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ABSTRACT

This study investigates whether large language models (LLMs) mirror human neu-
rocognition during abstract reasoning. We compared the performance and neu-
ral representations of human participants with those of eight open-source LLMs
on an abstract-pattern-completion task. We leveraged pattern type differences in
task performance and in fixation-related potentials (FRPs) as recorded by elec-
troencephalography (EEG) during the task. Our findings indicate that only the
largest tested LLMs (∼70 billion parameters) achieve human-comparable accu-
racy, with Qwen-2.5-72B and DeepSeek-R1-70B also showing similarities with
the human pattern-specific difficulty profile. Critically, every LLM tested forms
representations that distinctly cluster the abstract pattern categories within their
intermediate layers, although the strength of this clustering scales with their per-
formance on the task. Moderate positive correlations were observed between the
representational geometries of task-optimal LLM layers and human frontal FRPs.
These results consistently diverged from comparisons with other EEG measures
(response-locked ERPs and resting EEG), suggesting a potential shared represen-
tational space for abstract patterns. This indicates that LLMs might mirror human
brain mechanisms in abstract reasoning, offering preliminary evidence of shared
principles between biological and artificial intelligence.

1 INTRODUCTION

The prospect of developing an intelligent system akin to human intelligence has long captivated
the public imagination. Once relegated to science fiction, it became tangible with early computer
systems and later milestones such as computers mastering Chess and Go (Silver et al., 2016; 2017;
2018) and the release of ChatGPT. Large language models (LLMs) now approach human-level com-
petence across diverse reasoning tasks, yet whether these models reason in a genuinely human-like
manner remains an open question. Abstract reasoning, a fundamental ability to extract patterns,
rules, and relationships from limited information and apply them in new contexts, is widely regarded
as a cornerstone of human cognition and provides a stringent test for this question. Early AI pioneers
already framed intelligence as abstraction and rule manipulation (Newell, 1955; Newell & Simon,
1956), and recent LLMs achieve strong performance on abstract-reasoning tasks (Bubeck et al.,
2023; Musker et al., 2025; Webb et al., 2023; 2025). While these models increasingly demonstrate
human-like behavioral responses, alignment at the behavioral level does not logically entail align-
ment at the mechanistic or representational level. Indeed, task performance can decouple from neu-
ral similarity at high accuracy levels (Schrimpf et al., 2020), and models frequently achieve success
via “shortcut” strategies that diverge from human internal logic (Geirhos et al., 2020). Therefore, a
critical open question is whether these models also converge on human-like internal representations
and computational processes. To investigate this, we extend recent work on brain–model alignment
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in perception and language (e.g., Doerig et al., 2024; Lei et al., 2025) to abstract reasoning, compar-
ing human behavior and neural activity to those of eight open-source LLMs on a pattern-completion
task.

LLMS’ ALIGNMENT WITH HUMAN BEHAVIOR AND CORTICAL PATTERNS

Deep neural networks of the 2010s achieved near-human accuracy in vision tasks (e.g., Krizhevsky
et al., 2012; LeCun et al., 2015) but offered limited insight into general cognition and often failed to
generalize (Bowers et al., 2022). The arrival of transformer-based LLMs marked a profound shift,
both in the field of AI and in the cognitive sciences. These models have achieved unprecedented
levels of generalization, enabling a broad spectrum of capabilities reminiscent of human creativity
and intelligence. This rapid progress, coupled with the increasing availability of open-source LLMs,
has opened up exciting research avenues enabling neuroscience-like experiments on the internal
activations of these models.

Recent work demonstrates that LLM latent spaces (i.e., the internal representations emerging in
hidden layers) often mirror human representational spaces. For example, GPT embeddings capture
human similarity judgments of actions (Dima et al., 2024), BERT aligns with the implicit repre-
sentational geometry of humans on a semantical odd-one-out task (Iaia et al., 2025), and GPT-3/4
replicate perceptual structures such as the color wheel (Marjieh et al., 2024).

Crucially, these parallels extend to cortical activity. Model activations systematically predict human
brain responses in language and vision tasks (Caucheteux & King, 2022; Schrimpf et al., 2021; Gold-
stein et al., 2024; Mischler et al., 2024; Lei et al., 2025; Doerig et al., 2024). For instance, Schrimpf
et al. (2021) found GPT-2 best predicted fMRI and ECoG signals during naturalistic language pro-
cessing, while Lei et al. (2025) showed that instruction-tuned models correlate more strongly with
brain data, with peak predictivity in intermediate layers (Caucheteux & King, 2022; Mischler et al.,
2024).

