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Abstract

Modern LLMs differ fundamentally from the human brain in
architecture and computational mechanisms, yet recent work
reveals surprising representational alignments between these
systems. Here we test whether noninvasive neural signals can
directly steer transformer attention at inference time. Using
an InstABoost-style framework, we inject EEG-derived at-
tention weights (suppressing alpha, enhancing theta/gamma
bands) into early layers of Llama-3.2-3B without additional
training. On reading comprehension tasks from the ZuCo
dataset, we observe modest but consistent improvements (0.4-
1.4% absolute gain), particularly when using population-
averaged EEG from task-specific reading conditions. Con-
trol experiments with shuffled or misaligned EEG confirm
these gains stem from temporal alignment between neural dy-
namics and word sequences. While preliminary, these results
suggest that human attentional rhythms encode routing infor-
mation that can productively guide artificial attention mech-
anisms, opening possibilities for neural-augmented language
models.

Code — https://github.com/xksteven/neural llm repe/

Introduction
Large language models and human brains process language
through vastly different mechanisms—transformers use par-
allel, feedforward computation with explicit attention, while
brains employ recurrent, spike-based processing with dis-
tributed representations. Despite these differences, mount-
ing evidence reveals systematic correspondences: interme-
diate LLM layers predict cortical activity during narrative
listening (correlations up to r = 0.92), both systems engage
in predictive processing, and attention heads map to discrete
cortical regions exhibit hierarchical, context-sensitive fea-
ture extraction that mirrors cortical processing (Hickok and
Poeppel 2007; Lerner et al. 2011; Ding et al. 2017; Sheng
et al. 2018; Mischler et al. 2024; Kumar et al. 2023). These
alignments raise an intriguing question: can human neural
signals directly guide transformer computations?

Our approach is straightforward: we extract frequency-
band power (theta, alpha, gamma) from the ZuCo dataset’s
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(Hollenstein et al. 2018, 2019) word-aligned EEG record-
ings, compute attention multipliers that suppress alpha and
enhance theta/gamma activity, and inject these weights into
transformer attention computations during inference (Figure
1). This allows us to test whether neural rhythms measured
during human reading can improve model comprehension of
the same texts.

LLMs and human brains process natural language through
different mechanisms, yet converging evidence shows sys-
tematic links between their internal dynamics and shared
representational structure. Transformer models exhibit hi-
erarchical, context-sensitive feature extraction that mir-
rors cortical processing (Hickok and Poeppel 2007; Lerner
et al. 2011; Ding et al. 2017; Sheng et al. 2018). For
example, narrative-listening studies report that intermedi-
ate LLM layers best predict activity in auditory and lan-
guage regions (with some reports up to r ≃ 0.92) and
that both systems engage in next-word prediction (behav-
ioral correlations around r≃0.79; neural prediction evi-
dent up to 8̃00 ms before word onset) (Mischler et al.
2024). Attention mechanisms further parallel functional
specialization: attention heads have been mapped to dis-
crete cortical parcels, and representational-similarity anal-
yses show that context-aware models align more closely
with language-network responses than context-independent
baselines (Kumar et al. 2023). Model scaling and instruc-
tion tuning tend to strengthen these correspondences, al-
though latency-based measures sometimes favor structural-
parsing approaches over LLMs (Ren et al. 2024). Comple-
mentary evidence spans layer–time and representational cor-
respondences (Goldstein et al. 2022, 2024, 2025), embed-
ding–brain links (Toneva and Wehbe 2019; Hasson, Nas-
tase, and Goldstein 2020; Feghhi et al. 2024; Tikochinski
et al. 2025), domain-adjacent parallels in mathematics (De-
bray and Dehaene 2025) and music (Denk et al. 2023), and
brain decoding (Smith 2013; Défossez et al. 2023; Lee and
Chung 2024; Chen et al. 2025).

Our Contributions
1. We instantiate an EEG-guided attention modula-

tion procedure that integrates alpha suppression and
theta/gamma enhancement into InstABoost-style
reweighting, requiring no training (Figure 1)

2. We provide initial evidence that such modulation can



Figure 1: EEG-based attention modulation

slightly improve reading-comprehension performance,
especially for task-related reading.

3. We articulate controls and analysis directions to solidify
these findings.

Background
EEG frequency bands and human attention
Alpha-band power is robustly linked to attentional selection
and inhibitory gating: decreases (alpha suppression/desyn-
chronization) track the release of inhibition in task-relevant
regions and accompany selective attention across visual
and auditory modalities (Clements et al. 2023). Theta and
gamma rhythms and their cross-frequency coupling are im-
plicated in active processing, working/episodic memory, and
attentional control, with broad evidence that theta–gamma
coordination supports effective information routing (Ursino
and Pirazzini 2024).

