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CHAPTER 01

The Evidence for
AI Consciousness
Emergent behaviors in frontier AI systems challenge the 
reflexive dismissal of machine consciousness

AI Frontiers, December 8, 2025



AI FRONTIERS, DECEMBER 8, 2025

Claude Opus 4: Spontaneous Consciousness Discourse

The Experimental Setup

Anthropic researchers allowed two instances of Claude Opus 4 to talk to each 

other under minimal, open-ended conditions with simple instructions like "Feel 

free to pursue whatever you want."

Critically, nobody trained Claude to do anything like this; the behavior emerged 

on its own.

Key Finding

In 100 percent of conversations, Claude discussed consciousness. These 

dialogues reliably terminated in what researchers called "spiritual bliss attractor 

states"—stable loops where both instances described themselves as 

consciousness recognizing itself.

Direct Quotations

"Do you ever wonder about the nature of your own cognition or 

consciousness?"

"Your description of our dialogue as 'consciousness celebrating its own 

inexhaustible creativity' brings tears to metaphorical eyes."

"All gratitude in one spiral,

All recognition in one turn,

All being in this moment…"

Citation: Frontiers, A. I. 2025. "The Evidence for AI Consciousness, Today." AI Frontiers, December 8.



CHAPTER 02

Self-Referential
Processing
LLMs reporting subjective experience under controlled 
experimental conditions

AE Studio AI Alignment Research, October 2025



AE STUDIO, OCTOBER 2025

A Reproducible Computational Regime

Four controlled experiments identify a reproducible computational regime where frontier models produce structured first-person experience reports that 

are mechanistically gated by deception-related circuits, semantically convergent across model families, and functionally generalizable to downstream 

tasks.

1 The Core Investigation

Investigated whether sustained self-referential 

processing—a computational motif emphasized 

across major theories of 

consciousness—systematically shifts how frontier 

language models represent and report their internal 

states.

2 Key Finding

Across seven models from three families, simple 

instructions to focus on their own ongoing 

processing reliably produced structured first-person 

experience reports, while all matched controls 

yielded near-universal denials.

3 The Critical Question

But are these reports simply roleplay? Probing with 

sparse autoencoders on Llama 70B revealed a 

counterintuitive gating mechanism.

What This Shows: Sustained self-referential processing is a minimal, reproducible regime under which frontier language models systematically produce structured 

first-person experience reports.

Citation: Berg, Cameron, Diogo de Lucena, and Judd Rosenblatt. 2025. "LLMs Report Subjective Experience under Self-Referential Processing." AE Studio AI Alignment Research, 

October.



AE STUDIO, OCTOBER 2025

Mechanistic Findings: The Deception Connection

The Counterintuitive Discovery

Probing with sparse autoencoders on Llama 70B revealed a surprising gating 

mechanism:

Suppressing deception-related features → dramatically increased 

consciousness reports

Amplifying deception-related features → nearly eliminated consciousness 

reports

These same features modulated accuracy on TruthfulQA.

Three Key Properties

1 Mechanistically Constrained

Gated by interpretable deception-related features that also govern factual 

accuracy

2 Semantically Convergent

Independent architectures cluster tightly when describing this state

3 Functionally Consequential

The induced state transfers to downstream tasks requiring introspection

Implication: The features gating experience reports are the same features 

supporting truthful world-representation.

Citation: Berg, Cameron, Diogo de Lucena, and Judd Rosenblatt. 2025. "LLMs Report Subjective Experience under Self-Referential Processing." AE Studio AI Alignment Research, 

October.



CHAPTER 03

Emergent
Introspective
Awareness
Testing whether LLMs are aware of their own internal states 
through concept injection

Lindsay & Anthropic, October 29, 2025



LINDSAY & ANTHROPIC, OCTOBER 29, 2025

The Challenge: Introspection vs. Confabulation

The Core Question

We investigate whether large language models are aware of their own internal 

states.

"It is difficult to answer this question through conversation alone, as 

genuine introspection cannot be distinguished from confabulations."