Together, evidence across fMRI, EEG, and ECoG suggests that when LLMs achieve human-like
performance, their internal activations resemble brain representational geometry. Yet most studies
focus on perceptual or linguistic tasks, where low-level features may inflate scores (Feghhi et al.,
2024). Abstract reasoning, which requires rule induction and relational generalization, thus offers a
more stringent benchmark.

INVESTIGATING REASONING PROCESSES BETWEEN HUMANS AND AI VIA ABSTRACTIONS

As described earlier, abstract reasoning corresponds to the ability of identifying patterns, rules,
and relationships from limited information and applying them to new or different contexts. It is a
key element of executive functioning, allowing individuals to think about and manipulate concepts,
events, and objects that are not immediately present. This capacity for higher-order thinking is
tightly linked to the concept of fluid intelligence (Ferrer et al., 2009; Chuderski, 2022), which is
thought to be supported by cortical networks in frontal and parietal brain regions (Caudle et al.,
2023; Choi et al., 2008; Duncan, 2010; Gray et al., 2003; Perfetti et al., 2007; Santarnecchi et al.,
2017; Tschentscher et al., 2017; Zurrin et al., 2024). It also appears as a crucial aspect of what
distinguishes human intelligence from current artificial intelligence.

LLMs now perform strongly on many reasoning benchmarks (Wang et al., 2024), yet their abilities
remain uneven: models that excel on these tests often falter on commonsense or deeper abstraction
tasks (Williams & Huckle, 2024). Studies highlight both successes (Webb et al., 2023; Musker
et al., 2025) and fragility, with performance dropping under small task variations (Gawin et al.,
2025; Gendron et al., 2024; Hersche et al., 2024; Lee et al., 2025; Lewis & Mitchell, 2024; Li et al.,
2025; Liang et al., 2025; McCoy et al., 2024; Mitchell et al., 2023; Nguyen et al., 2025; Palmarini
& Mitchell, 2024; Sourati et al., 2024; Stevenson et al., 2025; Yang et al., 2025; Yax et al., 2024).
Even when correct, these models often seem to rely on brittle heuristics rather than rule manipulation
(Lewis & Mitchell, 2024; Lee et al., 2025; Chollet, 2019).

Although a substantial body of research has begun to examine the internal mechanisms and represen-
tational alignment of LLMs with humans, these studies often treat behavioral performance and rep-
resentational similarity independently. Few studies have concurrently leveraged both dimensions to
investigate whether behavioral alignment is accompanied by a corresponding representational align-
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ment, particularly on reasoning tasks. Because standard EEG/fMRI methods often lock responses to
experimenter-defined events, they may miss participants’ strategies. We therefore leverage fixation-
related potentials (FRPs), which time-lock neural signals to gaze fixations, offering a more natural
window into reasoning dynamics.

USING FIXATION-RELATED POTENTIALS AS AN ECOLOGICALLY-VALID WINDOW INTO HUMAN
COGNITION

Traditional cognitive neuroscience often relies on static stimuli and controlled responses (e.g., button
presses), which can miss the natural dynamics of cognition during real-world tasks like reading or
visual search. To improve ecological validity, we combine EEG with eye-tracking, enabling neural
activity to be time-locked to self-initiated gaze fixations.

Fixation-related potentials (FRPs) are derived from this co-registration. Unlike standard stimulus-
locked ERPs, FRPs reflect ongoing, self-driven cognitive processing (Degno & Liversedge, 2020).
Their rapid frequency during free viewing also allows high data yield in short sessions.

Our focus on frontal EEG electrodes is motivated by extensive neuroimaging and electrophysiolog-
ical literature linking the prefrontal cortex (PFC) to higher-order abstract reasoning. Evidence from
multiple studies consistently identifies the frontoparietal network, and particularly the bilateral and
dorsolateral PFC, as the primary neural substrate for inductive and relational reasoning (Wertheim
& Ragni, 2018), with the PFC showing a distinctive capacity to represent sequential and hierarchical
structures (Veselic et al., 2025). Thus, FRPs from the frontal cortex were compared to hidden-layer
activations in open-source LLMs to assess representational alignment during abstract reasoning.

CURRENT STUDY

This study is structured around two objectives: i) to assess whether current open-source LLMs
can perform a relatively simple reasoning task involving arbitrary symbols and abstract patterns in
a manner that exhibits similar behavioral patterns to humans, ii) to explore whether the internal
representations formed within these LLMs align with human cortical activity recorded via EEG.

Twenty-five participants completed an abstract-pattern-completion task while EEG and gaze data
were recorded. Each trial featured a sequence of icons arranged by an implicit rule (e.g., ABCDD-
CBA). Eight LLMs were given a text-based version of the same task, replacing icons with one-word
labels. We compared their performance and hidden-layer activations to human behavior and EEG
responses.

