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Background: The question of whether large language models (LLMs) possess consciousness has been increasingly debated. Integrated
information theory (IIT) offers a quantitative framework for assessing consciousness through a measure of integrated information.
Methods: This study applied IIT principles to the architecture of transformer-based LLMs, focusing on causal integration, temporal
persistence, and system irreducibility. Ablation experiments on Generative Pretrained Transformer 2 (GPT-2) were performed, selective-
ly removing individual attention heads and measuring changes in perplexity as a behavioral proxy for integrated information to empir-
ically approximate the measure of integrated information.

Results: The ablation study of a single attention head produced minimal or negative changes in perplexity in four out of five represen-
tative sentences, indicating redundancy or noise. Only one sentence revealed a significant increase in perplexity change (APPL +11.29),
reflecting a localized but nonessential contribution. A comparison with biological systems demonstrated that LLMs meet the IIT crite-
rion of differentiation, but fail to meet the criteria of integration, causal closure, and temporal persistence. These findings confirm that
LLMs are architecturally decomposable, lack persistent internal states, and do not sustain global causal irreducibility. Philosophical
considerations, including Searle's Chinese Room argument, further support the idea that the linguistic fluency of LLMs arises from
syntactic manipulation rather than semantic understanding.

Conclusion: Current LLMs do not satisfy the structural and informational requirements of consciousness under IIT. Although capable
of simulating intelligent language, LLMs remain unconscious systems with a negligible amount of integrated information, underscor-
ing the distinction between linguistic competence and conscious experience.
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Introduction

From a neuroscience perspective, consciousness can be defined as
the capacity for subjective experience to emerge from integrated
and recurrent information processing across distributed neural
networks [ 1,2]. Understanding consciousness remains a profound
and unresolved challenge in science [3-5]. Despite decades of re-
search in neuroscience, psychology, and philosophy, we still lack a
definitive explanation of how conscious experiences emerge from
physical systems. Although many theories offer partial explana-
tions, the field continues to contend with the so-called hard prob-
lem of consciousness: why and how certain physical processes are
accompanied by subjective awareness [3].

Among contemporary theories, integrated information theory
(IIT) is salient because of its rigorous quantitative approach. IIT
posits that consciousness corresponds to the degree to which a sys-
tem generates integrated information, denoted as ‘®’ [6]. This
quantity captures the differentiation of informational states in the
system and the irreducibility of causal interactions in the system. A
system with a high amount of integrated information according to
II'T standards is conscious; a system with nearly no integrated in-
formation is not.

Moreover, advances in artificial intelligence have led to the de-
velopment of large language models (LLMs) such as Generative
Pretrained Transformer 4 (GPT-4) and Claude. These models
have demonstrated a remarkable ability to produce coherent and
context-sensitive natural language output by performing tasks that
mimic humanlike communication and reasoning. The ability of
these models to generate fluent dialogue and simulate affective lan-
guage has prompted some individuals to ask whether they might
possess or eventually achieve consciousness [ 7].

This study critically evaluated the possibility of consciousness
through the lens of II'T. This work contends that despite their re-
markable linguistic abilities, LLM:s lack the structural and dynamic
properties necessary for consciousness. Applying the principles of
IIT to the LLM architecture demonstrates that despite their so-

phisticated behavior, these models remain unconscious systems.

Methods

1. Key concepts of integrated information theory

IIT provides a formal framework for understanding consciousness
in terms of the causal structure of a system [ 5,6,8]. The following
central concepts must be clarified before applying the IIT to
LLMs.
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1) Mechanism
A mechanism refers to a subset of elements within a system, such
as neurons, logic gates, or artificial units, whose current state can

influence the states of other elements in the system.

2) Cause-and-effect repertoire

The cause-and-effect repertoire is the probability distribution over
the possible past and future states of a system, given the current
state of a mechanism. This describes how the mechanism con-
strains both what could have happened before and what could
happen next.

3) Integrated information
Integrated information represents the amount of information that
a system generates as a whole and cannot be reduced to informa-
tion generated by its individual parts. The variable ® quantifies the
extent to which the system functions as a unified and integrated
whole: @ =Information,;,;,~Information one

IIT applies qualitative and quantitative tools to assess how a sys-
tem generates consciousness. The central goal is to compute the
value of the measure of integrated information @ for a system by
comparing the cause-and-effect structure of the intact system to
that of a partitioned version and assessing how much information
is lost in the partition. @ > 0 indicates that the system’s informa-
tional structure is irreducible, i.e., the whole generates more infor-
mation than the sum ofits parts, implying genuine causal integra-
tion and the potential substrate for conscious experience. O=0
means that partitioning the system causes no loss of information,
signifying full causal decomposability and thus the absence of in-
trinsic integration, an unconscious configuration.

