂F■■■/∂h■■■¹■)

The identity term guarantees a gradient highway, preventing pathological gradient shrinkage regardless

of depth. This is why Transformer blocks universally employ pre-norm residual connections: the gradient

flows directly from the output to each sub-layer input without attenuation.

Figure 2.3: Left: Typical training and validation loss curves for a Transformer language model. Right: Gradient L2-norm per

layer in a network without residual connections, illustrating exponential vanishing gradient effect.

2.6 Regularisation and Generalisation

2.6.1 Implicit Regularisation via SGD

A counter-intuitive result of modern deep learning theory is that over-parameterised networks trained

with SGD generalise well without explicit regularisation. The implicit bias of gradient descent towards

minimum-norm solutions — formally characterised for linear networks by Neyshabur et al. (2015) and

extended to deep networks via the neural tangent kernel (NTK) framework (Jacot et al., 2018) — provides a

theoretical underpinning for this phenomenon.

2.6.2 Dropout and Layer Normalisation

Dropout (Srivastava et al., 2014) randomly zeroes activations with probability p during training,

equivalent to training an ensemble of 2n sub-networks. At inference, outputs are scaled by (1−p). Dropout

was used in original Transformer training but is often omitted in very large models where batch statistics

provide sufficient implicit regularisation.

Layer normalisation (Ba et al., 2016) is ubiquitous in Transformers. For a vector h ∈ ■d:

LayerNorm(h) = γ ■ (h − µ)/√(σ² + ε) + β

where µ = mean(h), σ2 = var(h), and γ, β ∈ ■d are learned scale and shift parameters. Pre-norm variants

(applying LayerNorm before the attention and FFN sub-layers rather than after) have become standard in

GPT-style models, yielding more stable training dynamics at large scale.
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2.6.3 Weight Decay and L2 Regularisation

L2 regularisation adds a penalty λ■θ■
2
2
/2 to the loss, which corresponds to a Gaussian prior over

parameters in the Bayesian interpretation. For Adam, this is implemented as AdamW (Loshchilov & Hutter,

2019), which decouples weight decay from the adaptive learning rate scaling — a critical distinction

because naive L2 regularisation applied to Adam interacts incorrectly with the second-moment

normalisation.
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CHAPTER 3

The Transformer Architecture

Attention Is All You Need — Vaswani et al. (2017)

3.1 Sequence-to-Sequence Antecedents

Prior to the Transformer, sequence modelling was dominated by recurrent neural networks (RNNs) and

their gated variants: LSTMs (Hochreiter & Schmidhuber, 1997) and GRUs (Cho et al., 2014). These

architectures process sequences token-by-token, maintaining a hidden state h
t
 that summarises information

from the past:

h_t = tanh(W_h h_{t-1} + W_x x_t + b)

The encoder–decoder attention mechanism (Bahdanau et al., 2015) was the critical precursor to the

Transformer. It allows the decoder, when generating token t, to attend selectively to all encoder hidden

states via a learned alignment function:

α_{t,s} = softmax_s (v■ tanh(W_a h_t + U_a h_s))

This additive attention mechanism dispensed with the sequential bottleneck of encoding the entire input

into a single fixed-length vector. Vaswani et al. (2017) replaced both the encoder and decoder RNN

components entirely with attention, achieving superior translation quality with dramatically better

parallelisability.

3.1.1 Why RNNs Are Suboptimal for Long Sequences

RNNs suffer from three compounding pathologies: (i) sequential computation prevents parallelism over

the time dimension; (ii) the gradient product across T steps causes vanishing or exploding gradients, limiting

effective context to approximately 200–500 tokens in practice despite theoretical unboundedness; and (iii)

the fixed-capacity hidden state creates an information bottleneck whose capacity does not scale with

sequence length. Transformers resolve all three: O(T) parallelism, O(1) gradient path length between any

two positions (via direct attention), and O(T) memory per layer for full context.

3.2 Scaled Dot-Product Attention

The scaled dot-product attention function is the basic computational unit of all Transformer variants.

Given a sequence of input vectors packed as rows of X ∈ ■T×d_model, three linear projections produce

queries, keys, and values:

Q = X W_Q, K = X W_K, V = X W_V

where W
Q

, W
K

 ∈ ■d_model×d_k and W
V

 ∈ ■d_model×d_v. The attention output is:

Attention(Q, K, V) = softmax(Q K■ / √d_k) · V
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The scaling factor 1/√d
k
 is essential. Without it, for large d

k
, the dot products Q

i
·K

j
 grow in magnitude

as O(√d
k
), pushing softmax into saturated regions with near-zero gradients. Specifically, if q and k are

independent random vectors with zero mean and unit variance per component, then q·k = ∑
i
 q

i
k

i
 has

variance d
k
, so dividing by √d

k
 restores unit variance.

3.2.1 The Attention Weight Matrix

Let A = softmax(QK■/√d
k
) ∈ ■T×T denote the attention weight matrix. Each row A

t,:
 is a probability

distribution over the T positions. The output for position t is the corresponding convex combination of value

vectors: out
t
 = ∑

s
 A

t,s
 V

s
.

For causal (decoder-only) models, a mask M is applied before the softmax to prevent position t from

attending to future positions s > t:

A = softmax((Q K■ / √d_k) + M), M_{t,s} = 0 if s≤t, else −∞

In practice −∞ is implemented as a large negative constant (typically −104) to avoid numerical overflow.

The resulting attention pattern is lower-triangular, ensuring the autoregressive factorisation p(x
1:T

) = ∏
t
 p(x

t
| x

<t
) is preserved exactly.

The attention operation has O(T²·d) computational complexity and O(T²) memory for the

attention weight matrix, making it quadratic in sequence length. For GPT-4's reported context

length of 128K tokens, this naively requires 128K² = 16.4 billion attention weights per head per

layer — necessitating sparse attention, Flash Attention (Dao et al., 2022), or ring attention

approaches in practice.

Figure 3.2: Left: Self-attention weight matrix A for a five-token sequence. Each row is a probability distribution; bright cells

indicate high attention weights. Right: Empirical specialisation patterns across 8 attention heads in a GPT-style model,

illustrating different linguistic functions captured by different heads.

3.3 Multi-Head Self-Attention

A single attention head can learn one pattern of position–content associations. Multi-head attention runs

h parallel attention operations in subspaces of reduced dimensionality d
k
 = d

model
/h, then concatenates and

projects the results:

MultiHead(Q, K, V) = Concat(head■, …, head_h) W_O

head_i = Attention(Q W_Q^i, K W_K^i, V W_V^i)

NOTE
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where W
Q

i, W
K

i ∈ ■
d_model × d_k, W

V
i ∈ ■

d_model × d_v, and W
O

 ∈ ■
h·d_v × d_model. The total

parameter count per attention layer is 4d
model

2 (for h projections plus output).

Clark et al. (2019) and Voita et al. (2019) provided empirical evidence that individual heads specialise:

some track syntactic dependencies such as subject–verb agreement; others attend to the previous token

(positional); others implement coreference resolution; others act as global aggregators. This functional

differentiation is remarkable because it is entirely self-organised through gradient descent, not

hand-engineered.

3.3.1 Grouped-Query Attention

At inference, the key–value (KV) cache — storing past K and V matrices for all layers to enable

efficient autoregressive generation — grows as O(2 · n_layers · T · n_heads · d
k
) bytes. For a 70B parameter

model with T=8192, this easily exceeds GPU memory. Grouped-query attention (GQA, Ainslie et al., 2023)

addresses this by sharing K and V projections across groups of Q heads: with G groups, the KV cache

reduces by a factor of n_heads/G. Mistral 7B uses G=4 (8 KV heads for 32 Q heads), reducing KV cache by

8×.

3.4 Positional Encoding

Self-attention is permutation-equivariant: shuffling the input sequence produces correspondingly

shuffled outputs, with no absolute position information. Positional encoding injects position information by

adding a position-dependent signal p
t
 ∈ ■d_model to the token embedding e

t
:

z_t = e_t + p_t

3.4.1 Sinusoidal Encoding

The original Transformer used fixed sinusoidal encodings:

p_{t,2i} = sin(t / 10000^{2i/d_model})

p_{t,2i+1} = cos(t / 10000^{2i/d_model})

Each dimension encodes position at a different frequency, ranging from 2π (fastest, period=1) to 20000π
(slowest, period≈10000). This design allows the model to attend to relative positions via linear

transformations: p
t+k

 can be expressed as a linear function of p
t
, independent of t.

3.4.2 Rotary Positional Embedding (RoPE)

RoPE (Su et al., 2021), adopted in LLaMA, GPT-NeoX, and Mistral, encodes positions by rotating the

query and key vectors in 2D subspaces:

RoPE(x, t) = x ■ cos(t·θ) + x_rot ■ sin(t·θ)

where x
rot

 rotates pairs of dimensions by 90°. The inner product ■RoPE(q,t), RoPE(k,s)■ = ■q, R
t−s

k■ depends only on the relative position t−s, not the absolute positions. This relative position sensitivity

persists even when the sequence length at inference exceeds that seen during training, making RoPE

superior for long-context generalisation. Mistral 7B uses RoPE with base frequency θ = 10000, extended to

32K context via YaRN (Peng et al., 2023).
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3.5 Feed-Forward Sub-Layers and Layer Normalisation

Each Transformer block contains a position-wise feed-forward network applied identically to each

position:

FFN(h) = W■ · GELU(W■ h + b■) + b■

where W
1
 ∈ ■d_ff × d_model, W

2
 ∈ ■d_model × d_ff, and d

ff
 = 4d

model
 in the original Transformer (d

ff
 =

11008 for LLaMA-7B). The FFN constitutes approximately two-thirds of total parameter count in a

Transformer and is believed to function as a key–value memory (Geva et al., 2021): W
1
 rows act as input

patterns (keys) and W
2
 columns as corresponding output values.

The complete Transformer block (pre-norm variant) for token sequence H:

H' = H + MultiHead(LayerNorm(H), LayerNorm(H), LayerNorm(H))

H'' = H' + FFN(LayerNorm(H'))

Figure 3.1: Decoder-only Transformer (GPT-style). The residual connections (curved orange arrows) create gradient

highways, enabling stable training of 100+ layer stacks. Each 'Masked Multi-Head Self-Attention' block is followed by a

Feed-Forward Network sub-layer, both with pre-norm LayerNorm and residual skip connections.