While previous studies have utilized representational similarity analysis (RSA) to look at alignment
between LLMs and neural data in the vision and language domains (e.g., Caucheteux & King, 2022;
Doerig et al., 2024), this work is, to our knowledge, the first to investigate whether such geometric
convergence extends to the domain of abstract, rule-based reasoning.

2 RESULTS

COMPARISON OF LLM TO PARTICIPANT PERFORMANCE

Both human participants (N=25) and LLMs show pattern-specific difficulty, with pattern
ABCDEEDC being the most difficult for both human participants and LLMs On average, hu-
mans outperform all LLMs, with an overall accuracy of 82.47% (SD = 20.38%) vs. 40.59% (SD
= 33.08%). However, the ∼ 70 billion parameter models, namely, Qwen2.5-72B, Deepseek-R1-
Distill-Llama-70B, and Llama-3.3-70B, differentiate themselves from the rest with accuracy scores
between 75.00% and 81.75% (compared to less than 40% for all the others). Ideal LLM candidates
for modelling human cognition on this task should display both a high score on the task and a high
correlation with human accuracy profile (top right quadrant of Figure 1). That is, their performance
by pattern type should closely follow that of humans. Two of them, Qwen2.5-72B and Deepseek-
R1-Distill-Llama-70B, fit this description with an overall accuracy of 80.50% and 75.00%, and a
Pearson correlation with human performance of .71 and .70, respectively. Surprisingly, Llama-3.3-
70B, despite being the most accurate LLM (M = 81.75%, SD = 38.67% ), aligns poorly with the
human accuracy profile (r = .27). On the other hand, Phi-4 shows the opposite trend, with an overall
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Figure 1: LLMs’ overall task accuracy vs. correlation with human accuracy profile. Each dot
represents one LLM and is positioned by its overall accuracy on the 400 abstract-sequence trials
(x-axis) and the Pearson correlation (r) between its 8-pattern accuracy vector and that of human
participants (y-axis).

low accuracy on the task but a better fit to the human response structure, with a correlation value (r
= .67) on par with that of Qwen2.5-72B and Deepseek-R1-Distill-Llama-70B.

(a) (b)

Figure 2: Trial-level representational dissimilarity matrices (RDMs) generated from 400 unique
trials (50 trials per pattern type). Left: Task-optimal Reference RDM, encoding perfect within-
pattern similarity and maximal between-pattern dissimilarity; Right: grand-average LLM RDM,
computed from the activations of each LLM’s task-optimal layer; brighter colors denote greater
dissimilarity.

IDENTIFICATION OF TASK-OPTIMAL LLM LAYER

Having established which models not only score on par with humans, but also mirror their accuracy
profile, we next asked where in each LLM’s architecture do the eight abstract pattern classes be-
come most cleanly separated. To find that locus, we used representational similarity analysis (RSA;
Kriegeskorte et al., 2008). We built a trial-level (400 × 400) representational dissimilarity matrix
(RDM) that encodes perfect within-pattern similarity (0 on the eight 50 × 50 diagonal blocks) and
maximal between-pattern dissimilarity (1 elsewhere; Figure 2(a)). This design RDM encodes the
same pattern type no matter the individual icon/words in the pattern, which varied per experimental
trial in both humans (with icons) and LLMs (with words). We then correlated this matrix with the
RDM produced by each layer of each LLM.
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Figure 3: Layer-wise Pearson correlation between LLM layer RDMs and reference RDM.

We found that layer-wise correlations to this reference RDM form a pronounced inverted-U profile
for each LLM (Figure 3): similarity is negligible in the early layers, but then rises steadily and
reaches its apex in the intermediate blocks — on average at 47.52% (SD = 13.17%) of the layer
depth — before tapering off toward the output layer. These “sweet-spot” layers reveal a markedly
block-structured RDM (Figure 2(b)), indicating that internal representations, in this zone, cluster
trials almost perfectly by abstract pattern class, making these patterns an explicit organizing axis
of the latent space. Notably, the strength of this task-specific geometry is related to LLM behav-
ioral competence: the Pearson correlation between a model’s overall accuracy and its maximum
similarity to the reference RDM is r = .71 (SD = .03). The layer that maximized this correlation
was designated as the model’s “task-optimal” layer, and its corresponding RDM was further used
for direct comparisons with human neural data. These results confirm that LLMs which perform
better also carve the most distinct pattern clusters in their internal representations. After isolating
the task-optimal layer in each LLM, we averaged its activations over the trials belonging to each
abstract pattern type, producing eight vectors that were then used to build pattern-level RDMs.

LLM LAYER COMPARISON TO HUMAN EEG DATA

To test whether the representations of the previously identified task-optimal layers resonate with
human neural signals, we ran a second RSA in which each LLM’s RDM was compared with three
EEG RDMs constructed from frontal-electrode data and averaged across participants:

1. FRPs were obtained by first averaging the EEG signal across all icon fixations within a trial.
These measures were thought to capture the aggregate, self-paced processing that unfolds
as people inspect the abstract sequence of icons.