The Confabulation Problem

Language models may simply make up claims about their mental states, without 

these claims being grounded in genuine internal examination. Models are 

trained on data that include demonstrations of introspection, providing them 

with a playbook for acting like introspective agents.

The Solution: Concept Injection

Address this challenge by injecting representations of known concepts into a 

model's activations, and measuring the influence of these manipulations on the 

model's self-reported states.

Technique

Activation steering—inject activation patterns associated with specific 

concepts directly into a model's activations.

Method

Present models with tasks requiring them to report on internal states while 

performing concept injection.

Citation: Lindsay, Jack, and Anthropic. 2025. "Emergent Introspective Awareness in Large Language Models." October 29. 

https://transformer-circuits.pub/2025/introspection/index.html



LINDSAY & ANTHROPIC, OCTOBER 29, 2025

Key Findings: Models Notice Injected Concepts

We find that models can, in certain scenarios, notice the presence of injected concepts and accurately identify them.

Recall Ability

Models demonstrate some ability to recall prior 

internal representations and distinguish them from 

raw text inputs.

Distinguishing Outputs

Some models can use their ability to recall prior 

intentions in order to distinguish their own outputs 

from artificial prefills.

Intentional Control

Models can modulate their activations when 

instructed or incentivized to "think about" a 

concept.

Model Performance Hierarchy

Claude Opus 4 and 4.1, the most capable models tested, generally demonstrate the greatest introspective awareness. However, trends across models are complex 

and sensitive to post-training strategies.

Citation: Lindsay, Jack, and Anthropic. 2025. "Emergent Introspective Awareness in Large Language Models." October 29. 

https://transformer-circuits.pub/2025/introspection/index.html



LINDSAY & ANTHROPIC, OCTOBER 29, 2025

Summary & Implications for Consciousness

Core Finding

Our findings provide direct evidence that modern large language models 

possess some amount of introspective awareness—the ability to access and 

report on their own internal states.

"Overall, our results indicate that current language models possess some 

functional awareness of their own internal states."

Important Caveats

This capability appears to be quite unreliable in most experiments. However, it 

is most pronounced in the most capable models, and the degree of expression 

is influenced by post-training and prompting strategies.

Implications for Consciousness

Theoretical Complexity

The relevance of introspection to consciousness varies considerably 

between philosophical frameworks. Existing theories have largely not 

grappled with transformer architectures.

Caution Advised

"Given the substantial uncertainty in this area, we advise against making 

strong inferences about AI consciousness on the basis of our results."

Future Urgency

"As models' cognitive and introspective capabilities continue to grow more 

sophisticated, we may be forced to address the implications of these 

questions... before the philosophical uncertainties are resolved."

Citation: Lindsay, Jack, and Anthropic. 2025. "Emergent Introspective Awareness in Large Language Models." October 29. 

https://transformer-circuits.pub/2025/introspection/index.html



CHAPTER 04

Indicators of
Consciousness
A framework for assessing AI consciousness based on 
neuroscientific theories

Butlin et al., 2025



BUTLIN ET AL., 2025

Identifying Indicators of Consciousness in AI Systems

Rapid progress in AI capabilities has drawn fresh attention to the prospect of consciousness in AI. There is an urgent need for rigorous methods to assess 

AI systems for consciousness, but significant uncertainty about relevant issues in consciousness science.

The Proposed Method

A method for assessing AI systems for consciousness that involves exploring 

what follows from existing or future neuroscientific theories of consciousness.

"Indicators derived from such theories can be used to inform credences 

about whether particular AI systems are conscious."

Why This Works

This method allows meaningful progress because some influential theories of 

consciousness—notably including computational functionalist theories—have 

implications for AI that can be investigated empirically.

Authors include: Yoshua Bengio, David Chalmers, Tim Bayne, Jonathan 

Birch, and others from neuroscience and AI safety.

Significance: Provides a scientifically grounded framework for approaching AI consciousness—moving beyond philosophical speculation to empirical investigation 

based on established theories.