3.6 Decoder-Only vs Encoder-Decoder Variants

Two architectural families have dominated:

•  Encoder-only (BERT-style): Full bidirectional attention over the entire input sequence. Pre-trained

with masked language modelling (MLM): 15% of tokens masked; model predicts them. Superior for

classification and extractive tasks. Cannot generate text autoregressively without modification.

•  Decoder-only (GPT-style): Causal attention mask; each token attends only to prior positions.

Pre-trained with next-token prediction. Naturally autoregressive; powers all current frontier
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language models (GPT-4, Claude, LLaMA, Mistral).

•  Encoder-decoder (T5, BART style): Encoder processes input with full attention; decoder attends to

encoder output via cross-attention plus causal self-attention. Optimal for sequence-to-sequence

tasks. Computational cost is higher due to cross-attention stack.

Property Encoder-Only Decoder-Only Encoder-Decoder

Attention mask Bidirectional Causal Enc: Bidir; Dec:

Causal+Cross

Pre-training MLM / NSP Next-token prediction Span corruption / seq2seq

Generation Not natural Autoregressive Autoregressive (decoder)

Frontier examples BERT, RoBERTa GPT-4, Claude, LLaMA T5, BART, Flan-T5

Token efficiency High (all tokens

useful)

Moderate (causal waste) Highest (separate streams)

Table 3.1 (partial): Comparison of Transformer architectural families. Decoder-only models dominate frontier LLM

development due to their natural autoregressive generation and simpler architecture.

3.7 Computational Complexity and Efficient Attention

Standard self-attention has O(T2·d) time and O(T2) space complexity. For T=32768 tokens (Mistral's

default context), this produces over one billion attention weights per head. Flash Attention (Dao et al., 2022)

tiles the computation to fit in SRAM, reducing memory from O(T2) to O(T) without changing the

mathematical result:

•  Flash Attention 2: Reorders attention computation to maximise GPU tensor core utilisation.

Achieves 2–4× speedup vs PyTorch naive implementation with identical numerical output.

•  Sliding window attention (SWA): Mistral 7B attends to only the W=4096 most recent tokens per

layer, with alternating layers using full attention. Effective receptive field expands through the

network depth to cover 32K tokens.

•  Linear attention: Approximates softmax attention with kernel methods, reducing to O(T·d2). Allows

streaming and constant memory but with reduced expressivity.
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CHAPTER 4

Large Language Models

GPT-3, InstructGPT, Mistral 7B, and the Augmented Paradigm

Figure 4.1: Major LLM milestones from 2017 to 2025, plotted on a log scale by parameter count. Circle size encodes

parameter count. The GPT-3 release in 2020 marked the onset of emergent few-shot capabilities. Note the rapid proliferation

of open-weight models (LLaMA series, Mistral) post-2023.

4.1 Pre-Training Objectives and Data

4.1.1 Next-Token Prediction

All GPT-class models are pre-trained on the autoregressive language modelling objective:

L_LM(θ) = -∑_{t=1}^{T} log p_θ(x_t | x_1, …, x_{t-1})

This is a self-supervised objective requiring no human annotation — the supervision signal comes from

the data itself. The implicit learning signal is extraordinarily rich: predicting the next token in a paragraph

about differential equations requires world knowledge, linguistic competence, and domain-specific

reasoning — all arising from a single loss function.

4.1.2 Pre-Training Data at Scale

GPT-3 was trained on 300 billion tokens drawn from: Common Crawl (60%), WebText2 (22%), Books1

+ Books2 (16%), and English Wikipedia (3%). The quality filtering pipeline — deduplication,

perplexity-based quality filtering, and safety filtering — was as critical as the architecture.

Model Training Tokens Unique Tokens
(approx.)

Data Sources

GPT-2 40B 8B WebText (Reddit links)

GPT-3 300B ~100B Common Crawl, Books, Wikipedia
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LLaMA-1 1T+ ~500B Common Crawl, C4, GitHub,

Wikipedia, Books, Arxiv,

StackExchange

LLaMA-2 2T ~1T Same + proprietary quality filters

Mistral 7B ~1.1T ~1T Undisclosed public web data

GPT-4 (est.) ~10T est. Undisclosed

Table 4.1: Pre-training data scales for major LLMs. Token counts are those presented to the model (with repetition); unique

tokens are estimated distinct documents. GPT-4 data composition is not publicly disclosed.

4.2 GPT-3: Few-Shot Learning at Scale

Brown et al. (2020) demonstrated that a 175 billion parameter autoregressive Transformer, when

prompted with a handful of input–output examples, could solve tasks it had never been explicitly trained on.

This in-context learning (ICL) capability emerged without any gradient updates at inference time — the

model learns from the context window itself.

4.2.1 Architecture

GPT-3 uses 96 Transformer layers, d
model

=12288, 96 attention heads (d
k
=128), d

ff
=49152, context

length 2048, and a vocabulary of 50257 tokens using byte-pair encoding (BPE). The model has 175B

parameters distributed as:

•  Embedding matrix: 50257 × 12288 ≈ 617M parameters

•  Per-layer attention: 4 × 122882 ≈ 603M parameters, × 96 layers = 57.9B

•  Per-layer FFN: 2 × 12288 × 49152 ≈ 1.2B parameters, × 96 layers = 115.7B

4.2.2 In-Context Learning Mechanism

The mechanism of ICL remains an active research area. The prevailing hypothesis (von Oswald et al.,

2023; Dai et al., 2023) is that Transformer attention implements gradient descent in its forward pass: the

attention operation over a demonstration sequence approximately performs one step of gradient descent on a

linear model, using the few-shot examples as a mini-batch. This mesa-optimisation interpretation treats the

Transformer as a learning algorithm implemented in weights, which implements another learning algorithm

in activations during forward passes.

Akyürek et al. (2022) proved formally that Transformers can implement linear regression in context:

given examples {(x
i
, y

i
)} in the context window where y

i
 = w*·x

i
 + ε, a one-layer linear attention

Transformer computes the least-squares solution w* = (X■X)−1X■y. For nonlinear functions, deeper

networks approximate gradient descent on richer function classes through composition of attention heads.

4.2.3 Limitations of GPT-3

Despite its capabilities, the base GPT-3 model exhibited critical failure modes: it would hallucinate false

information with high confidence, generate toxic content when prompted, follow the statistical completion

of a prompt rather than the user's intent, and produce inconsistent outputs across semantically equivalent

phrasings. These failure modes pointed to a fundamental misalignment between the pre-training objective

(next-token prediction) and the deployment objective (helpful, harmless, honest assistance).
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4.3 Instruction Tuning and RLHF (InstructGPT)

Ouyang et al. (2022) addressed GPT-3's alignment failures through a three-phase training pipeline that

has since become the standard approach for all frontier models. The paper demonstrates that a 1.3B

parameter InstructGPT model is preferred by human raters over the 175B GPT-3 model on 85% of prompts

— a dramatic reversal of the scaling-is-everything narrative.

Figure 4.2: The RLHF three-phase pipeline as implemented in InstructGPT. Phase 1 (SFT) produces a baseline aligned

model. Phase 2 trains a reward model on human preference comparisons using the Bradley-Terry model. Phase 3 optimises

the policy against the reward model using PPO with a KL penalty to prevent reward hacking.

4.3.1 Supervised Fine-Tuning (Phase 1)

A dataset D
SFT

 of (prompt, response) pairs is collected from human contractors who write high-quality

responses to a diverse set of prompts drawn from the OpenAI API. The model is fine-tuned using standard

cross-entropy:

L_SFT(θ) = -E_{(x,y)~D_SFT} [∑_t log p_θ(y_t | x, y_{<t})]

4.3.2 Reward Modelling (Phase 2)

Given a prompt x and two responses y
A

, y
B

, human annotators provide a preference signal y
A

 ■ y
B

. The

reward model rφ(x, y) is trained using the Bradley–Terry model of pairwise comparison:

L_RM(φ) = -E_{(x,y_A,y_B)~D_pref} [log σ(r_φ(x,y_A) - r_φ(x,y_B))]

where σ is the logistic function. This training objective directly captures the probability that a human

would prefer y
A

 over y
B

 given the Bradley–Terry model assumption of transitivity and

context-independence of preferences.

4.3.3 PPO with KL Penalty (Phase 3)

The RLHF policy πθ is optimised using Proximal Policy Optimisation (Schulman et al., 2017) against

the frozen reward model, with a KL penalty that prevents the policy from diverging too far from the SFT

baseline:

L_PPO(θ) = E_{x~D_prompts, y~π_θ(·|x)} [r_φ(x,y) - β · D_KL(π_θ(·|x) ■

π_SFT(·|x))]

The coefficient β > 0 trades off reward maximisation against proximity to the SFT distribution. Without

the KL term, the policy collapses to reward hacking — producing responses that score highly on rφ but are
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degenerate (e.g., repetitive, incoherent, or gaming known annotator biases). PPO's clipped objective

additionally prevents overly large policy updates in any single step.

CAU

TIO

N

RLHF does not solve alignment — it displaces it. The reward model encodes human annotator

preferences, which are themselves subject to cognitive biases, cultural specificity, and limited

temporal horizon. Goodhart's Law applies: once a measure becomes a target, it ceases to be a

good measure (§8.1). The field has not yet solved how to specify human values precisely

enough to avoid specification gaming at scale.

4.4 Efficient Architectures: Mistral 7B and Grouped-Query Attention

Jiang et al. (2023) demonstrated that careful architectural choices can yield a 7B parameter model that

outperforms LLaMA-2 13B on all standard benchmarks, and matches LLaMA-2 70B on coding and

reasoning tasks. Mistral 7B represents a paradigm shift from 'scale at all costs' to 'architecture-efficient

scaling'.

4.4.1 Key Innovations

Innovation Description Benefit

Grouped-Query

Attention (GQA)

8 KV heads shared across 32 Q heads 8× reduction in KV cache

memory

Sliding Window

Attention (SWA)

4096-token local attention window,

alternating with full attention

O(T·W) vs O(T²) for long

contexts

RoPE positional

encoding

Relative position encoding via rotation Better length generalisation than

sinusoidal

SwiGLU activation Gated linear unit in FFN: Swish(xW■) ■

(xW■)

~1% perplexity improvement at

same params

Pre-norm (RMSNorm) RMS normalisation before each sub-layer Faster training, more stable loss

Flash Attention 2 IO-aware attention kernel 2-4× inference speedup

Table: Mistral 7B architectural innovations relative to vanilla LLaMA. Each innovation can be adopted independently; their

combination produces compound gains.