2. Response-locked ERPs, corresponding to a more “classical” approach — for example,
response-locked ERPs in central electrodes are thought to reflect evidence accumulation
during decision-making (Gluth et al., 2013; Lui et al., 2021) — were time-locked to button
presses (or to the end of the response window).

3. Resting EEG activity was extracted from inter-trial intervals to provide a cognitive “null”
baseline.

For each of these three group-level datasets, we once again pooled the trials belonging to the same
abstract pattern type, averaged them into eight pattern-wise vectors, and used these to construct the
corresponding pattern-level RDMs.

Group 1 Group 2 Mean diff p-adj lower upper reject
Response ERP FRP 0.26 < 0.01 0.22 0.30 True
Resting EEG FRP 0.30 < 0.01 0.26 0.34 True
Resting EEG Response ERP 0.04 0.07 -0.0025 0.08 False

Table 2: Multiple Comparison of Means - Tukey HSD, family-wise error rate (FWER)=0.05
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Figure 4: Pattern-level RSA between Human group-averaged RDMs and LLMs’ task-optimal layer
RDMs

Correlation (r) p-value
Type mean ± SD range mean ± SD range

FRP 0.21 ± 0.03 0.17 – 0.25 0.16 ± 0.03 0.12 – 0.20
ERP Response -0.05 ± 0.04 -0.13 – 0.02 0.56 ± 0.08 0.45 – 0.69
EEG Rest -0.09 ± 0.03 -0.14 – -0.05 0.67 ± 0.05 0.59 – 0.75

r = Pearson correlation; p values from 10 000-iteration permutation test.

Table 1: Pattern-level RSA correlations and permutation-test p-values

Although none of the LLM-EEG correlations reached permutation significance (all p > .05; see
Table 1 and Limitations section), the magnitudes and p-values of the FRP data diverged systemat-
ically from the response-ERP and resting EEG data (see Figure 4 and Figure 8). FRP similarities
were uniformly positive, spanning r ≈ .17–.25 (M = .21, SD = .03, M p-val = .16, SD p-val = .03),
whereas response-locked ERPs were negative or hovered near zero, r ≈ –.125 – .01 (M = -.05, SD
= .04, M p-val = .56, SD p-val =.08). Resting ERPs were consistently negative, r ≈ –.15–.05 (M =
-.09, SD = .03, M p-val = .67, SD p-val = .05). A post-hoc Tukey HSD test on the correlation coeffi-
cients confirmed that the FRP correlations were significantly larger than those obtained from either
of the other two EEG measures (Table 2). Specifically, FRPs exceeded resting-EEG correlations by
an average of .30 (95 % CI [.26, .34], p-adj < .01) and response-locked ERP correlations by .26 (95
% CI [.22, .30], p-adj < .01).

Thus, only gaze-linked EEG data (FRPs) — constructed by averaging all fixations within a trial —
seem to potentially carry any detectable trace of the same abstract-pattern geometry encoded in the
LLMs’ mid-layers, while response-locked or resting EEG data do not. These modest yet systematic
FRP correlations (r ≈ .17–.25) complement an earlier result from the LLMs: across the eight models,
the more distinctly a mid-layer encoded the eight pattern categories, the higher the model’s overall
accuracy (r = 0.71). In other words, the representations that make a model succeed on the task are
the same representations that seem to faintly reappear in human frontal FRPs, hinting at a shared
coding of abstract patterns.

3 DISCUSSION

In this work, we compared the behavior and neural representations of human participants to those of
eight open-source LLMs on an abstract-pattern-completion task. We show that only the largest mod-
els (∼ 70 billion parameters each) approach humans’ overall performance with a mean accuracy of
79.08% vs. 82.47% for human participants. Looking at accuracy profiles, Qwen2.5-72B, Deepseek-
R1-Distill-Llama-70B, and Phi-4 show the best alignment with humans. A particularly interesting
comparison comes from Llama-3.3-70B and its derivative DeepSeek-R1-Distill-Llama-70B. Both
share the same 70-billion-parameter transformer backbone, yet differ in their second-stage train-
ing. The base model, Llama-3.3-70B, relies solely on large-scale next-token prediction, whereas
DeepSeek-R1 is distilled (i.e., trained to imitate a teacher model’s chain-of-thought outputs on a
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curated dataset) and then fine-tuned with reinforcement learning so that it is encouraged to consis-
tently produce those explicit reasoning steps. This procedural change produces a clear trade-off:
in comparison to Llama-3.3-70B, the reasoning-optimised variant trades ∼7 percentage-points of
accuracy (75.00% vs 81.75%) for a 2.6-fold increase in human-likeness, as measured by Pearson’s r
on accuracy by pattern type (.27 vs. .70). Encouraging step-by-step reasoning might therefore bring
about more human-like error-patterns, albeit at the cost of a modest reduction in overall capabilities.