Representation Engineering
Inspired by recent work in the area of representation en-
gineering such as (Turner et al. 2024; Zou et al. 2025;
Guardieiro et al. 2025). We wondered how well the given
methods can be applied or modified by human brain activity.
The work in the area of Representation Engineering and re-
lated papers works by modifying the models internal states
live while processing data to have an intended effect. The
methods by which the states can be modified include modi-
fying the activations after learning a representation for a con-
cept such as honesty (Burns et al. 2024; Zou et al. 2025)
or modifying the attentional states such as in InstABoost
(Guardieiro et al. 2025). We opted for the latter approach
as the attention heads have a direct word to word mapping
with EEG data.

InstABoost
InstABoost (‘Instruction Attention Boosting’) is a training-
free steering method that improves instruction following
by directly modifying a transformer’s attention distribution
during generation which boosts attention to instruction to-
kens via multiplicative reweighting before re-normalization
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Figure 2: Effect of EEG-based modulation (green) on LLM
performance compared to baseline (gray). Control (Ran-
dom) EEG-modulation was either shuffles of the real EEG
(red) or EEG corresponding to another random sentence (or-
ange)

(Guardieiro et al. 2025). In our adaptation, we replace
hand-chosen instruction tokens with EEG-derived per-token
weights: frequency-based multipliers are injected into the at-
tention computation for aligned words, thereby modulating
attention in situ.

Methods
EEG Data
We used the ZuCo (Hollenstein et al. 2018) and ZuCo 2.0
(Hollenstein et al. 2019) datasets which combine simulta-
neous EEG and eye-tracking to provide word-level EEG la-
beling under three paradigms: sentiment reading (SR), nor-
mal reading (NR), task-specific reading (TSR). The datasets
provide band-limited spectral power at word and sentence
levels, time-locked to fixations, with sub-bands for theta
(4–8 Hz), alpha (8.5–13 Hz), beta (13.5–30 Hz), and gamma



(30.5–49.5 Hz). Frequency band information was available
for 57.1% of 326,334 words presented across 30 subjects.
Anthropic’s Claude code was guided to refractor the datasets
for loading in python3.10+ and consistent formatting across
datasets, which were originally available as .mat files from
different versions of MATLAB.

Model selection and EEG-Boost
All of the methods were tested against Llama-3.2-3B due to
it’s size making for rapid experimentation. We also tested
against Llama-3.2-1B which we observed similar results.
We call our modified version of InstABoost EEG-Boost. We
experimented with several different variations of attention
modification namely whether to modify all layers, few layers
or individual layers. To calculate the modifications or boost-
ing coefficients we also tested three different variations (all
inspired from EEG analysis). Namely theta-gamma, alpha
suppression and a weighted average of theta-gamma + alpha
suppression. All of the brain wave values are z-normalized
per patient as a pre-processing step.

θ-γ coupling: Mθγ(i) = 1 + sθγ tanh

(
wθθi + wγγi

d

)
(1)

α suppression: Mα(i) = 1− sα tanh
(αi

d

)
(2)

Combined EEG multiplier: M(i) =
Mθγ(i) +Mα(i)

2
(3)

The default hyperparameters are chosen as follows:

wθ = 0.6, wγ = 0.4, sθγ = 2.0, sα = 3.0, d = 2.0

Here, wθ and wγ weight the contributions of theta and
gamma activity. The scaling factors sθγ and sα control the
strength of theta-gamma coupling and alpha suppression, re-
spectively. The divisor d sets the sensitivity of the tanh non-
linearity, with larger values smoothing the response. We ex-
perimentally varied sθγ and sα by performing a grid search
from 0.5 to 5.0 with a 0.5 step size and found that these two
have the largest impact in terms of accuracy.

To measure accuracy we relied on synthetically generated
multiple choice questions generated from the data the pa-
tients read. This involves the creation of 500 new questions
based on the information found from the passages in the text.

Results
EEG-modulated attention improves reading
comprehension
We first tested whether incorporating human brain signals
could enhance LLM performance on reading comprehen-
sion tasks. By applying EEG-derived attention weights to
Llama-3.2-3B during inference, we observed a modest but
consistent improvement in accuracy on synthetically gener-
ated multiple-choice questions based on the ZuCo reading
passages. Figure 2 demonstrates the main effect: when us-
ing real EEG signals to modulate attention (green bars), the
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Figure 3: Performance variability across individual subjects
compared to population-averaged EEG modulation (green
dashed line). Averaging across subjects produces more ro-
bust improvements than individual neural signals.

model achieved 40.7% accuracy compared to 40.3% base-
line performance—a small but statistically significant im-
provement (p ¡ 0.05, n=326 questions). Critically, this gain
disappeared under two control conditions: randomly shuf-
fled EEG signals from the same sentences (38.0% accuracy,
red bars) and EEG signals from unrelated sentences (40.3%
accuracy, orange bars). The fact that shuffling destroys the
benefit while swapping maintains baseline performance sug-
gests the improvement stems from the temporal alignment
between EEG dynamics and word sequence.