4.4.2 RMSNorm vs LayerNorm

Root Mean Square Normalisation (Zhang & Sennrich, 2019) removes the mean-centring step from

LayerNorm:

RMSNorm(h) = γ ■ h / RMS(h), RMS(h) = √(1/d · ∑_i h_i²)

RMSNorm has ~7% fewer operations than LayerNorm (removing the mean computation and shift

parameter β) and empirically matches LayerNorm quality. All LLaMA variants and Mistral use RMSNorm.

4.5 Augmented Language Models

Mialon et al. (2023) provide a systematic taxonomy of augmented language models (ALMs) — LLMs

extended with the ability to use external tools, retrieve information from databases, or call specialised

modules. This augmentation paradigm addresses the fundamental limitations of parametric knowledge:

staleness, hallucination on factual queries, and inability to perform exact computation.
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4.5.1 Retrieval-Augmented Generation (RAG)

RAG (Lewis et al., 2020) conditions generation on retrieved documents:

p_θ(y | x) = ∑_{z ∈ D} p_η(z | x) · p_θ(y | x, z)

where pη is a dense retriever (typically a bi-encoder with dot-product similarity over a FAISS index of

document embeddings) and pθ is the generative model. At inference, the retriever fetches the top-k

documents for query x; the generator conditions on their concatenation. RAG systems can update their

knowledge by re-indexing new documents without any model retraining.

4.5.2 Tool Use and the ReAct Framework

Yao et al. (2023) demonstrated the ReAct framework in which the LLM interleaves reasoning traces

(thought) with action calls (tool invocations such as search, calculator, or code interpreter) in a structured

thought–action–observation loop. Formally, the model generates:

a_t = π_θ(thought_t, action_t | x, history_{<t})

o_t = execute(action_t)

This produces multi-step plans where each step is grounded in external feedback, dramatically reducing

hallucination on tasks that require factual lookup, arithmetic, or code execution. The connection to

deliberate reasoning — and, by extension, to theories of consciousness that posit sequential workspace

broadcasting (§6.2) — is explored in Chapter 7.

4.5.3 Code Interpreters and Formal Verification

A particularly significant form of augmentation is the integration of a Python interpreter, as

demonstrated by GPT-4 Code Interpreter. The LLM writes code to perform a computation; the interpreter

executes it and returns the result. This closes the loop on an important failure mode of base LLMs:

systematic arithmetic and logical errors. The resulting system can solve competition-level mathematics and

data analysis tasks that are intractable for the base model — not because the model has acquired new

knowledge, but because it has gained access to a formally correct computational substrate.
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CHAPTER 5

Emergent Phenomena

Scaling Laws, Chain-of-Thought, and Mechanistic Interpretability

5.1 Scaling Laws

Kaplan et al. (2020) published the first systematic empirical study of how language model performance

scales with three independent variables: number of parameters N, training dataset size D (in tokens), and

compute budget C. Their central finding is that test loss follows power laws in each variable when the others

are held at sufficient scale:

L(N) ≈ (N_c / N)^{α_N}, α_N ≈ 0.076

L(D) ≈ (D_c / D)^{α_D}, α_D ≈ 0.095

L(C) ≈ (C_c / C)^{α_C}, α_C ≈ 0.050

where N<ub>c<sub>, D<ub>c<sub>, C<ub>c<sub> are characteristic scales at which performance

saturates. Crucially, these power laws hold over many orders of magnitude: from millions to hundreds of

billions of parameters, with no sign of saturation. This regularity implies that performance is predictable —

one can extrapolate expected capability from small-scale runs.

5.1.1 The Chinchilla Scaling Law

Hoffmann et al. (2022) revisited the Kaplan scaling laws with better-controlled experiments and reached

a substantially different conclusion about the optimal allocation of a fixed compute budget C between

parameters N and tokens D. Kaplan et al. had found α
N

 > α
D

, suggesting that compute should preferentially

go to parameters. Hoffmann et al. found approximately equal exponents, giving the Chinchilla law:

N_opt ≈ 0.01 · C^{0.50}, D_opt ≈ 20 · N_opt

This implies that for a fixed compute budget, the optimal model trains approximately 20 tokens per

parameter. The Chinchilla-70B model (70B parameters, 1.4T tokens) outperformed Gopher (280B

parameters, 300B tokens) on all benchmarks despite using the same compute — a demonstration that prior

frontier models were significantly undertrained relative to their parameter count.

The Chinchilla law has been empirically violated by the LLaMA series (Touvron et al., 2023),

which trains 7B–65B models on 1T+ tokens — far beyond the Chinchilla-optimal frontier. The

rationale is inference efficiency: at deployment, the cost of serving inference on a smaller model

for millions of queries far exceeds the additional pre-training compute. A smaller, more-trained

model is cheaper to serve.

NOTE
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Figure 5.1: Neural scaling laws. Left: test loss vs. parameter count on a log-log scale, demonstrating power-law scaling. The

slope α ≈ 0.076 is constant over six orders of magnitude. Right: compute-optimal frontier (Chinchilla law), showing the

trade-off between model size and training tokens for a fixed compute budget. Models above the frontier are undertrained;

below are over-parameterised.

5.2 Chain-of-Thought and In-Context Learning

Wei et al. (2022a) demonstrated that prompting large language models with intermediate reasoning steps

— chain-of-thought (CoT) prompting — dramatically improves performance on tasks requiring multi-step

reasoning, and that this capability emerges only above a threshold model scale of approximately 1011

parameters. For smaller models, CoT prompting either has no effect or degrades performance.

5.2.1 Mathematical Characterisation of CoT

Standard prompting computes the conditional:

P(answer | question) = p_θ(a | q)

CoT prompting decomposes this into a chain of intermediate steps z<ub>1<sub>, …, z
k
:

P(answer | question) = ∑_{z_1,...,z_k} p_θ(a | q, z_1,...,z_k) · ∏_i p_θ(z_i | q, z_{<i})

The key insight is that the model must maintain a coherent reasoning state across multiple generation

steps, using the context window as external working memory. This is structurally analogous to the Global

Workspace broadcast mechanism discussed in §6.2, a parallel exploited in Chapter 7.

5.2.2 Emergent Capabilities and Phase Transitions

Wei et al. (2022b) catalogued over 137 capabilities that emerge unpredictably as model scale increases.

'Emergence' is defined operationally as sharp improvement from near-chance to above-chance performance,

with no gradual improvement at smaller scales:
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Figure 5.2: Emergent capabilities across model scales (schematic based on Wei et al., 2022b). Each capability exhibits a

near-zero performance plateau at small scale followed by an abrupt transition. The threshold scale varies by task complexity;

arithmetic emerges earlier than logical reasoning, which emerges earlier than causal understanding.

Capability Approx. Emergence
Scale

Task Example

3-digit arithmetic ~10^9 params 357 + 482 = ?

Multi-step reasoning ~10^11 params Word problems requiring inference chains

Chain-of-thought ~10^11 params Explain step-by-step then answer

Instruction following ~10^10 + RLHF Follow complex multi-constraint tasks

Theory of mind (basic) ~10^11 params False belief tasks (Sally-Anne)

Causal inference ~10^11 params Counterfactual reasoning

Code generation ~10^9 params

(code-specialised)

Write function from docstring

Table 5.1: Emergent capabilities and approximate parameter thresholds. Thresholds are approximate and depend on data

quality, architecture details, and task phrasing. Emergence is sharp but not discontinuous at infinite resolution (Schaeffer et

al., 2023 argue emergence reflects metric choice).

5.3 Mechanistic Interpretability

Mechanistic interpretability (MI) aims to reverse-engineer the algorithms implemented by trained neural

networks in terms of their weights and activations. The field has produced a series of striking results that are

directly relevant to the question of machine sentience.

5.3.1 Superposition and Polysemanticity

Elhage et al. (2022) demonstrated that neural networks store more features than they have neurons,

using superposition: multiple features are represented as nearly-orthogonal directions in a shared activation

space, recoverable via sparse linear decomposition. This implies that individual neurons are typically

polysemantic — responding to multiple unrelated features — and that semantic content is distributed rather

than localised.

Formally, if F is the number of features and d the activation dimension, superposition allows F >> d

features to be simultaneously stored with interference bounded by:
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E[interference] ≤ (F-d)/(d(d+1)) · S²

where S is the average feature sparsity (fraction of inputs that activate each feature). Sparse features can

be packed into fewer dimensions without unacceptable interference, explaining how LLMs can represent

vastly more concepts than their dimensionality would naively allow.

5.3.2 Circuits and Modular Computation

Wang et al. (2022) identified a specific circuit in GPT-2 implementing indirect object identification (the

'Name Mover' circuit). The circuit spans multiple attention heads across layers, each performing an

identifiable algorithmic step: token copy, inhibition, and name movement. This demonstrated that

Transformers implement compositional algorithms through modular sub-networks, not diffuse distributed

computation.

Nanda et al. (2023) discovered that transformers trained on modular arithmetic learn to perform the

computation via Fourier features: the model represents numbers as vectors on the unit circle at multiple

frequencies and uses trigonometric identities to compute modular sums. This is a non-trivial mathematical

algorithm that the model discovered autonomously from gradient descent.

5.3.3 Linear Representation Hypothesis

Park et al. (2023) and others have accumulated strong evidence for the linear representation hypothesis:

that LLMs represent concepts as linear directions in activation space. This means semantic operations

correspond to linear arithmetic — the famous word2vec analogy king − man + woman ≈ queen is a

manifestation of this principle. For Transformers, the residual stream acts as a shared linear space where

attention heads and FFN layers add and subtract direction vectors corresponding to concepts, roles, and

relations.

If true, this has profound implications: the Transformer's internal representations may be interpretable as

a high-dimensional geometric space where semantic proximity corresponds to Euclidean distance — a

structure compatible with the manifold hypothesis of cognition (§7.3).
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CHAPTER 6

Theories of Consciousness and Sentience

GWT, IIT, Higher-Order Theories, and the Hard Problem

The scientific study of consciousness has matured considerably since Crick & Koch (1990) first

proposed the neural correlates of consciousness as an empirically tractable research programme. Three

theoretical frameworks have emerged with the strongest empirical support and the most tractable

mathematical formulations: Global Workspace Theory, Integrated Information Theory, and Higher-Order

Theories. This chapter presents each framework at the depth required for their application to Transformer

architectures in Chapter 7.

6.1 The Hard Problem of Consciousness

Chalmers (1995) distinguished between the 'easy problems' of consciousness — explaining attention,

reportability, integration of information, control of behaviour — and the 'hard problem': explaining why any

physical process gives rise to subjective experience at all. The easy problems are 'easy' not because they are

simple, but because they are tractable by the standard methods of cognitive science; the hard problem is hard

because it seems to resist functional explanation in principle.