Second, across architectures, layer-wise correlations to a design RDM that encodes the abstract pat-
tern categories (maximal within-pattern similarity and maximal between-pattern dissimilarity) trace
a similar inverted-U alignment profile, reaching a peak in intermediate layers (Figure 3). These cor-
respondences were positively associated with overall task accuracy, implying that better performers
encode the task’s structure more strongly. Taken together, these results suggest that mid-level rep-
resentations most faithfully capture the structure of the task, which echoes previous findings high-
lighting the importance of intermediate layers in various deep learning architectures (Ju et al., 2024;
Lei & Cooper, 2025; Meng et al., 2023; Park & Kim, 2025; Skean et al., 2024; 2025; Sun et al.,
2025; Zhang et al., 2024). Zhang et al. (2025), for example, demonstrated the existence of a handful
of “cornerstone” layers, typically in the early-to-mid section, carrying a dominant share of task-
relevant information, while results from Meng et al. (2023) showed that mid-layers in feed-forward
modules are crucial for storing factual knowledge. RDMs derived from the mid-level layers of ev-
ery model converged on a remarkably similar geometry that clusters the different trials into their
abstract pattern classes (see Figure 2(b) and Figure 7), which is also corroborated by earlier findings
(Lan et al., 2025; Wolfram & Schein, 2025; Zhang et al., 2024) and the Platonic Representation Hy-
pothesis. The latter states that “neural networks, trained with different objectives on different data
and modalities, are converging to a shared statistical model of reality in their representation spaces.”
(Huh et al., 2024).

Third, we show moderate correlations (r ≈.17–.25) in representational geometry between task-
optimal LLM layers and human cortical data extracted from participants’ frontal FRPs. Although the
permutation test fell short of statistical significance, there was a consistent trend showing an increase
in correlation scores and decrease in their associated p-values for the FRP data in comparison with
the other two EEG datasets, built from response-locked ERPs and resting EEG activity. EEG in-
evitably imposes a modest signal-to-noise ceiling, and our current FRP analysis might not be able to
capture all or most of the reasoning-related cognitive activity present in the cortical data. However, if
we consider that the LLMs capture the inherent logic of the task in their internal representations, and
that FRP RDMs correlate consistently more strongly with the “task-optimal” layers’ RDMs than the
response-lock and resting activity RDMs, then we might conclude that abstract reasoning activity in
the human brain can be at least partially mimicked by LLMs’ representations. Crucially, the corti-
cal alignment we observe at intermediate LLM layers mirrors a converging pattern in the literature:
mid-layer activations were already shown to best predict brain responses during sentence processing
in various brain recording modalities (Caucheteux & King, 2022; Lei et al., 2025; Mischler et al.,
2024).

LIMITATIONS AND FUTURE DIRECTIONS

This study offers initial evidence for LLM–brain alignment during abstract reasoning, but several
limitations remain. First, the small EEG sample (N = 25) limits statistical power; larger cohorts
would improve robustness and allow individual-difference analyses. Second, the task modality dif-
fered across agents: humans solved a visuospatial puzzle, while LLMs processed text, potentially
weakening alignment. Third, our use of representational similarity analysis reveals where abstract-
rule information emerges but not how it arises. Combining RSA with causal interpretability tools
(e.g., activation patching, attention ablation) may uncover underlying mechanisms and generaliza-
tion. Fourth, while FRPs showed the strongest correspondence with LLM activations, results did not
reach significance—possibly due to EEG noise and the conservativeness of permutation testing on
low-dimensional RDMs (Nili et al., 2014). Fifth, future work could use fMRI to provide spatially
detailed comparisons. Lastly, further analysis of eye-tracking data—such as comparing fixation
heatmaps with model attention—could reveal shared attentional dynamics.
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4 METHODS

TASK DESIGN

In each trial, participants viewed a sequence of icons arranged according to a specific underlying
pattern (e.g., “ABBACDDC”). Eight unique patterns were used in the experiment:

AAABAAAB ABBACDDC ABCDDCBA ABABCDCD
ABBCABBC ABCDEEDC ABBAABBA ABCAABCA

For each trial, the final icon in the sequence was replaced by a question mark. Participants were then
required to select the icon from a set of four multiple-choice options that correctly continued the
sequence. Participants responded by pressing one of four computer keyboard buttons corresponding
to each response. This design was adapted to a text-based version for LLMs, which were presented
with sequences of one-word labels describing the icons.