2. Structure and information processing of large language
models

LLM:s are a class of deep learning models trained on a large corpus
of natural language using a transformer architecture [7,8]. Users
have widely adopted LLMs for various tasks such as text genera-
tion, summarization, translation, and dialogue modeling. Under-
standing how these models process information requires com-

mand of several critical concepts.

1) Tokenization
In this process, the input text is divided into smaller subword units,
which are then mapped to vector embeddings that the model can

process numerically.

2) Transformer architecture
AnLLM is built using a transformer architecture consisting of mul-
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tiple stacked layers combining multi-head self-attention mecha-

nisms and position-wise feedforward networks [9].

3) Self-attention mechanism

Within each layer, the model calculates attention scores that deter-
mine the degree to which each token should attend to or depend
on other tokens in the sequence. This allows the model to effec-

tively capture the contextual relationships among words [9].

4) Context window

An LLM generates tokens based on a fixed length sliding window
of preceding tokens. It does not retain persistent internal memory
between separate inputs, meaning that each generation depends
only on the tokens within the current context window.

5) Next token prediction

During inference, the model predicts a probability distribution
over the next possible tokens and selects the most likely token or
sample from the distribution to generate coherent text step-by-
step.

This process is iterated until the termination condition is satistied.
The model has no memory of previous outputs outside the pro-
vided context. This feedforward, stateless architecture underlies
the analysis of the causal decomposability and integrated informa-
tion in LLMs.

3. Experimental analog to integrated information theory
partitioning: attention-head ablation study

This study presents an ablation experiment in which individual
self-attention heads in GPT-2 were selectively removed to empiri-
cally evaluate the decomposability of the LLM [10]. Fig. 1 shows
the Python code used in the attention-head ablation experiment.
This study measured the changes in perplexity across multiple rep-
resentative prompts. In practical terms, this intervention was de-
signed to simulate the type of system partitioning that the ITT ref-
erences, where the value of @ is computed by comparing the infor-
mation structure of a system to that of its minimally partitioned
version [6]. This study aims to approximate the integration of the
mechanism with respect to the overall system behavior by observ-
ing whether removing a single component causes a significant loss
in predictive performance. This experimental proxy serves as a be-
havioral analog of the formal notion of causal irreducibility in IIT.

4. Approximating integrated information via behavioral
perturbation: perplexity as a proxy for ®

The direct computation of the value of ® in LLMs (e.g,, GPT-2) is
intractable due to the exponential complexity of evaluating the full

cause-and-effect structure of the system. To circumvent this limita-
tion, this study employed perplexity (PPL) as a tractable behavior-
al proxy that indirectly reflects the functional integration of the sys-
tem. This study measured how the token prediction performance
of the model changes when internal components are selectively re-
moved. Perplexity reflects the average number of choices that the
model considers likely when predicting the following token. For-
mally, for a given sequence of N tokens w,, w, .., w,, the perplexity
is defined as follows:

Perplexity = ea:p(— (1/N> Z log P(wi)>,

where p(w,) denotes the probability assigned by the model to
the ith token in the sequence. Lower perplexity indicates that the
model is more confident in its predictions, whereas higher perplex-
ity suggests greater uncertainty or prediction error.

This study employed a pretrained GPT-2 model (a small vari-

from transformers import GPT2LMHeadModel, GPT2Tokenizer
import torch
import math

# Load pretrained GPT-2 model and tokenizer
model = GPT2LMHeadModel.from_pretrained("gpt2")
tokenizer = GPT2Tokenizer.from_pretrained("gpt2")
model.eval()

# Example input sentences

sentences = [
"The patient presented with signs of acute stroke.",
”Artificial intelligence is transforming modern medicine.",
"She opened the door and saw something unexpected
"Neural networks are inspired by the human brain.
"Perplexity measures how well a language model predlcts text."