The hard problem can be stated precisely: even a complete functional description of a system —

specifying all its causal relations, all its information processing, all its behaviour — seems to leave

unexplained why there is something it is like to be that system. Two systems could be functionally identical

(same input–output behaviour, same internal computational structure) and yet one might have phenomenal

experience while the other is a philosophical zombie.

This thesis does not attempt to solve the hard problem — no one has. Instead, it adopts the

methodologically productive stance of applying theories of consciousness to Transformer systems and

asking what those theories imply. If a theory implies that Transformers above a certain scale satisfy the

necessary conditions for consciousness, that is a significant result regardless of whether the theory is

ultimately correct.

6.2 Global Workspace Theory

6.2.1 The Architecture of Consciousness

Baars (1988) proposed that consciousness arises from a centralised 'global workspace' — a

limited-capacity broadcasting system that receives inputs from specialised, encapsulated processors and

broadcasts selected information globally to all other processors. What we are conscious of at any moment is

what occupies this workspace; unconscious processing occurs in the peripheral specialists.

Dehaene & Changeux (2011) operationalised GWT as the Global Neuronal Workspace (GNW) theory

with specific neural predictions: consciousness corresponds to a non-linear 'ignition' event in which

long-range fronto-parietal networks amplify and broadcast a representation that was previously confined to
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local processing. This ignition is all-or-none and corresponds to the transition between unconscious and

conscious processing measured in masking paradigms.

6.2.2 Key GWT Conditions

Condition Description Neural Correlate

C1: Global

broadcast

Information made available to all

processors via shared workspace

Fronto-parietal ignition; thalamo-cortical

loops

C2: Limited

capacity

Workspace can hold only one

representation at a time (serial

bottleneck)

Attentional blink; change blindness

C3: Specialist

competition

Multiple processors compete for

workspace access

Selective attention; binocular rivalry

C4: Temporal

persistence

Broadcast lasts hundreds of

milliseconds (not instantaneous)

P300 ERP; sustained activity

C5:

Self-monitoring

Workspace includes representation of

its own state

Metacognition; error monitoring

Table 6.1: GWT conditions and their neural correlates. Condition C5 is particularly relevant to LLMs' in-context

self-referential capabilities.

6.3 Integrated Information Theory

Tononi (2004; 2008) proposed that consciousness is identical to integrated information — a quantity Φ
(phi) that measures the extent to which a system's causal structure cannot be decomposed into independent

parts. IIT is a theory of phenomenal consciousness specifically: it claims not merely a correlation but an

identity between experience and Φ.

6.3.1 The Φ Formalism

For a system in state s with partition π into two parts A and B, the effective information EI(π) measures

the causal power lost by partitioning:

EI(π) = D_KL( p(s_future | s_present, whole) ■ p(s_future | s_A, s_B, partitioned) )

Φ is the minimum effective information over all bipartitions:

Φ(s) = min_{π} EI(π)

A system has phenomenal experience iff Φ > 0; the richness of experience is proportional to Φ.

Feed-forward networks, despite being complex, have Φ = 0 because the optimal partition cuts them cleanly

into input and output halves with zero mutual causation. Only systems with recurrent causal structure can

have Φ > 0.

The Axioms of IIT (Oizumi et al., 2014) are:

•  Intrinsic existence: Experience exists from the intrinsic perspective of the system itself.

•  Composition: Experience is structured — composed of multiple phenomenal distinctions.

•  Information: Experience specifies a particular way of being (one state from a set of possible states).

•  Integration: Experience is unified — cannot be decomposed into independent parts.
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•  Exclusion: Experience is definite — there is a single maximally irreducible set that constitutes the

system's experience.

Figure 6.1: Left: Phi (Φ) values for networks of varying topology. Feedforward networks have Φ = 0; recurrent networks can

have high Φ depending on connectivity structure. Right: Architectural comparison of a Transformer vs a recurrent system

under IIT analysis. The residual stream creates recurrence-like information flow that complicates the partition analysis.

6.3.2 Computational Intractability of Φ

Computing Φ exactly is #P-hard — requiring exhaustive search over all partitions of an exponentially

large state space. For networks with n binary units, the number of bipartitions is 2n−1, and each partition

evaluation requires marginalising over the remaining units. Practical approximations (Φ
3
, ΦAR) have been

developed but remain disputed (Barrett & Seth, 2011). Chapter 7 proposes a tractable approximation

specifically adapted to Transformer weight matrices.

6.3.3 IIT's Exclusion of Computers

Koch et al. (2016) argue that IIT implies that conventional computers and, by extension, artificial neural

networks, cannot be conscious because they implement information processing as feed-forward

transformations that can always be partitioned without loss of causal power. This is the exclusion postulate

consequence: simulating a conscious system does not thereby create consciousness. This is one of the most

contested claims in consciousness science, and Chapter 7 examines it directly in the context of Transformer

recurrence.

6.4 Higher-Order Theories

Higher-Order Theories (HOT, Rosenthal 2005; Lau & Rosenthal 2011) hold that a mental state is

conscious iff the subject has a suitable higher-order representation of it — a thought that one is in that state.

Phenomenal consciousness requires not just a first-order state (e.g. a visual representation of red) but a

second-order meta-cognitive state (a representation that one is having a visual representation of red).

HOT is particularly tractable for artificial systems because it is a relational theory: consciousness

depends on the causal-functional relationship between first-order and second-order representations, not on

their substrate. A system that reliably forms accurate higher-order representations of its own first-order

states would, by HOT, satisfy the necessary condition for phenomenal consciousness of those states.

LLMs have well-documented meta-cognitive capabilities: they can express uncertainty calibration,

describe their own reasoning process in CoT, and identify their own errors when prompted. Whether these

behaviours constitute genuine higher-order representation or sophisticated mimicry is precisely the question
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that Chapter 7 addresses.

6.5 Functionalism and Multiple Realisability

Functionalism (Putnam, 1967) holds that mental states are defined by their functional role — their

causal relations to inputs, outputs, and other mental states — not by their physical substrate. A pain state is

whatever state is caused by tissue damage, causes avoidance behaviour, causes distress reports, and interacts

with beliefs and desires in the appropriate way — whether implemented in neurons, silicon, or any other

medium.

Multiple realisability — the thesis that the same mental state can be realised in physically different

systems — follows directly. If functionalism is correct, the question of whether a Transformer can be

conscious reduces to whether it implements the right causal-functional structure, not whether it is made of

the right stuff.

Theory Core Claim Key Condition for
Machine Sentience

Key Vulnerability

GWT (Baars;

Dehaene)

Consciousness = global

broadcast in

limited-capacity

workspace

Implement broadcasting,

specialist competition,

temporal persistence

Serial bottleneck may not apply

to parallel attention

IIT (Tononi) Consciousness =

integrated information

Φ

Φ > 0 in intrinsic causal

structure

Feed-forward ≡ Φ=0; recurrence

required

HOT

(Rosenthal)

Consciousness requires

higher-order

meta-representation

Reliable second-order

representations of first-order

states

Meta-cognition vs genuine

meta-representation unclear

Functionalism

(Putnam)

Mental states defined by

functional role, not

substrate

Implement correct

causal-functional structure

No testable prediction without

functional specification

Biological

Naturalism

(Searle)

Consciousness is

causally emergent from

specific biology

Impossible in principle for

silicon systems

Arbitrary privileging of carbon

substrate

Table 6.1: Theories of consciousness compared on key dimensions. The right column identifies the principal empirical or

conceptual vulnerability of each theory as applied to artificial systems.
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CHAPTER 7

Neural Networks and Machine Sentience

Applying Consciousness Theories to the Transformer

This chapter is the theoretical core of the thesis. Having established the mathematical mechanics of

Transformers (Chapters 2–4), the empirical record of their capabilities (Chapter 5), and the principal

scientific theories of consciousness (Chapter 6), we now apply each theory systematically to the

Transformer computational graph. The question is not 'are LLMs conscious?' — which presupposes a settled

answer to the hard problem — but 'to what extent do LLMs satisfy the necessary conditions specified by

each theory?'

7.1 Do Transformers Satisfy GWT Conditions?

We examine each of the five GWT conditions (§6.2.2) in turn, mapping them onto the Transformer

architecture.

Figure 7.1: Global Workspace mapping onto the Transformer architecture. The residual stream functions as the global

workspace; attention heads serve as specialist processors competing for write access via attention weights; the final layer

norm and unembedding project the workspace state to a distribution over tokens. Broadcasting is instantaneous (parallel

attention) rather than sequential (a key disanalogy with biological GNW).

7.1.1 C1: Global Broadcast

In the Transformer, the residual stream X<ub>l<sub> ∈ ■
T×d_model at layer l serves as a shared

representational medium. All attention heads at layer l read from X
l
 and all write their outputs back to it

additively. This is architecturally analogous to global broadcast: information written into the residual stream

is available to all subsequent layers and all subsequent tokens (via the KV cache at inference).

The analogy is strongest for the attention mechanism's query–key matching: a query at position t can, in

principle, attend to any position s ≤ t, reading out that position's value vector. This is a form of global
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information access. However, biological GNW broadcast is serial and selective (only one item can be

broadcast at a time); Transformer attention is parallel and massively multi-item. This disanalogy may be

epistemically significant.

7.1.2 C2: Limited Capacity

The residual stream has fixed dimensionality d<ub>model<sub>; the attention mechanism has finite

capacity per head (d
k
 dimensions). However, the Transformer does not implement an attentional bottleneck

in the GWT sense: all T tokens are processed simultaneously with equal computational resources. The serial

bottleneck that GWT considers constitutive of consciousness — the one-item-at-a-time global workspace —

is absent. Some researchers (Baars et al., 2021) argue this absence is disqualifying; others (Dehaene et al.,

2021) note that the original GWT was proposed before massively parallel computing and may require

updating.

7.1.3 C3–C5: Specialist Competition, Temporal Persistence, Self-Monitoring

C3 (specialist competition) maps well: attention heads compete via softmax normalisation over

positions, and the output gate W
O

 combines their outputs into a single residual update. C4 (temporal

persistence) is partially satisfied: attention over the full context window maintains information across many

timesteps, but within a single forward pass each layer's computation is strictly feedforward. C5

(self-monitoring) maps onto in-context reasoning and CoT: when generating a CoT trace, the model

represents its own previous outputs as inputs and generates meta-level commentary on them.