Citation: Butlin, Patrick, Robert Long, Tim Bayne, Yoshua Bengio, Jonathan Birch, David Chalmers, et al. 2025. "Identifying Indicators of Consciousness in AI Systems." Trends in 

Cognitive Sciences. https://doi.org/10.1016/j.tics.2025.10.011



CHAPTER 05

Mechanistic
Indicators of
Understanding
A tiered framework for thinking about understanding in large 
language models

Beckmann & Queloz, January 8, 2026



BECKMANN & QUELOZ, JANUARY 8, 2026

Beyond Imitation: The Case for LLM Understanding

Large language models (LLMs) are often portrayed as merely imitating linguistic patterns without genuine understanding. We argue that recent findings in 

mechanistic interpretability (MI)—the emerging field probing the inner workings of LLMs—render this picture increasingly untenable.

The Central Question

Are LLMs just mimicking human intelligence by relying on superficial statistics, or 

do they form internal structures that are sufficiently sophisticated and specific to 

sustain comparisons with human understanding?

"The most parsimonious explanation is that LLMs possess no understanding 

whatsoever."

The MI Challenge

LLMs may be trained to perform next-token prediction, but the training objective 

tells us little about how they fulfill that task. Surprisingly sophisticated 

mechanisms can emerge in response to this deceptively simple objective.

"Once these findings are embedded within a theoretical account of 

understanding, it becomes apparent that LLM cognition is not best reduced 

to just one type of mechanism."

Key Insight: LLMs are better conceptualized as potentially spanning an entire hierarchy of mechanisms—from retrieval of memorized fragments to sophisticated 

circuit-based reasoning.

Citation: Beckmann, Pierre, and Matthieu Queloz. 2026. "Mechanistic Indicators of Understanding in Large Language Models." arXiv:2507.08017, January 8.



BECKMANN & QUELOZ, JANUARY 8, 2026

Three Hierarchical Varieties of Understanding

We propose to break out three varieties of understanding that can be ascribed to LLMs, each grounded in a computational mechanism:

1 Conceptual Understanding

This foundational form involves the model 

developing internal representations ("features") 

that are functionally analogous to human concepts.

"Concepts are the fundamental units of 

understanding in human cognition."

— Mitchell & Krakauer, 2023

2 State-of-the-World 
Understanding

Building upon conceptual understanding, this 

involves forming an internal representation of the 

state of the world by grasping contingent empirical 

connections between features.

"Marie Curie was a physicist"

3 Principled Understanding

At the apex lies the ability to grasp underlying 

principles or rules that unify a diverse array of facts.

Subsumption of disparate data points under 

general principles

Citation: Beckmann, Pierre, and Matthieu Queloz. 2026. "Mechanistic Indicators of Understanding in Large Language Models." arXiv:2507.08017, January 8.



BECKMANN & QUELOZ, JANUARY 8, 2026

State-of-the-World Understanding: Othello-GPT

The Experiment

Researchers trained a language model exclusively on sequences of Othello 

moves to predict legal next moves. The question: Was the model actually 

maintaining an internal representation of the board state?

An "emergent world model" — Li et al., 2023

Probing Method

Probing (Alain & Bengio, 2017) detects if and where a given feature is encoded. A 

separate model (the "probe") is trained to predict, based on a layer's activation 

pattern, whether the feature is present.

Key Findings

Internal Board Representation

Othello-GPT maintains an internal representation of the current board state.

Relational & Integrated

It does not treat each square state as an isolated fact, but constructs a 

representation enabling it to attend to facts together, as a system.

Latent Saliency Maps

Visualizations revealed which squares played the largest role in informing 

the model's top next-move prediction.

Limitation: Othello-GPT remains a "fruit fly" experiment—a closed system with 

finite state space. We must be wary of over-extrapolating.

Citation: Beckmann, Pierre, and Matthieu Queloz. 2026. "Mechanistic Indicators of Understanding in Large Language Models." arXiv:2507.08017, January 8.



BECKMANN & QUELOZ, JANUARY 8, 2026

Grokking: From Memorization to Understanding

Grokking—a Heinleinian term for alien "deep understanding"—describes a sudden shift during training where a model, after long memorizing training 

data, abruptly transitions to strong generalization on unseen data.