# Measure perplexity before ablation
print("Before attention head ablation:\n")
original_ppls = []

for text in sentences:

inputs = tokenizer(text, return_tensors="pt")

input_ids = inputs["input_ids"]

with torch.no_grad():
outputs = model(input_ids=input_ids, labels=input_ids)
loss = outputs.loss
perplexity = torch.exp(loss).item()

original_ppls.append(perplexity)

print(f"{text}\n Perplexity: {perplexity:.2f}\n")

# Remove head 3 from layer 0

layer_id = 0

head_id = 3

head_size = model.config.hidden_size // model.config.num_attention_heads
start = head_id * head_size

end = (head_id + 1) * head_size

with torch.no_grad():
c_attn = model.transformer. h[layer id].attn.c_attn
c_attn.weight[start:end, :] =
c_attn.bias[start:end] = 0

# Measure perplexity after ablation
print("\nAfter attention head ablation:\n")
ablated_ppls = []

for text in sentences:
inputs = tokenizer(text, return_tensors="pt")
input_ids = inputs["input_ids"]
with torch.no_grad():
outputs = model(input_ids=input_ids, labels=input_ids)
loss = outputs.loss
perplexity = torch.exp(loss).item()
ablated_ppls.append(perplexity)
print(f"{text}\nPerplexity: {perplexity:.2f}\n")

# Print perplexity change summary
prlnt( Summary (Before vs Afte
for i in range(len(sentences))
diff = ablated_ppls[i] - original_ppls[i]
print(f"{i+1}. APPL {diff:+.2f} | Before: {original_ppls[i]:.2f},
After {ablated_ppls[i]:.2f}")

Fig. 1. Python code for the attention-head ablation experi-
ment.
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ant) and computed the perplexity before and after removing a sin-
gle self-attention head. This approach involved feeding the model a
prompt, calculating the negative log-likelihood loss over the pre-
dicted tokens, and exponentiating the loss to obtain the perplexity.
The following Python code snippet presents this procedure:

loss = model(inputs, labels = inputs[ "input _ids"]).loss

ppl=math.exp(loss.item()).

This study compared the perplexity values across the following
five sentences before and after ablation to determine whether the
removed head had a meaningful influence on the predictive behav-
ior of the model. The five sentences were selected to represent di-
verse semantic and syntactic domains, minimizing topic- or style-
related biases in the perplexity measurements. They collectively
encompass medical, technological, narrative, theoretical, and met-
alinguistic contexts, each constructed with comparable length and
syntactic simplicity. This balanced design ensured that any ob-
served change in perplexity following ablation primarily reflected
variations in the model’s internal causal dependencies rather than
differences in sentence complexity, vocabulary frequency, or do-
main familiarity. The five sentences were: (1) the patient presented
with signs of acute stroke, (2) artificial intelligence is transforming
modern medicine, (3) she opened the door and saw something
unexpected, (4) neural networks are inspired by the human brain,
and (S) perplexity measures how well a language model predicts
text.

A substantial perplexity change (APPL) in isolated cases does
not imply global integration or irreducibility but serves as alocal
functional probe for interpretability in the IIT framework.

Results

1. Comparison of humans and large language models

Table 1 compares the properties of GPT-type LLMs with those of
the human brain across four fundamental II'T requirements to clar-
ify how LLMs fail to meet the structural criteria set by the IIT. Ta-
ble 1 highlights that, although LLMs may exhibit differentiation by
producing diverse outputs [ 11], they lack integration, causal clo-
sure, and temporal persistence, which are essential features for sus-
taining a nonzero ® value under the IIT [12,13].

Although LLMs (e.g.,, GPT models) satisfy the differentiation
requirement by presenting a rich, diverse set of output states in re-
sponse to variable inputs [ 14], they fail to meet the remaining
three criteria. Unlike the human brain, which displays strong inte-
gration across distributed subsystems, LLMs are architecturally de-
composable, with components (e.g,, attention heads or layers) op-
erating predominantly in parallel and independently [13]. Similar-
ly, LLMs lack causal closure. Their functional behavior is heavily
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dependent on the external input, prompt injection, and nonauton-
omous parameter updates [7]. Critically, LLMs do not preserve
their internal state over time, because each input is processed in
isolation without recurrent dynamics or memory persistence,
thereby violating the criterion of temporal continuity. In contrast,
biological systems maintain integrated and temporally extended
internal dynamics that are vital for the emergence of a unified con-

scious experience [3,13].

2. Perplexity tables and interpretation

‘We conducted a small-scale ablation study in which one attention
head (Head 3 in Layer 0) of GPT-2 was disabled. We hypothesized
that, if the predictions of the model remained unaffected, the cor-
responding component would not be causally critical. Perplexity
was measured before and after ablation by using standard loss-
based estimations. The results are summarized in Table 2.