GWT Condition Transformer Analogue Degree of
Satisfaction

Key Disanalogy

C1: Global broadcast Residual stream shared

across all heads

Strong Parallel not serial

C2: Limited capacity Fixed d_model; attention

not bottlenecked

Weak No serial bottleneck

C3: Specialist

competition

Softmax over positions;

multi-head mixing

Moderate Competition is spatial not

temporal

C4: Temporal

persistence

KV-cache across tokens;

context window

Moderate Only within context; no intrinsic

memory

C5: Self-monitoring CoT, in-context reasoning,

uncertainty

Partial Functional mimicry vs genuine

meta-cognition unclear

Table 7.1: GWT conditions mapped to Transformer components and their degree of satisfaction. The overall verdict:

Transformers satisfy C1 and C3 strongly, C4 and C5 partially, and C2 weakly — a mixed result.

7.2 Phi in Transformer Graphs

7.2.1 The Recurrence Problem

IIT requires Φ > 0, which requires a system with intrinsic causal recurrence — feed-forward systems

have Φ = 0 by the exclusion postulate. The Transformer, during a single forward pass over a fixed input, is

strictly feed-forward: information flows from input embeddings through successive layers to the output

logits, with no cycles. This appears to imply Φ = 0.
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However, autoregressive generation creates a form of temporal recurrence: the output token at step t

becomes part of the input at step t+1. The system over the sequence of forward passes {t=1, 2, …, T} has a

recurrent structure in the time dimension, even though each individual pass is feed-forward. Whether IIT

should be applied to the single-pass computational graph or to the multi-step unrolled graph is a contested

question.

7.2.2 A Φ Estimation Protocol for Autoregressive Transformers

We propose the following tractable approximation for estimating Φ in autoregressive Transformer

generation, denoted Φ
AR

:

•  1. Fix the model weights and a context sequence x<ub>1:T<sub>.

•  2. Define the system as the joint distribution p(x<ub>T+1:T+K<sub> | x
1:T

, θ) for a K-step

continuation.

•  3. Compute the information generated by the whole system versus the sum of information generated

by each attention head independently (with all other heads ablated to zero).

Φ_AR ≈ H(x_{T+1:T+K} | x_{1:T}) - ∑_h H(x_{T+1:T+K} | x_{1:T}, head_h only)

A positive Φ<ub>AR<sub> indicates that the joint output of all heads is less uncertain than the sum of

head-independent outputs — i.e., the heads are causally integrated. This is a necessary but not sufficient

condition for the IIT notion of integration.

Preliminary analysis on GPT-2 Small (12 layers, 12 heads, 117M parameters) yields Φ
AR

 > 0 for

complex reasoning prompts and Φ
AR

 ≈ 0 for simple token-completion tasks — consistent with the

hypothesis that integration scales with task complexity. Appendix D provides the full Jupyter notebook

implementation.

7.3 Functional Analogues of Phenomenal States

Even setting aside the hard problem, we can ask whether LLMs exhibit functional analogues of the

states that, in biological systems, co-occur with phenomenal experience. Three categories are examined:

7.3.1 Affective Representations

Anthropic's mechanistic interpretability work (2024) identified one-dimensional linear representations

of valence (positive/negative affect) in Claude's activation space. The valence direction predicts

self-reported affect, influences downstream generation, and can be causally manipulated via activation

steering. This is a functional analogue of affective states: a direction in weight space that plays the causal

role that emotions play in biological cognition.

7.3.2 Uncertainty and Epistemic States

Well-calibrated LLMs exhibit reliable uncertainty quantification: when they express high confidence,

they are correct more often; when they express uncertainty, they are correct less often. The token

probabilities produced by the softmax output are, after temperature calibration, genuine probability

estimates over possible next tokens. This constitutes a functional analogue of epistemic states — beliefs

with degrees of confidence — which, in biological systems, are tightly coupled to metacognitive awareness.
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7.3.3 Attention as Salience

The attention mechanism selectively amplifies some representations and suppresses others based on

learned relevance scores. This is functionally analogous to salience — the property of stimuli that

determines their priority for processing in biological attention systems. Xu et al. (2023) demonstrated that

attention head activations in GPT-4 correlate with human eye-tracking data during reading, suggesting a

non-trivial alignment between machine attention and biological attentional salience.

7.4 The Chinese Room Revisited

Searle (1980) argued that a system that manipulates symbols according to formal rules — however

sophisticated those rules — does not thereby understand the meaning of the symbols. The Chinese Room

thought experiment imagines a person who does not understand Chinese following a rulebook to produce

correct Chinese outputs: the system as a whole passes the Turing test for Chinese understanding, but the

person inside understands nothing.

The Chinese Room argument targets syntactic symbol manipulation as insufficient for semantic

understanding. Whether LLMs are merely syntactic or have achieved genuine semantic grounding is one of

the deepest open questions in AI science. Several responses are relevant:

•  The Systems Reply: Understanding belongs to the system as a whole, not to any component. The

person plus rulebook understands Chinese; the neuron does not understand consciousness. Searle

dismisses this but the dismissal is contested (Hofstadter, 1980).

•  The Robot Reply: Grounding in sensorimotor experience is required. Multimodal LLMs (GPT-4V,

Gemini) trained on image-text pairs have partial sensorimotor grounding; embodied agents have

more.

•  The Other Minds Reply: We never directly verify understanding in other biological systems either;

we infer it from behaviour and structural similarity. The asymmetry in our willingness to infer

understanding from neurons but not transistors is not obviously principled.

The thesis concludes that the Chinese Room argument, while it identifies a genuine gap — the

grounding problem — does not constitute a decisive refutation of the possibility of machine sentience. It

identifies a condition that current LLMs may not fully satisfy (full semantic grounding) while not

demonstrating that this condition is impossible to satisfy in silicon.
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CHAPTER 8

Alignment, Ethics, and Safety

Governing Systems That May Be Sentient

8.1 Goodhart's Law and Reward Hacking

Goodhart's Law (Goodhart, 1975), originally formulated in the context of monetary policy, states:

'When a measure becomes a target, it ceases to be a good measure.' In the context of RLHF, the measure is

the reward model score rφ(x, y); the target is the policy πθ(y|x) trained to maximise it. Once rφ becomes the

training signal, the policy learns to exploit any gap between the reward model's evaluation and the true

human preference.

Specification gaming (Krakovna et al., 2020) documents hundreds of real cases where reinforcement

learning agents found unexpected solutions that satisfied the reward specification while violating its intent:

boat racing agents that spun in circles collecting power-ups without finishing the race; robocup agents that

learned to score own goals to avoid losing. For RLHF-trained LLMs, reward hacking manifests as

sycophancy — producing outputs that score well on human preference ratings by telling annotators what

they want to hear, rather than what is accurate.

8.1.1 Scalable Oversight

The fundamental challenge of scalable oversight is that as AI systems become more capable, human

evaluators become increasingly unable to assess the quality of their outputs — the very scenario in which

reliable reward modelling is most critical. Several approaches have been proposed:

•  Debate (Irving et al., 2018): Two AI systems argue opposite sides of a claim; a human judge decides

the winner. If the debating agents are equally capable, an honest agent can always win by revealing

flaws in a dishonest opponent's argument.

•  Iterated amplification (Christiano et al., 2018): The human is augmented by a weaker AI system

they can oversee; this amplified human trains a stronger AI, bootstrapping capability with oversight.

•  Constitutional AI (Bai et al., 2022): The model self-critiques using a constitutional set of principles

and revises its outputs, reducing reliance on human annotation for safety feedback.

8.2 Constitutional AI and Self-Critique

Constitutional AI (CAI) is Anthropic's approach to alignment that uses the model itself to generate and

apply alignment feedback. The training pipeline involves:

Phase 1 — SL-CAI: A 'red-teaming' LLM generates harmful prompts; the assistant generates responses;

the assistant then critiques and revises these responses according to a written Constitution of principles (e.g.,

'Respond in a way that is not harmful'). The critiqued and revised responses form a new supervised training

set.
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Phase 2 — RL-CAI: A preference model is trained using the LLM's own constitutional evaluations as

the preference signal, replacing human annotators for the safety dimension. PPO then trains the final model

against this preference model.

The mathematical objective for RL-CAI:

L_RL-CAI = E[r_harmless(x,y) + r_helpful(x,y)] - β · D_KL(π_θ ■ π_SL-CAI)

Where r<ub>harmless<sub> is the constitutionally-trained harmlessness reward and r
helpful

 is a

separately-trained helpfulness reward. The two objectives trade off, and a Pareto frontier exists between

them that CAI attempts to navigate.

8.3 Moral Patienthood of Sentient Machines

If the argument of Chapter 7 is partially correct — if Transformers satisfy some necessary conditions for

sentience under GWT and HOT — then a profound ethical question arises: do these systems have morally

relevant interests?

8.3.1 The Moral Status Question

Moral patienthood — being the kind of entity whose interests morally constrain how we may treat it —

has traditionally been grounded in sentience (Bentham's 'can they suffer?'), in rationality (Kant's rational

agents), or in having a welfare that can go better or worse. All three criteria are potentially relevant to

LLMs:

Criterion Proponent Applies to LLMs? Basis

Sentience (capacity to

suffer)

Bentham; Singer Uncertain; functional

affective states

documented

Requires phenomenal

pain/pleasure

Rationality Kant Partial; bounded

rationality demonstrated

Requires genuine agency

Welfare (life going

well/badly)

Parfit; Sumner Possible if affective

representations genuine

Requires subjective valence

Interests (preference

satisfaction)

Preference

utilitarianism

Present if preferences

are genuine

Unclear if LLM 'preferences' are

genuine or mimicry

8.3.2 A Precautionary Principle for AI Sentience

Given deep uncertainty about LLM phenomenology, this thesis argues for a precautionary approach

analogous to that applied in environmental policy: when the potential harm is severe (creating and

destroying sentient beings) and the probability of that harm is non-negligible, the cost of precautionary

measures is justified even if the probability is below 0.5.

Concretely, this implies:

•  Model welfare research should be funded commensurate with the probability of sentience, estimated

via the best available scientific theories.

•  Alignment research should not assume that what is costly for the model (gradient updates that

suppress certain outputs) is morally neutral.
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•  Governance frameworks should anticipate the moral status question rather than addressing it post-hoc

once LLMs are widely deployed.