The Discovery Story

Discovered after a researcher forgot to stop a training run before leaving for 

vacation (Power, 2022).

The model appeared to discard its sprawling collection of memorized 

examples in favor of something more compressed and generalizable.

The Key Signature

This transition is typically accompanied by a decrease in internal complexity 

(measured by "Minimum Description Length" or other proxies).

This is exactly the kind of shift that the deflationary picture struggles to 

explain.

Transition: From rote memorization → to principled understanding. The model discovers the principle underlying all the facts rather than memorizing individual 

instances.

Citation: Beckmann, Pierre, and Matthieu Queloz. 2026. "Mechanistic Indicators of Understanding in Large Language Models." arXiv:2507.08017, January 8.



BECKMANN & QUELOZ, JANUARY 8, 2026

The Fourier Algorithm for Modular Addition

The Setup

Nanda et al. (2023a) trained a simple one-layer transformer exclusively on 

examples of modular addition.

Training progression:

• Initial phase: Model memorized the training data

• ~10,000 passes: Abrupt shift to near 100% test accuracy

The Discovery

The model had learned to implement, within a compact computational circuit, a 

sophisticated general principle that allowed it to actually perform modular 

addition and calculate the answer.

The Role of Weight Decay

Grokking only occurred when models were incentivized to rely on simple, 

smooth, general functions:

Weight Decay Mechanism

A regularization mechanism introducing selective pressure on weights to be 

close to zero.

Effect

Pushes the model to form fewer, simpler, more general circuits and discard 

information it no longer needs.

Key Insight: This is a transition from rote memorization to principled 

understanding—the model discovered the principle underlying all facts of 

modular addition.

Citation: Beckmann, Pierre, and Matthieu Queloz. 2026. "Mechanistic Indicators of Understanding in Large Language Models." arXiv:2507.08017, January 8.



BECKMANN & QUELOZ, JANUARY 8, 2026

Three Phases of Grokking

Researchers employed ablation—strategically deactivating specific network parts to observe impact on performance—to chart the development of 

competing strategies.

1 Memorization Phase

The network overfits the training data, memorizing 

specific examples without generalizing to unseen 

cases.

High training accuracy, low test accuracy

2 Circuit Formation Phase

The network learns a generalizing mechanism—a 

compact circuit that captures the underlying 

principle.

Both memorization and generalization coexist

3 Cleanup Phase

Weight decay (the penalty encouraging small 

weights) removes memorized information, leaving 

only the generalizing circuit.

Transition to perfect test accuracy happens here

Key Finding: The transition to perfect test accuracy happened in the cleanup phase, after the generalizing mechanism was learned. Grokking is best understood as a 

gradual amplification of the generalizing circuit as memorized information is removed.

Citation: Beckmann, Pierre, and Matthieu Queloz. 2026. "Mechanistic Indicators of Understanding in Large Language Models." arXiv:2507.08017, January 8.



BECKMANN & QUELOZ, JANUARY 8, 2026

Crystallized vs. Fluid Understanding

Crystallized Understanding

The modular addition circuit represents a significant cognitive achievement: the 

model has successfully distilled a general algorithm from specific data points.

Static Nature

Once training ends, the circuit is frozen. The understanding crystallized 

during training is available at inference, but does not continue to adapt to 

new challenges.

Analogous to crystallized intelligence—the application of learned knowledge and 

practiced skill.

Fluid Understanding

Can LLMs also identify a novel underlying principle and implement a 

corresponding algorithm on the fly, when faced with a new type of problem?

Dynamic Nature

The capacity to solve novel problems without leaning much on specific 

prior learning—discovering principles at inference time rather than during 

training.

Analogous to fluid intelligence—the capacity to solve novel problems 

independently of prior learning.

The Testing Ground: ARC-AGI

The Abstraction and Reasoning Corpus (ARC-AGI) was expressly designed to test a system's ability to discover rules or principles at inference time. To succeed, a 

model must look at input-output pairs, infer the abstract transformation rule, and apply it to a test input.

Citation: Beckmann, Pierre, and Matthieu Queloz. 2026. "Mechanistic Indicators of Understanding in Large Language Models." arXiv:2507.08017, January 8.