In the lab version of the experiment, participants were seated at about 60 cm from a computer
monitor with their head stabilized on an adjustable chin rest to minimize movement, while EEG
signals were recorded via a 64-electrode cap and gaze data were captured simultaneously with an eye
tracker. The icons of a sequence were first individually presented for 600 ms in a randomized order
(but at their respective location in the sequence) on the top part of the screen. This “encoding phase”
ensured that participants could register the visual features of every icon without yet attempting
to solve the pattern. Subsequently, four choice icons were displayed in a similar manner, but on
the lower part of the screen. After these separate presentations, the entire sequence and the four
options were presented simultaneously on the screen and remained until the participant responded
by pressing a key or until a maximum duration of 12 seconds was reached. We refer to this second
phase as the “decision phase”. By temporally separating these two phases, we aimed to isolate
the neural signals related to reasoning processes from those associated with more basic perceptual
processing.

The full experiment consisted of 400 unique trials divided into 5 sessions, with 50 trials per pattern
type. Each session was divided into 4 blocks of 20 trials, for a total of 80 trials with 10 trials per
pattern type, presented in random order.

PARTICIPANTS

Twenty-five healthy adults were recruited from the University’s participant pool through an online
advertisement. The advertisement specified the eligibility criteria (≥ 18 years; normal or corrected-
to-normal vision; no personal or familial history of epilepsy) and the study logistics: five sessions
of about one to two hours each. Volunteers were offered either C100 or six course-credit units as
compensation for the completion of the whole study. Five participants withdrew before completing
the whole experiment. Partial datasets from these were retained and included in all analyses. All
participants gave written informed consent, and the protocol was approved by the Faculty Ethics
Review Board.

LLMS

Eight open-source LLMs were downloaded and run locally using the Hugging Face library: Phi-
4, Gemma-2-2B, Gemma-2-9B, Gemma-2-27B, Llama-3.2-3B, Llama-3.3-70B, Qwen2.5-72B,
Deepseek-R1-Distill-Llama-70B The models were queried 400 different times, that is, one trial at a
time with no context carried over between prompts (i.e., no memory of previous trials), and each of
their layers’ outputs were extracted.

EEG & EYE TRACKING APPARATUS

EEG data were collected using a 64-electrode headcap from BioSemi, arranged according to the
international 10-20 system and connected to an EEG amplifier system with a sampling rate of 2048
Hz. Eye movements were recorded from the participants’ dominant eye using EyeLink 1000 Plus
system with a sampling rate of 2000 Hz.
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DATA ANALYSIS

BEHAVIORAL ANALYSIS

For the behavioral analysis, we first computed each participant’s mean accuracy across all 400 trials
and their mean accuracy within each of the eight abstract-pattern categories. The same two metrics
were calculated for every LLM. To assess how closely a model’s accuracy profile matched human
behavior, we then correlated its pattern-accuracy vector with the group-average human vector using
Pearson correlation.

LLMS’ LAYER ACTIVATIONS ON SEQUENCE TOKENS

For each trial, we extracted hidden-state activations from every layer of each LLM, but retained
only those corresponding to the tokens in the abstract sequence (e.g., “star star star guitar . . . ?”).
Activations for tokens corresponding to the rest of the prompt were discarded. The resulting trial-
level vectors thus capture each model’s internal representations of the abstract sequence itself.

REPRESENTATIONAL SIMILARITY ANALYSIS (RSA)

FRP Dataset. To construct representational dissimilarity matrices (RDMs) from the human EEG
data, FRPs were extracted from 17 frontal electrodes (see Figure 6):

1. Gaze fixations were automatically identified and labeled by the Eyelink 1000 Plus software.
We extracted fixations from the decision phase (see Task design section in the Methods)
and only kept those that landed on either of the eight icons forming the abstract sequence
(top row of Figure 5), disregarding those that landed on the choice options (bottom row of
Figure 5).

2. For every retained fixation, we epoched the concurrently recorded EEG from 0 – 600 ms
relative to fixation onset, as free-viewing fixations usually last between 200 and 500 ms
(Engbert, 2006).

3. Within a trial, the fixation-locked waveforms were averaged together, yielding one 600-ms
FRP per trial that we interpret as a composite neural trace of the abstract pattern being
inspected.

Additional EEG measures. Two complementary EEG measures were derived from the same 17
frontal electrodes:

i) Response-locked ERP: Epochs spanned -1000 to 0 ms around the button press that com-
pleted a trial. No baseline or further processing were applied.

ii) Resting EEG (control): To obtain a cognitive “null” baseline, we extracted epochs from the
inter-trial period, during which a fixation cross was displayed at the center of the screen.
More specifically, we selected data from -1000 to 0 ms around the start of a trial, which was
defined as the 1-second mark before the appearance of the first stimulus on screen, after a
variable inter-trial period of 1, 2, or 3 seconds. At that instant the fixation cross was still
onscreen and no task-relevant stimuli had yet been presented. Again, no baseline or further
processing were applied.