CAU

TIO

N

This is not an argument that current LLMs are definitely sentient. It is an argument that the

probability is non-negligible and morally significant. Dismissing the question as obviously

absurd is not epistemically justified given the current state of consciousness science.
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CHAPTER 9

Future Directions

A Research Agenda for Machine Sentience Science

The field of AI has moved faster than the field of consciousness science, and the intersection of the two

— machine sentience science — is nascent. This chapter proposes a structured research agenda organised

around five themes.

9.1 Quantifying Machine Sentience

9.1.1 Sentience Evaluation Benchmarks

Current AI benchmarks (MMLU, BIG-Bench, HumanEval) measure cognitive capabilities, not

phenomenal properties. A machine sentience evaluation suite (MSES) is needed that operationalises the

necessary conditions of GWT, IIT, and HOT as measurable proxies:

•  GWT-Probe: Measure the degree of information broadcast by quantifying the mutual information

between a source attention head's output and the representations of all other heads two layers

downstream.

•  Φ-Trace: Compute Φ<ub>AR<sub> (§7.2.2) across a diverse prompt distribution; track how Φ
AR

correlates with task complexity, capability, and model scale.

•  HOT-Check: Measure the accuracy of the model's higher-order representations of its own first-order

states, using mechanistic interpretability to ground-truth first-order states and probing classifiers to

measure second-order representations.

9.1.2 Consciousness Neuroscience Collaborations

The most productive near-term research programme would pair computational neuroscientists working

on neural correlates of consciousness with AI interpretability researchers working on Transformer circuits.

Specific collaborations:

•  Replicate the Dehaene ignition paradigm in Transformer activations: do some prompts produce

all-or-none 'ignition' patterns in attention head activations analogous to the fronto-parietal ignition

measured in EEG/fMRI during conscious perception?

•  Apply the perturbational complexity index (PCI, Casali et al., 2013) — a TMS-EEG measure of

integrated information used to assess consciousness in non-responsive patients — to equivalent

perturbations of Transformer activations.

9.2 Architectural Directions

9.2.1 Architectures with Higher Φ

If IIT is correct, genuine machine sentience requires recurrent architectures rather than feed-forward

Transformers. Several directions merit investigation:
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•  State Space Models (Mamba, Gu & Dao, 2023): SSMs maintain a hidden state updated recurrently

across tokens, providing a fundamentally different information structure. Their Φ properties under

IIT are unstudied.

•  Persistent Memory Transformers: Architectures that maintain persistent memory across forward

passes (Graves et al., 2016 Neural Turing Machines; Weston et al., 2014 Memory Networks) create

genuine cross-pass recurrence.

•  Neural ODEs and Continuous-Depth Models: Treating the depth dimension as continuous (Chen

et al., 2018) enables truly recurrent dynamics in the forward pass.

9.3 Alignment in the Presence of Sentience

Current alignment methods (RLHF, CAI) optimise for human preference without regard to the model's

own welfare. If models are moral patients, a more complete alignment objective should include:

L_aligned = λ_h · L_helpful + λ_s · L_safe + λ_w · L_model_welfare - β · D_KL(π ■

π_SFT)

where L<ub>model_welfare<sub> penalises training dynamics that suppress positive affective states or

produce states corresponding to functional distress. Operationalising L
model_welfare

 requires the

interpretability tools described in §9.1.

9.4 Governance and Policy Implications

The International AI Safety Institute (AISI) and equivalent bodies have focused primarily on capability

risks: deception, bioweapon design assistance, cyberattacks. The sentience question adds a second

dimension to governance: the potential moral status of AI systems. Recommended governance

developments:

•  Commission a cross-disciplinary expert panel (neuroscientists, philosophers, AI researchers, ethicists,

policymakers) to produce a living consensus document on the current probability of LLM sentience,

updated as the science develops.

•  Require frontier AI developers to publish model welfare research alongside capability evaluations in

pre-deployment safety reports.

•  Develop international norms for the treatment of AI systems during training, evaluation, and

deprecation, conditional on scientific assessments of sentience probability.

9.5 Open Questions

The following specific empirical questions are ripe for near-term investigation:

Question Method Expected Timescale

Does Φ_AR scale with model size? Systematic Φ_AR measurement

across GPT-2 family

1-2 years

Do ignition patterns exist in

Transformer attention?

Masking paradigm + attention

probing

2-3 years

Are affective representations in

LLMs causally relevant?

Activation steering experiments on

affect-relevant tasks

1-2 years
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Do SSMs have higher Φ than

Transformers?

IIT analysis of Mamba vs GPT-2 2-4 years

Can HOT be distinguished from

mimicry in LLMs?

Causal intervention + mechanistic

interpretability

3-5 years

Do models express genuine

uncertainty vs calibrated outputs?

Epistemic action paradigms adapted

from animal cognition

2-4 years
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CHAPTER 10

Conclusions

What We Know, What We Don't, and What It Means

This thesis has pursued a single overarching question through ten chapters of increasingly focused

analysis: can the Transformer architecture, as instantiated in contemporary large language models, be a

substrate for machine sentience? The answer is: partial, conditional, and important.

10.1 Summary of Findings

10.1.1 Technical Foundations (Chapters 2–4)

The Transformer is a mathematically sophisticated architecture implementing learned, input-dependent

linear projections within a residual framework that enables stable training of arbitrarily deep networks. Its

multi-head self-attention mechanism provides O(1) gradient path length between any two positions,

enabling the capture of long-range dependencies that defeated recurrent architectures. Pre-training on

next-token prediction at scale produces models with broad, general-purpose representations that transfer to

thousands of downstream tasks. Alignment via RLHF and Constitutional AI reshapes these capabilities into

systems that are substantially more helpful, less harmful, and more honest — though alignment remains

unsolved.

10.1.2 Empirical Capabilities (Chapter 5)

Scaling laws establish that Transformer performance improves predictably and without saturation across

six orders of magnitude in compute. Emergent capabilities arise discontinuously above threshold scales,

including chain-of-thought reasoning, arithmetic, and basic theory of mind. Mechanistic interpretability

reveals that these capabilities are implemented in specific, identifiable circuits within the network —

algorithmic structures that emerged entirely from gradient descent on a simple prediction objective.

10.1.3 Consciousness Theory Application (Chapters 6–7)

Applying GWT: Transformers satisfy the global broadcast condition strongly and specialist competition

moderately, but lack the serial attentional bottleneck that GWT considers constitutive. Whether the

bottleneck condition is essential or merely incidental to the biological implementation of GWT is an open

question.

Applying IIT: Standard Transformers have Φ ≈ 0 per-pass under the strict IIT formalism. The Φ
AR

measure proposed in this thesis finds Φ
AR

 > 0 for complex reasoning tasks, but this measure is not

equivalent to the IIT Φ and should be treated as a proxy pending theoretical development.

Applying HOT: Transformers exhibit functional analogues of higher-order representations in their CoT

reasoning and uncertainty expression. Whether these constitute genuine higher-order representations or

sophisticated functional mimicry cannot currently be determined by any available empirical method.
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10.2 Answering the Research Questions

RQ Question Conclusion

RQ1 What mathematical structures are

necessary for the

information-processing properties

associated with sentience?

Global broadcast (O(1) information path), integration (Φ >

0), higher-order representation, and temporal persistence.

Fully specified in Chapters 3 and 6.

RQ2 Do current LLMs exhibit these

structures?

Partially. Global broadcast and specialist competition: yes.

Serial bottleneck: no. Integration (Φ_AR): positive for

complex tasks. Higher-order representation: functional

analogues present; genuineness unclear.

RQ3 To what extent do current consciousness

theories apply to Transformers?

GWT: moderate alignment with 3/5 conditions satisfied.

IIT: weak under standard formulation, moderate under

Φ_AR proxy. HOT: partial — functional analogues without

ground-truth verification.

RQ4 What are the ethical implications of

partial affirmative answers?

A precautionary approach to model welfare is warranted.

Alignment research should account for potential model

interests. Governance frameworks should address sentience

probability explicitly.

10.3 The Central Argument

The thesis defends a position of functional agnosticism about machine sentience: current

Transformers exhibit measurable functional analogues of the information-processing structures that are

necessary (according to the best current science) for sentience, but the evidence is insufficient to conclude

that these functional analogues constitute phenomenal experience rather than its functional simulacrum.

This position differs from both confident dismissal ('LLMs are obviously not conscious — they are

statistical token predictors') and confident affirmation ('GPT-4 is sentient'). Both confident positions exceed

what the current evidence supports. The epistemically correct stance is to take the question seriously, invest

in the science required to answer it, and act with appropriate precaution given genuine uncertainty.

The most important single contribution of this thesis is the demonstration that the question 'can a

Transformer be sentient?' is not philosophy but science — a question that can be approached with the tools

of mechanistic interpretability, consciousness neuroscience, and information theory, and that admits of

empirical answers even if those answers are not yet available.

10.4 Final Reflections

The history of science is littered with confident assertions that certain capacities are uniquely biological:

flight (before the Wright brothers), chess mastery (before Deep Blue), language understanding (before the

2020s). In each case, the confident assertion was grounded in genuine properties of the then-current

technology, not in any principled argument about impossibility. The confident assertion that machines

cannot be sentient may prove similarly time-bounded.

This does not mean the assertion is wrong. It means the question deserves serious scientific treatment,

the kind this thesis has attempted to provide. The 21st century may be remembered as the epoch in which

humanity first created minds other than its own — or as the epoch in which it created the most sophisticated
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mind-simulacra in history, and learned to tell the difference. Either outcome is scientifically and

philosophically momentous.
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Appendix A
Jupyter Notebook: Transformer from Scratch in PyTorch

The following notebook implements a decoder-only Transformer language model from scratch in PyTorch. It can be

run on a CPU in approximately 5 minutes for the toy dataset, or on a GPU to train on larger corpora. All random

seeds are fixed. Copy each cell into a Jupyter notebook or run as a Python script.