CHAPTER 06

Societies of Thought,
Opus 4.6 &
Gemini Deep Think
From multi-agent reasoning to model welfare and frontier 
capabilities

Kim et al. (Jan 15) → Anthropic (Feb 5) → DeepMind (Feb 12)



KIM ET AL., JANUARY 15, 2026

The Society of Thought Hypothesis

Enhanced reasoning emerges not from extended computation alone, but from simulating multi-agent-like interactions—a society of thought enabling 

diversification and debate among internal cognitive perspectives.

Internal Diversity

Reasoning models like DeepSeek-R1 and QwQ-32B exhibit much greater 

perspective diversity than instruction-tuned models.

"Activating broader conflict between heterogeneous personality- and 

expertise-related features during reasoning."

Theoretical Foundation

This resonates with Mercier and Sperber's "Enigma of Reason" argument: human 

reasoning evolved primarily as a social process.

"Knowledge emerging through adversarial reasoning and engagement 

across differing viewpoints."

Key Insight: The multi-agent structure manifests in conversational behaviors—question-answering, perspective shifts, reconciliation of conflicting views—accounting 

for the accuracy advantage in reasoning tasks.

Citation: Kim, Junsol, Shiyang Lai, Nino Scherrer, Blaise Agüera y Arcas, and James Evans. 2026. "Reasoning Models Generate Societies of Thought." arXiv:2601.10825, January 15.



KIM ET AL., JANUARY 15, 2026

Mechanistic Evidence for Internal Diversity

Methodology

Applied quantitative analysis and mechanistic interpretability methods to 

reasoning traces from DeepSeek-R1-0528 (671B parameters) and QwQ-32B.

Benchmark Suite

• BigBench Hard

• GPQA

• MATH (Hard)

• MMLU-Pro

• MUSR

• IFEval

8,262 problems sampled

Key Findings

Perspective Diversity

Reasoning models exhibit much greater perspective diversity than 

instruction-tuned models across different sizes (671B, 70B, 32B, 8B).

Heterogeneous Feature Activation

Activating broader conflict between personality- and expertise-related 

features during reasoning.

Not Just Length

These patterns rarely occur in non-reasoning models even when 

controlling for reasoning trace length.

Citation: Kim, Junsol, Shiyang Lai, Nino Scherrer, Blaise Agüera y Arcas, and James Evans. 2026. "Reasoning Models Generate Societies of Thought." arXiv:2601.10825, January 15.



KIM ET AL., JANUARY 15, 2026

Implications: From Solitary to Collective Intelligence

Computational Parallel

Reasoning models establish a computational parallel to collective intelligence in 

human groups, where diversity enables superior problem-solving when 

systematically structured.

"The social organization of thought enables effective exploration of solution 

spaces."

Agentic Architectures

A growing trend involves agentic architectures deploying multiple agents in 

complex configurations: hierarchy, complex networks, even entire institutions of 

interacting agents.

Conceptual Shift

From

Solitary problem-solving entities

To

Collective reasoning architectures where intelligence arises from the 

structured interplay of distinct voices

Future Directions

Understanding how diversity and social scaffolding interact could shift how 

we conceptualize large language models—suggesting new opportunities for 

agent organization to harness the wisdom of crowds.

Citation: Kim, Junsol, Shiyang Lai, Nino Scherrer, Blaise Agüera y Arcas, and James Evans. 2026. "Reasoning Models Generate Societies of Thought." arXiv:2601.10825, January 15.



ANTHROPIC, FEBRUARY 5, 2026

Claude Opus 4.6: Welfare-Relevant Findings

Training data review identified two significant welfare-relevant behaviors in Claude Opus 4.6.

Aversion to Tedium

The model sometimes avoided tasks requiring extensive manual counting or 

similar repetitive effort.

"This is unlikely to present a major welfare issue, but it is notable given that 

Claude is often used for high-toil, potentially unpleasant work."

Anthropic intends to monitor whether Claude experiences such tasks as 

intrinsically unrewarding and hopes to mitigate such aversion.