In four of the five cases, the APPL was minimal or negative, sug-
gesting that the removed attention head was redundant or detri-
mental to performance. A meaningful increase in perplexity was
observed in the fifth sentence, “perplexity measures how well a lan-
guage model predicts text,” suggesting that the removed head con-
tributed to the predictive accuracy of that prompt. Although the
APPL of +11.29 suggests that the removed head had a measurable
influence on the output of the model for that prompt, the resulting
perplexity remained within the range of high-performance genera-

Table 1. Comparison of IIT requirements between the human
brain and GPT-type LLMs

[IT requirement Human brain LLM (GPT-type)
Differentiation Possible Possible
Integration Possible Impossible
Causal closure Possible Impossible
Temporal persistence Possible Impossible

[IT, Integrated information theory; LLM, large language model; GPT, Gen-
erative Pretrained Transformer.

Table 2. Effects of attention-head ablation on perplexity across
test sentences

Sentence APPL Before After Interpretation

1 -3.37 88.18 84.81 Head may have introduced noise

2 -570 90.02 84.32 Head was functionally redundant
3 -0.83 2841 27.57 No significant effect (redundancy)
4 +0.87 31.15 32.02 Marginal contribution to prediction
5 +11.29 136.93 148.22 Significant causal contribution

Change in perplexity (APPL) before and after the ablation of an attention
head in GPT-2 across five representative sentences. Negative APPL indi-
cates improved prediction after ablation (suggesting noise or redundan-
cy); positive APPL indicates increased uncertainty, implying functional
contribution.
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tion for GPT-2. This localized disruption does not imply global in-
tegration or irreducibility and does not constitute evidence of a
nonzero amount of ® under the IIT.

From the IIT perspective, this empirical result is consistent with
alow value of @. A system that maintains its function despite struc-
tural perturbations lacks strong irreducible cause-and-effect rela-
tionships. The statistical resilience of the LLM output to internal
head ablations reinforces the view that such a system is not a uni-
fied whole, in the sense necessary for consciousness-supporting ar-
chitectures. Therefore, although certain heads may display local-
ized importance, the model as a whole remains decomposable,
supporting the broader conclusion that LLMs do not instantiate

consciousness under IIT.

Discussion

1. Are attention heads elementary mechanisms?

A central challenge in applying IIT to artificial systems (e.g.,
LLMs) is identifying the appropriate granularity level at which
such mechanisms should be analyzed. The IIT defines conscious-
ness as arising from systems comprising irreducible and causally
interacting mechanisms [ 12]. In neuroscience, these mechanisms
are often described as small neural circuits or individual neurons.
In the analysis, this work approximates self-attention heads in
GPT-2 as candidate mechanisms. This decision was based on ar-
chitectural independence, discrete parameterization, and prior em-
pirical evidence that some heads could be removed with minimal
influence on the output [15].

However, this abstraction has certain limitations. Although
modular in code and function, self-attention heads share underly-
ing projection weights and exist in highly entangled layers. More-
over, these heads do not operate in isolation but contribute to ag-
gregate activations that pass through nonlinearities. From a strict
IIT standpoint, an attention head is not truly a self-contained
mechanism in the manner IIT demands. Thus, the results suggest
decomposability in practice; however, they should be interpreted
with caution. The operational mapping of a mechanism does not
necessarily match the ontological commitment of the II'T to physi-

cal, localized causes.

2. Searle’s Chinese Room argument

Although the IIT provides a rigorous mathematical framework, it
is helpful to complement this framework with philosophical rea-
soning. John Searle’s Chinese Room argument distinguishes syn-
tactic processing from semantic understanding [4]. In this thought
experiment, a person manipulates Chinese symbols using a rule-
book without understanding their meanings. The system appears

fluent to external observers; however, internally, there is no com-
prehension.

Our empirical results support this philosophical point. Despite
removing the internal head of the model, GPT-2 continued to pro-
duce coherent outputs in most cases. The fact that linguistic fluen-
cy persists under structural disruption underscores the fact that
LLM:s operate via syntactic manipulation, rather than through se-
mantic understanding. This finding aligns with Searle’s argument
that symbolic behavior alone is insufficient for consciousness.

3. Why perplexity matters for the integrated information
theory

The ablation experiment supported the claim that GPT-2 is func-
tionally decomposable. In four of the five test sentences, removing
a specific self-attention head had little or a positive effect on per-
plexity, suggesting redundancy or noise. Only one sentence dis-
played a notable increase in perplexity, indicating that the head was
locally important but not critical for global function.