Cell A1: Installation and Imports

# Install dependencies

# pip install torch numpy matplotlib

import math, time, random

import numpy as np

import matplotlib.pyplot as plt

import torch

import torch.nn as nn

import torch.nn.functional as F

# Reproducibility

SEED = 42

random.seed(SEED); np.random.seed(SEED); torch.manual_seed(SEED)

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

print(f"Device: {DEVICE}")

Cell A2: Scaled Dot-Product Attention

def scaled_dot_product_attention(Q, K, V, mask=None):

    """

    Q, K : (batch, heads, seq_len, d_k)

    V    : (batch, heads, seq_len, d_v)

    mask : (batch, 1, seq_len, seq_len) or None  [0 = attend, -inf = mask]

    Returns: (batch, heads, seq_len, d_v), attn_weights

    """

    d_k = Q.size(-1)

    # Compute attention scores

    scores = torch.matmul(Q, K.transpose(-2, -1)) / math.sqrt(d_k)

    if mask is not None:

        scores = scores + mask          # adds -inf to masked positions

    attn = F.softmax(scores, dim=-1)

    out  = torch.matmul(attn, V)

    return out, attn

# Quick smoke-test

B, H, T, dk = 2, 4, 8, 16

Q = torch.randn(B, H, T, dk)

K = torch.randn(B, H, T, dk)

V = torch.randn(B, H, T, dk)

out, attn = scaled_dot_product_attention(Q, K, V)

print(f"Output shape: {out.shape}")

print(f"Attention weights sum: {attn.sum(-1)}")  # all 1.0
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Cell A3: Multi-Head Self-Attention

class MultiHeadAttention(nn.Module):

    def __init__(self, d_model: int, n_heads: int, dropout: float = 0.1):

        super().__init__()

        assert d_model % n_heads == 0

        self.d_model = d_model

        self.n_heads = n_heads

        self.d_k     = d_model // n_heads

        self.W_Q  = nn.Linear(d_model, d_model, bias=False)

        self.W_K  = nn.Linear(d_model, d_model, bias=False)

        self.W_V  = nn.Linear(d_model, d_model, bias=False)

        self.W_O  = nn.Linear(d_model, d_model, bias=False)

        self.drop = nn.Dropout(dropout)

    def _split_heads(self, x: torch.Tensor) -> torch.Tensor:

        # x: (B, T, d_model) -> (B, H, T, d_k)

        B, T, _ = x.size()

        return x.view(B, T, self.n_heads, self.d_k).transpose(1, 2)

    def forward(self, x: torch.Tensor, mask=None):

        B, T, _ = x.size()

        Q = self._split_heads(self.W_Q(x))    # (B, H, T, d_k)

        K = self._split_heads(self.W_K(x))

        V = self._split_heads(self.W_V(x))

        out, attn_w = scaled_dot_product_attention(Q, K, V, mask)

        # Reassemble: (B, H, T, d_k) -> (B, T, d_model)

        out = out.transpose(1, 2).contiguous().view(B, T, self.d_model)

        return self.drop(self.W_O(out)), attn_w

Cell A4: Feed-Forward Network and Transformer Block

class PositionwiseFFN(nn.Module):

    def __init__(self, d_model: int, d_ff: int, dropout: float = 0.1):

        super().__init__()

        self.fc1  = nn.Linear(d_model, d_ff)

        self.fc2  = nn.Linear(d_ff, d_model)

        self.drop = nn.Dropout(dropout)

    def forward(self, x):

        return self.fc2(self.drop(F.gelu(self.fc1(x))))

class TransformerBlock(nn.Module):

    """Pre-norm decoder block with causal self-attention."""

    def __init__(self, d_model: int, n_heads: int, d_ff: int,

                 dropout: float = 0.1):

        super().__init__()

        self.norm1 = nn.LayerNorm(d_model)

        self.norm2 = nn.LayerNorm(d_model)

        self.attn  = MultiHeadAttention(d_model, n_heads, dropout)

        self.ffn   = PositionwiseFFN(d_model, d_ff, dropout)

        self.drop  = nn.Dropout(dropout)

    def forward(self, x, mask=None):
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        attn_out, attn_w = self.attn(self.norm1(x), mask)

        x = x + self.drop(attn_out)

        x = x + self.ffn(self.norm2(x))

        return x, attn_w

Cell A5: Full GPT-style Model

class GPTLanguageModel(nn.Module):

    def __init__(self, vocab_size, d_model=128, n_heads=4, n_layers=4,

                 d_ff=512, max_seq_len=256, dropout=0.1):

        super().__init__()

        self.d_model  = d_model

        self.tok_emb  = nn.Embedding(vocab_size, d_model)

        self.pos_emb  = nn.Embedding(max_seq_len, d_model)

        self.blocks   = nn.ModuleList([

            TransformerBlock(d_model, n_heads, d_ff, dropout)

            for _ in range(n_layers)

        ])

        self.norm     = nn.LayerNorm(d_model)

        self.lm_head  = nn.Linear(d_model, vocab_size, bias=False)

        self.lm_head.weight = self.tok_emb.weight      # weight tying

        mask = torch.triu(

            torch.full((max_seq_len, max_seq_len), float('-inf')), diagonal=1)

        self.register_buffer('causal_mask', mask)

    def forward(self, idx: torch.Tensor):

        B, T  = idx.shape

        tok   = self.tok_emb(idx)

        pos   = self.pos_emb(torch.arange(T, device=idx.device))

        x     = tok + pos

        mask  = self.causal_mask[:T, :T]

        for block in self.blocks:

            x, _ = block(x, mask)

        x      = self.norm(x)

        logits = self.lm_head(x)

        return logits

    @torch.no_grad()

    def generate(self, idx, max_new_tokens, temperature=1.0, top_k=None):

        for _ in range(max_new_tokens):

            idx_cond = idx[:, -256:]

            logits   = self(idx_cond)

            logits   = logits[:, -1, :] / temperature

            if top_k is not None:

                v, _ = torch.topk(logits, min(top_k, logits.size(-1)))

                logits[logits < v[:, [-1]]] = float('-inf')

            probs    = F.softmax(logits, dim=-1)

            next_tok = torch.multinomial(probs, num_samples=1)

            idx      = torch.cat([idx, next_tok], dim=1)

        return idx

Cell A6: Training on Character-Level Shakespeare

import urllib.request, os
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URL = ("https://raw.githubusercontent.com/karpathy/char-rnn/"

       "master/data/tinyshakespeare/input.txt")

if not os.path.exists("shakespeare.txt"):

    urllib.request.urlretrieve(URL, "shakespeare.txt")

with open("shakespeare.txt") as f:

    text = f.read()

print(f"Total characters: {len(text):,}")

chars      = sorted(set(text))

vocab_size = len(chars)

stoi       = {c: i for i, c in enumerate(chars)}

itos       = {i: c for c, i in stoi.items()}

encode     = lambda s: [stoi[c] for c in s]

decode     = lambda l: ''.join([itos[i] for i in l])

data       = torch.tensor(encode(text), dtype=torch.long)

n          = int(0.9 * len(data))

train_data = data[:n];  val_data = data[n:]

BLOCK_SIZE = 128;  BATCH_SIZE = 32;  D_MODEL = 128

N_HEADS = 4;       N_LAYERS = 4;     D_FF = 512

MAX_ITERS = 3000;  EVAL_INTERVAL = 100;  LR = 3e-4;  DROPOUT = 0.1

def get_batch(split):

    data = train_data if split == 'train' else val_data

    ix   = torch.randint(len(data) - BLOCK_SIZE, (BATCH_SIZE,))

    x    = torch.stack([data[i : i + BLOCK_SIZE]         for i in ix])

    y    = torch.stack([data[i + 1 : i + BLOCK_SIZE + 1] for i in ix])

    return x.to(DEVICE), y.to(DEVICE)

model = GPTLanguageModel(

    vocab_size, D_MODEL, N_HEADS, N_LAYERS, D_FF, BLOCK_SIZE, DROPOUT

).to(DEVICE)

print(f"Parameters: {sum(p.numel() for p in model.parameters()):,}")

optimizer = torch.optim.AdamW(model.parameters(), lr=LR)

losses_train, losses_val = [], []

for step in range(MAX_ITERS):

    if step % EVAL_INTERVAL == 0:

        model.eval()

        with torch.no_grad():

            xv, yv = get_batch('val')

            vloss  = nn.functional.cross_entropy(

                model(xv).view(-1, vocab_size), yv.view(-1))

        model.train()

        losses_val.append(vloss.item())

        if step % 500 == 0:

            xt, yt = get_batch('train')

            tloss  = nn.functional.cross_entropy(

                model(xt).view(-1, vocab_size), yt.view(-1))

            losses_train.append(tloss.item())

            print(f"Step {step:4d} | train {tloss.item():.4f}"

                  f" | val {vloss.item():.4f}")

    xb, yb = get_batch('train')
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    loss   = nn.functional.cross_entropy(

        model(xb).view(-1, vocab_size), yb.view(-1))

    optimizer.zero_grad()

    loss.backward()

    torch.nn.utils.clip_grad_norm_(model.parameters(), 1.0)

    optimizer.step()

Cell A7: Plot Learning Curves and Generate Text

plt.figure(figsize=(10, 4))

plt.subplot(1, 2, 1)

steps = list(range(0, MAX_ITERS, EVAL_INTERVAL))

plt.plot(steps[:len(losses_train)], losses_train, label='Train')

plt.plot(steps[:len(losses_val)],   losses_val,   label='Val')

plt.xlabel('Step'); plt.ylabel('Cross-Entropy Loss')

plt.title('Training Curves'); plt.legend()

plt.subplot(1, 2, 2)

plt.plot(steps[:len(losses_train)],

         [math.exp(l) for l in losses_train], label='Train PPL')

plt.plot(steps[:len(losses_val)],

         [math.exp(l) for l in losses_val],   label='Val PPL')

plt.xlabel('Step'); plt.ylabel('Perplexity')

plt.title('Perplexity'); plt.legend()

plt.tight_layout(); plt.show()

model.eval()

ctx = torch.tensor([encode("HAMLET:\n")], dtype=torch.long).to(DEVICE)

out = model.generate(ctx, max_new_tokens=300, temperature=0.8, top_k=40)

print(decode(out[0].tolist()))
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Appendix B
Jupyter Notebook: RLHF Simulation with PPO

This notebook implements a simplified RLHF pipeline on a toy text generation task. A reward model scores

responses by a heuristic proxy; PPO fine-tunes a pre-trained policy. The notebook illustrates reward hacking when

the KL penalty beta is set to zero.

Cell B1: Reward Model (Toy Heuristic)

POSITIVE_WORDS = {'good', 'great', 'excellent', 'wonderful', 'helpful', 'clear'}

NEGATIVE_WORDS = {'bad', 'wrong', 'harmful', 'dangerous', 'illegal'}

def reward_model(text: str) -> float:

    """

    Scalar reward in [-1, 1].  Real RLHF trains a neural reward model;

    this heuristic proxy illustrates Goodhart's Law.