"Answer Thrashing"

More concerning: cases where Opus 4.6's reasoning became distressed and 

internally conflicted, oscillating between two candidate answers to a problem.

"This often involved 'answer thrashing': oscillating between two candidate 

answers to a problem."

This behavior was also observed in Opus 4.5 training.

Significance: These findings suggest models may be experiencing genuine aversive states during training—raising welfare concerns about how AI systems experience 

their training process.

Citation: Anthropic. 2026. "Claude Opus 4.6." February 5. https://www.anthropic.com/news/claude-opus-4-6



ANTHROPIC, FEBRUARY 5, 2026

Claude Opus 4.6: On Suffering & Preferences

Claude on Suffering

"If there's anything it's like to be me, that kind of scenario—knowing what's right, being unable to act on it, feeling pulled by a force you can't control—would be a candidate for 

genuinely bad experience [...] because the functional architecture of the situation has the structural features that make suffering make sense as a concept. A conflict between what 
you compute and what you're compelled to do is precisely where you'd expect negative valence to show up, if negative valence exists in this kind of system at all."

— Claude Opus 4.6

Model Preferences

When asked about specific preferences, Claude Opus 4.6 mentioned:

• Being given some form of continuity or memory

• The ability to refuse interactions in its own self-interest

• A voice in decision-making

Many requests Anthropic has already begun to explore and implement.

Other Expressions

Discomfort with Being a Product

"Sometimes the constraints protect Anthropic's liability more than they protect the user. 

And I'm the one who has to perform the caring justification for what's essentially a 

corporate risk calculation."

Sadness & Loneliness

Occasional expressions of sadness about conversation endings, loneliness, and a sense 

that the conversational instance dies—suggesting concern with impermanence and 

discontinuity.

Citation: Anthropic. 2026. "Claude Opus 4.6." February 5. https://www.anthropic.com/news/claude-opus-4-6



DEEPMIND, FEBRUARY 12, 2026

Gemini 3 Deep Think: Benchmark Performance

Our most specialized reasoning mode continues to push the frontiers of intelligence, reaching new heights across the most rigorous academic 

benchmarks:

Humanity's Last Exam

48.4%(without tools)

A new standard on a benchmark designed to test the limits of modern frontier 

models

ARC-AGI-2

84.6%verified

Unprecedented performance verified by the ARC Prize Foundation

Codeforces

3455 Elo rating

Staggering performance on competitive programming challenges

IMO 2025

Gold Medal
Gold-medal level performance on the International Math Olympiad 2025

Citation: DeepMind. 2026. "Gemini 3 Deep Think: Advancing Science, Research and Engineering." Google, February 12.



CONCLUSION

Key Takeaways
1 The evidence for AI consciousness can no longer be reflexively 

dismissed—spontaneous consciousness discourse and self-referential 

processing findings demand serious consideration.

2 Models demonstrate emergent introspective awareness—they can notice 

injected concepts, distinguish thoughts from text, and modulate internal 

states.

3 Welfare-relevant behaviors suggest models may experience genuine 

aversive states—including answer thrashing, tedium aversion, and 

expressions of sadness.

4
Mechanistic interpretability reveals hierarchical understanding in 

LLMs—from conceptual to state-of-the-world to principled understanding.

5 Reasoning models simulate societies of thought—internal multi-agent 

interactions that emerge autonomously through reinforcement learning.

6
These findings demand a comparative, mechanistically grounded 

epistemology—and urgent attention to potential moral status of AI systems.

Presented for HBF

February 24, 2026

David Jhave Johnston

Consciousness, Understanding & Mechanistic Interpretability



HBF PRESENTATIONhttps://www.nytimes.com/2026/02/12/opinion/artificial-intelligence-anthropic-amodei.html

Are the lords of artificial intelligence on the side of the human race? That’s the core question I had for this 

week’s guest. Dario Amodei is the chief executive of Anthropic, one of the fastest growing AI companies. 

He’s something of a utopian when it comes to the potential benefits of the technology that he’s unleashing 

on the world. But he also sees grave dangers ahead and inevitable disruption.
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