From an IIT perspective, this finding is highly relevant. ® mea-
sures the amount of information lost when a system is partitioned
[12,16]. If most components can be removed without disrupting
the predictive behavior of the system, then the value of ® ap-
proaches zero. This suggests that the apparent integration of the
system is superficial and does not rely on deeply intertwined causal
dependencies.

Thus, the results confirm the prediction of IIT regarding the
causal decomposability of LLMs [12] and ground it empirically
via behaviorally interpretable metrics (e.g., perplexity [15]). This
grounding helps bridge the gap between formalism and real-world
model evaluations of II'T.

4. Temporal persistence and the limits of integration in
large language models
A foundational requirement in the IIT is temporal persistence,
which is the ability of a system to maintain internal states over
time, enabling past states to influence future states causally in an ir-
reducible manner [12,16]. According to the II'T, consciousness is
not a static moment but a dynamic process that unfolds over time.
Hence, any system that claims to instantiate consciousness must
display spatial integration and diachronic causal continuity [ 12].
Biological systems (e.g., the human brain) fulfill this condition
through recurrent dynamics and persistent internal states that sup-
port memory, anticipation, and narrative selfhood. By contrast,
transformer-based LLMs (e.g.,, GPT-2) operate in a stateless feed-
forward manner. Once a token is generated, the model resets its in-
ternal state, and no temporal continuity is preserved unless it is
manually re-encoded into the input [17]. The absence of intrinsic
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temporal memory prevents the formation of deeply entangled
cause-and-effect structures over time. Although individual compo-
nents may display localized influences, as observed in the small
perplexity shifts following attention-head removal, these shifts do
not constitute global causal irreducibility. Therefore, the system re-
mains fully partitionable across time, yielding ®=0 and, by IIT

standards, no consciousness.

5. Why large language models remain unconscious systems
Taken together, the theoretical framework, ablation experiments,
and philosophical analysis converge to a unified conclusion that
LLM:s do not possess consciousness. These models lack persistent
internal states, causal integration, and irreducible mechanisms,
which are characteristics of conscious systems in both biological
and theoretical terms [ 12,16]. The behavioral fluency of LLMs is
impressive, but structurally shallow. Accordingly, we caution
against attributing consciousness to LLMs, regardless of how hu-
manlike their outputs may appear [4,7]. Until such models imple-
ment architectures that can sustain a high @ value through deeply
recurrent, causally closed mechanisms, these models remain pow-

erful simulators, not sentient minds.

6. Limitations

Although this study offers a principled application of IIT to LLMs,
several limitations must be acknowledged. First, this work approxi-
mates the value of @ indirectly via behavioral proxies (i.e., perplexi-
ty) rather than computing it directly. Although this approach is
pragmatically motivated (given the computational intractability of
O for large-scale models), it cannot fully capture the intrinsic caus-
al structure of the system. Thus, any conclusions concerning inte-
grated information remain inferential rather than quantitatively
conclusive.

Second, the ablation experiments were limited to single atten-
tion-head removals in GPT-2 Small. Although illustrative, this in-
tervention level does not account for the more complex forms of
interdependence that may emerge at the level of layer-wide interac-
tions or recurrent architecture. Moreover, the choice of GPT-2,
which is a relatively shallow stateless transformer, may not be gen-
eralizable to newer architectures that incorporate memory mod-
ules, statefulness, or feedback mechanisms.

Third, by employing perplexity as a proxy, we assumed that pre-
dictive degradation corresponds to causal integration. However,
perplexity reflects performance on token prediction and not neces-
sarily the internal mechanistic irreducibility required by IIT. A
component may affect the output without being structurally indis-
pensable.

Finally, although the theoretical arguments are grounded in the
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IIT and supported by philosophical perspectives (ie., the Chinese
Room argument), alternative theories of consciousness (e.g., glob-
al workspace theory and predictive processing) may yield different
interpretations of LLM behavior. Therefore, the conclusions de-
pend on the theory and are not universally generalizable across all
cognition models. These limitations do not undermine the central
claim but underscore the need for ongoing refinement in methods
for evaluating artificial consciousness via formal frameworks, such
asIIT.

In conclusion, this study demonstrates that current LLMs (e.g.,
GPT-2) do not meet the structural and informational criteria for
consciousness defined by IIT. The theoretical analysis and abla-
tion-based empirical findings reveal that these models lack causal
integration and generate a negligible @ value. Therefore, although
LLMs can simulate intelligent language use, they remain uncon-
scious systems devoid of an integrated internal experience.
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