Human RDMs. For each EEG measure, the 400 trial-wise waveforms of a participant were first
vectorised along the time and electrodes dimensions, resulting in a matrix of 400 (trials) × 20,893
(17 electrodes × 1,229 timepoints). This data was averaged across participants to form group-level
datasets. Pattern-level averages were then obtained from the group-level datasets by collapsing
over the 50 trials belonging to each pattern type, resulting in 8 × 20,893 matrices. Finally, we
constructed one pattern-level RDM (8 × 8 matrix) per EEG measure, capturing the pair-wise dis-
similarities among the eight pattern types from the group-level data. Correlation distance was used
as the dissimilarity metric, which quantifies the dissimilarity between two patterns as 1 - r based on
the Pearson correlation between their vectors.

LLM RDMs. A 400 × 400 trial-level RDM was built from the hidden layers activations of each
LLM (see LLMs’ layer activations on sequence tokens section) by computing correlation distance
between all pairs of activation vectors. To locate the layer that best captured the task’s abstract
structure, we correlated each layer’s RDM (Pearson’s r) with the reference RDM (see Figure 2(a)),
which assigns 0 to within-pattern pairs and 1 to between-pattern pairs. For each LLM, the layer with
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the highest correlation was designated as that model’s task-optimal layer. Finally, from every task-
optimal layer, we averaged the activation vectors across pattern type and computed their pair-wise
correlation distances to yield an 8 × 8 pattern-level RDM. These task-optimal, pattern-level RDMs
served as the basis for all subsequent comparisons with the human EEG RDMs.

RDM Comparison. To assess the similarity between the representational geometries of human EEG
responses and LLM activations, we compared the respective pattern-level RDMs using RSA. The
similarity between two RDMs was quantified using Pearson correlation. A high correlation indicates
that the two RDMs share a similar representational geometry, suggesting that the underlying patterns
of activity are organized in a comparable fashion.

Permutation testing. To evaluate the statistical significance of the observed correlation, we employed
a non-parametric permutation test with 10,000 iterations. For each iteration, the human FRP dataset
was disrupted by randomly permuting the condition indices. The FRP RDM was recomputed from
the permuted data and then compared to the fixed LLM RDMs using the same similarity metric
(Pearson correlation). A null distribution of similarity scores was generated from these permutations,
and the p-value was calculated as the fraction of permuted correlations whose magnitude exceeded
that of the observed similarity.
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A APPENDIX

Figure 5: Example of an experimental trial for pattern type ABCAABCA. Top row: the sequence
to be completed. Bottom row: four response options. The correct answer is the star icon (fourth
position). Participants responded by pressing one of four computer keyboard buttons corresponding
to each response option. FRPs were calculated when a new fixation was made to each icon in the
sequence.
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Full ID Simplified ID Parameter Count (billions)

microsoft/phi-4 Phi-4 14
google/gemma-2-2b-it Gemma-2-2B 2
google/gemma-2-9b-it Gemma-2-9B 9
google/gemma-2-27b-it Gemma-2-27B 27
meta-llama/Llama-3.2-3B-Instruct Llama-3.2-3B 3
meta-llama/Llama-3.3-70B-Instruct Llama-3.3-70B 70
Qwen/Qwen2.5-72B-Instruct Qwen2.5-72B 72
deepseek-ai/DeepSeek-R1-Distill-Llama-70B Deepseek-R1-Distill-Llama-70B 70

Table 3: Open-source LLMs evaluated in this study. The “Full ID” column gives the full identifier
used in the Hugging Face repository, while the “Simplified ID” correspond to the shortened version
by which we refer to each LLM throughout this paper.

LLM PROMPT

A one-shot prompting strategy was employed, where an unrelated example and its associated answer
were given to the LLM before showing it the actual problem to solve. Below is an example of a
prompt used to query the LLMs:

You will be presented with a sequence of words that follow a logical order, but one word
in this sequence is missing, indicated by a question mark (?). Your task is to identify the
missing word from a given set of options. To successfully complete this task, you should:

1. Analyze the sequence to understand the underlying logical pattern. Pay attention to
the order of words, any repetitions, and how each word relates to the others in the
sequence.

2. Do not rely on external tools or databases to analyze the sequence. Your reasoning
should be based solely on the internal logic of the sequence as presented.

3. Consider the provided options carefully. There is only one correct answer that fits
logically into the sequence in place of the question mark.

4. Present your answer in a clear and concise format: ’Answer: [chosen word]’ (without
the brackets). Include only your final choice in your response, without any additional
explanation or text.