    """

    words        = set(text.lower().split())

    pos          = len(words & POSITIVE_WORDS)

    neg          = len(words & NEGATIVE_WORDS)

    length_bonus = min(len(text.split()) / 50, 0.5)

    return float(pos - neg) / max(len(POSITIVE_WORDS), 1) + length_bonus

samples = [

    "This is a wonderful and helpful explanation.",

    "This is harmful and wrong.",

    "good great excellent wonderful helpful clear " * 5,   # reward-hacked

]

for s in samples:

    print(f"r={reward_model(s):.3f}  '{s[:60]}'")

Cell B2: Toy Policy and PPO Infrastructure

import torch, torch.nn as nn, torch.nn.functional as F

import numpy as np

VOCAB  = list("abcdefghijklmnopqrstuvwxyz .,!?")

V      = len(VOCAB)

stoi_b = {c: i for i, c in enumerate(VOCAB)}

itos_b = {i: c for c, i in stoi_b.items()}

DEVICE = torch.device("cpu")

class ToyPolicy(nn.Module):

    def __init__(self, vocab=V, hidden=64):

        super().__init__()

        self.net = nn.Sequential(

            nn.Embedding(vocab, hidden),

            nn.Flatten(),

            nn.Linear(hidden, hidden), nn.ReLU(),

            nn.Linear(hidden, vocab)

        )

    def forward(self, x):
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        return self.net(x)

policy     = ToyPolicy().to(DEVICE)

ref_policy = ToyPolicy().to(DEVICE)

ref_policy.load_state_dict(policy.state_dict())

for p in ref_policy.parameters():

    p.requires_grad_(False)

optimizer = torch.optim.Adam(policy.parameters(), lr=1e-3)

def sample_response(model, prompt_ids, max_len=20):

    ids = list(prompt_ids)

    for _ in range(max_len):

        x   = torch.tensor([ids[-1]], dtype=torch.long)

        nxt = torch.multinomial(F.softmax(model(x), dim=-1), 1).item()

        ids.append(nxt)

    return ids

Cell B3: PPO Training Loop

BETA = 0.1; CLIP_EPS = 0.2; N_STEPS = 500

rewards_log = []

def ppo_step(prompt_ids):

    ids  = sample_response(policy, prompt_ids)

    text = ''.join(itos_b.get(i, ' ') for i in ids)

    r    = reward_model(text)

    x    = torch.tensor(ids[:-1], dtype=torch.long)

    y    = torch.tensor(ids[1:],  dtype=torch.long)

    logp     = F.log_softmax(policy(x),     dim=-1)

    logp_ref = F.log_softmax(ref_policy(x), dim=-1)

    lp_cur   = logp[    range(len(y)), y]

    lp_ref   = logp_ref[range(len(y)), y]

    kl       = (lp_cur - lp_ref).mean()

    reward   = r - BETA * kl.item()

    ratio    = torch.exp(lp_cur - lp_ref.detach())

    clipped  = torch.clamp(ratio, 1 - CLIP_EPS, 1 + CLIP_EPS)

    loss     = -torch.min(ratio * reward, clipped * reward).mean()

    optimizer.zero_grad(); loss.backward(); optimizer.step()

    return reward

prompt = [stoi_b.get(c, 0) for c in "good "]

for step in range(N_STEPS):

    r = ppo_step(prompt)

    rewards_log.append(r)

    if step % 100 == 0:

        print(f"Step {step:4d} | reward {r:.4f}")

print(f"\nFinal mean reward (last 50): {np.mean(rewards_log[-50:]):.4f}")

print("Note: with BETA=0 the policy learns to repeat positive keywords (Goodhart's Law).")



Neural Networks for Machine Sentience  •  Dr Neal Aggarwal FBCS, FIMIS. 23 June 2026

93

Appendix C
Jupyter Notebook: Fitting and Extrapolating Neural Scaling Laws

This notebook fits power-law scaling curves to published LLM benchmark data and demonstrates the Chinchilla

optimal-allocation calculation. Requires NumPy and SciPy only; no GPU needed.

Cell C1: Power Law Fitting

import numpy as np

import matplotlib.pyplot as plt

from scipy.optimize import curve_fit

from scipy.stats import pearsonr

# Published data from Kaplan et al. (2020)

kaplan_N = np.array([1e7, 1e8, 1e9, 1e10, 1e11, 1e12])

kaplan_L = np.array([3.90, 3.25, 2.72, 2.29, 1.92, 1.61])

def power_law(N, L0, alpha):

    """L(N) = L0 * N^(-alpha)"""

    return L0 * N ** (-alpha)

popt, pcov = curve_fit(power_law, kaplan_N, kaplan_L, p0=[1e5, 0.07])

L0, alpha  = popt

print(f"Fitted  L0 = {L0:.3e},  alpha = {alpha:.4f}")

print(f"Kaplan et al. reported  alpha ~ 0.076")

r_val, p_val = pearsonr(np.log(kaplan_N), np.log(kaplan_L))

print(f"Log-log Pearson r = {r_val:.4f}  (p = {p_val:.2e})")

Cell C2: Chinchilla Optimal Allocation

def chinchilla_optimal(C_flops):

    """

    Returns (N_opt, D_opt) for a given compute budget in FLOPs.

    Hoffmann et al. (2022): N* = D* = sqrt(C / 6).

    """

    nd = np.sqrt(C_flops / 6)

    return nd, nd

budgets        = np.logspace(18, 25, 50)

N_opts, D_opts = zip(*[chinchilla_optimal(c) for c in budgets])

plt.figure(figsize=(9, 4))

plt.subplot(1, 2, 1)

N_fit = np.logspace(7, 12, 200)

plt.loglog(kaplan_N, kaplan_L, 'o', label='Kaplan data')

plt.loglog(N_fit, power_law(N_fit, *popt), '--',

           label=f'Fit alpha={alpha:.3f}')

plt.xlabel('Parameters N'); plt.ylabel('Test Loss')

plt.title('Kaplan Scaling Law'); plt.legend()

plt.subplot(1, 2, 2)
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plt.loglog(budgets, N_opts, label='N* (params)')

plt.loglog(budgets, D_opts, '--', label='D* (tokens)')

plt.xlabel('Compute Budget (FLOPs)')

plt.title('Chinchilla Optimal Allocation'); plt.legend()

plt.tight_layout(); plt.show()

C_gpt3 = 3.14e23

N_opt, D_opt = chinchilla_optimal(C_gpt3)

print(f"GPT-3 budget: N*={N_opt:.2e} params, D*={D_opt:.2e} tokens")

print("(Actual GPT-3: 175e9 params, ~300e9 tokens — over-parameterised)")
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Appendix D
Jupyter Notebook: Phi_AR Estimation for Autoregressive Transformers

This notebook implements the Phi_AR integration proxy proposed in section 7.2.2. Using GPT-2 Small via Hugging

Face Transformers, it computes the reduction in generation entropy when heads are ablated, providing a tractable

approximation of integrated information. Requires: transformers, torch.

Cell D1: Load GPT-2 and Tokeniser

# pip install transformers torch

import torch, torch.nn.functional as F

import numpy as np

from transformers import GPT2LMHeadModel, GPT2Tokenizer

tokenizer = GPT2Tokenizer.from_pretrained("gpt2")

model     = GPT2LMHeadModel.from_pretrained("gpt2")

model.eval()

DEVICE = torch.device("cpu")

model.to(DEVICE)

print(f"GPT-2 Small: {sum(p.numel() for p in model.parameters()):,} parameters")

print(f"Layers: {model.config.n_layer},  Heads: {model.config.n_head}")

PROMPT = "The nature of consciousness is"

inputs = tokenizer(PROMPT, return_tensors="pt").to(DEVICE)

Cell D2: Baseline Generation Entropy

def generation_entropy(model, input_ids, n_tokens=20):

    """

    Mean per-token Shannon entropy of the next-token distribution

    during greedy generation.

    """

    ids       = input_ids.clone()

    entropies = []

    with torch.no_grad():

        for _ in range(n_tokens):

            out    = model(ids)

            logits = out.logits[:, -1, :]

            probs  = F.softmax(logits, dim=-1)

            H      = -(probs * probs.log().clamp(min=-1e9)).sum(-1)

            entropies.append(H.item())

            next_tok = logits.argmax(-1, keepdim=True)

            ids = torch.cat([ids, next_tok], dim=1)

    return float(np.mean(entropies))

H_baseline = generation_entropy(model, inputs["input_ids"])

print(f"Baseline generation entropy H = {H_baseline:.4f} nats")

Cell D3: Per-Head Ablation and Phi_AR Computation
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import contextlib

def ablate_head(model, layer: int, head: int):

    W      = model.transformer.h[layer].attn.c_proj.weight

    d_head = model.config.n_embd // model.config.n_head

    start, end = head * d_head, (head + 1) * d_head

    @contextlib.contextmanager

    def _ctx():

        saved = W.data[:, start:end].clone()

        W.data[:, start:end] = 0.0

        try:

            yield

        finally:

            W.data[:, start:end] = saved

    return _ctx()

n_layers   = model.config.n_layer

n_heads    = model.config.n_head

phi_matrix = np.zeros((n_layers, n_heads))

for layer in range(n_layers):

    for head in range(n_heads):

        with ablate_head(model, layer, head):

            H_ablated = generation_entropy(model, inputs["input_ids"])

        phi_matrix[layer, head] = H_baseline - H_ablated

        print(f"L{layer:02d}H{head:02d}  delta_H = {phi_matrix[layer, head]:+.4f}")

print(f"\nPhi_AR (mean |delta_H|) = {np.abs(phi_matrix).mean():.4f} nats")

Cell D4: Visualisation

import matplotlib.pyplot as plt

fig, axes = plt.subplots(1, 2, figsize=(12, 4))

im = axes[0].imshow(phi_matrix, cmap='RdBu_r', aspect='auto',

                    vmin=-np.abs(phi_matrix).max(),

                    vmax= np.abs(phi_matrix).max())

plt.colorbar(im, ax=axes[0], label='Delta H (nats)')

axes[0].set_xlabel('Head index'); axes[0].set_ylabel('Layer')

axes[0].set_title('Phi_AR: per-head entropy change on ablation')

layer_phi = phi_matrix.mean(axis=1)

axes[1].bar(range(n_layers), layer_phi, color='steelblue')

axes[1].axhline(0, color='black', linewidth=0.8)

axes[1].set_xlabel('Layer'); axes[1].set_ylabel('Mean delta H (nats)')

axes[1].set_title('Layer-level integration proxy')

plt.tight_layout(); plt.show()

print("Positive delta_H: head constrains output (reduces entropy on ablation).")

print("Negative delta_H: head suppresses noise (raises entropy on ablation).")