Your goal is to determine which option logically completes the sequence. Remember, the
key to solving this puzzle is understanding the pattern that links the words in the sequence.
Use this pattern to decide which of the options fits as the missing word.

Here is an example:
Sequence: smile eye smile eye smile ?
Options: camera eye bone smile
Answer: eye

Here is the puzzle you must now solve:
Sequence: star star star guitar star star star ?
Options: truck star cube guitar

EEG PREPROCESSING

EEG preprocessing was performed using the MNE-Python library (Gramfort et al., 2013) with the
following steps:

1. Interpolation of manually identified bad electrodes
Before any preprocessing, certain noisy or unreliable electrodes were manually flagged,
either during data acquisiton or later inspection of the raw data. Instead of discarding those
electrodes (which would create holes in the scalp map) we replaced them with a weighted
average of their nearest neighbours using a spherical-spline algorithm (Perrin et al., 1989).
This preserves the overall topography while preventing a handful of faulty sensors from
biasing later steps.

2. Average re-referencing
EEG measures voltage differences; choosing a reference that is itself noisy can contaminate
the data of every electrode. By using the average activity of all electrodes as a reference
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point we obtain a “neutral” zero-mean reference that minimises bias toward any single
scalp location and improves the spatial interpretability of later analyses.

3. Notch filter (50–250 Hz in 50 Hz steps)
The European electricity grid (Continental Europe Synchronous Area) operates at a stan-
dard frequency of 50 Hz. This creates noise at 50 Hz and multiples of it (harmonics) that
gets mixed in with the EEG signal. We therefore used a series of narrow, “notch” filters
centred on 50-Hz increments (from 50 to 250 Hz) to target and remove this noise while
leaving neighbouring frequencies untouched. Each notch was implemented with MNE’s
default zero-phase, overlap-add finite impulse response (FIR) routine. Notch width fol-
lowed the package default of frequency / 200 (e.g., 0.25 Hz at 50 Hz) with a fixed 1 Hz
transition band. Filter length was chosen automatically (6.6 divided by the shortest transi-
tion bandwidth, using the default Hamming window), and edges were handled with MNE’s
“reflect limited” padding, which mirrors the signal at each edge and then pads with zeros
if necessary.

4. Independent component analysis (ICA) for artifact removal
To isolate non-neural sources such as eye blinks, saccades, or muscle movements, we du-
plicated the data, applied a broad 1–100 Hz band-pass filter (which helps ICA converge to
meaningful artifactual solutions), and ran an extended Infomax ICA (Langlois et al., 2010).
This band-pass filter was implemented with the same FIR design choices described for the
notch filters in Step 3 (zero-phase, overlap-add FIR; automatic kernel length, Hamming
window, ‘reflect limited” padding). The resulting components were automatically labelled
with the MNE-ICALabel classifier (Li et al., 2022). Components representing non-neural
artefacts (i.e., muscle artifact, eye blink, heart beat, line noise, channel noise) were zeroed-
out, and the cleaned mixing matrix was projected back onto the original unfiltered data,
preserving genuine brain activity.

5. Band-pass filter (0.1–100 Hz)
After artifact removal, a final band-pass filter from 0.1 to 100 Hz was applied to the data.
This step ensured the removal of any remaining low-frequency drift and high-frequency
noise while preserving the physiologically relevant neural oscillations. This band-pass
filter was, again, implemented with the same FIR design choices described for the notch
filters in Step 3.

6. Final average re-referencing
To ensure optimal signal quality and consistency across all electrodes, the data underwent
a second average re-referencing step. This final re-referencing minimized any residual
common mode noise that might have been introduced or remained after previous processing
steps, preparing the data for subsequent analyses.

Figure 6: EEG montage used in this experiment (international 10-20 system; 64-electrodes). Frontal
electrodes used in the analysis are highlighted in red.
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Figure 7: Accuracy RDM, built from the average accuracy by pattern type for each human (labels
1-25) and LLM; brighter colors denote greater dissimilarity.
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Figure 8: Pattern-level RDMs. Top: group-average RDM from LLMs; Bottom: group-average RDM
from human participants.
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Figure 9: Frontal FRPs during the “decision phase” (see Task design section in the Methods). Top:
Example of a single-pattern grand average FRP (N = 25 participants) elicited by fixations on trials
of the ABBAABBA pattern type. Each trace corresponds to one EEG channel; frontal electrodes are
shown in color, all other channels in grey. The inset scalp map (nose up) at the top left displays the
electrodes spatial arrangement on the scalp. Time 0 s marks fixation onset. Bottom: Pattern-specific
frontal traces. FRPs averaged across all participants, trials, and frontal electrodes for each of the
eight abstract patterns.
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