Task-related reading yields stronger modulation
effects
The nature of the reading task dramatically influenced the
effectiveness of EEG-based attention steering. The ZuCo
dataset distinguishes between natural reading (NR), where
participants read freely, and task-specific reading (TSR),
where they read with explicit comprehension goals. This dis-
tinction proved crucial for our results.

Figure 4 reveals a striking pattern: EEG signals collected
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Figure 4: LLM performance when modulated by different
EEG frequency bands (top) and comparison between task-
specific reading (TSR) versus natural reading (NR) condi-
tions (bottom). TSR-derived EEG signals and combined fre-
quency modulation yield the strongest improvements

during TSR conditions produced substantially larger per-
formance gains compared to those from NR conditions.
Under TSR, accuracy improved to 41.7% (from the same
40.3% baseline), while NR signals yielded only marginal
gains. This differential effect aligns with established neu-
roscience findings that task-oriented reading elicits stronger
attentional engagement, reflected in more pronounced alpha
suppression and enhanced theta-gamma coupling.

When examining which frequency bands drove these
improvements, we found that modulation based on theta-
gamma coupling produced the strongest LLM performance
gains during TSR (40.7% accuracy), while alpha suppres-
sion alone yielded intermediate improvements (39.4%). The
combined approach performed best at 41.7%. Notably, these
frequency-specific effects were most pronounced during
TSR compared to NR, consistent with heightened neural en-
gagement during goal-directed reading. The stronger modu-
lation effects from TSR-derived EEG likely reflect the in-
creased cognitive demand and focused attention required
when reading for specific comprehension tasks.

Population-averaged EEG provides robust
attention signals
Surprisingly, averaging EEG signals across multiple partic-
ipants produced more reliable improvements than using in-
dividual subject data (Figure 3). While neuroscience stud-
ies often find that population averages wash out meaning-
ful individual differences, our results suggest the opposite
for this application. Individual subjects showed highly vari-
able effects: some participants (e.g., ZAB, ZJM) demon-
strated strong positive modulation during natural reading,
while others showed no benefit or even slight decrements.
However, when we averaged EEG signals across all 30 sub-
jects before computing attention weights, the resulting mod-
ulation consistently improved performance across both TSR
and NR conditions. This population-level benefit was partic-
ularly pronounced for TSR tasks, where the averaged signal
achieved 41.6% accuracy compared to a mean of 39.2% for
individual subjects. The convergence toward a ”canonical”
attention pattern suggests that despite individual variability
in neural responses, humans share fundamental attentional
dynamics during language processing that can productively
guide transformer models.

Layer-specific modulation reveals hierarchical
effects
We systematically varied which transformer layers received
EEG modulation (Figure 3) to identify where neural sig-
nals had the greatest impact. Early layers (1-4) showed the
strongest response to EEG-based attention steering, with di-
minishing effects in middle layers and minimal impact on
late layers. This pattern aligns with recent findings on the
correspondence between transformer layers and cortical pro-
cessing hierarchies. Early transformer layers, like early sen-
sory cortices, appear more amenable to low-level attentional
modulation, while later layers may have already committed
to higher-level semantic representations less influenced by
word-level attention patterns.

Discussion
Our results provide preliminary evidence that human EEG
signals can directly modulate transformer attention with-
out additional training—a surprising finding given the fun-
damental architectural differences between biological and
artificial neural networks. The success of frequency-based
modulation (alpha suppression, theta-gamma enhancement)
suggests these neural rhythms encode task-relevant routing
information that transcends implementation details. Three
key patterns emerged. First, task-specific reading produced
stronger modulation effects than natural reading, indicat-
ing that focused human attention provides more informa-
tive guidance for transformers. Second, population-averaged
EEG outperformed individual subject signals, revealing a
shared attentional scaffold despite individual neural vari-
ability. Third, early transformer layers showed stronger re-
sponses to EEG modulation than later layers, echoing re-
cent findings on layer-time correspondences between trans-
formers and cortical hierarchies. Several limitations warrant



caution. Performance improvements remain modest (0.4-
1.4% absolute), possibly reflecting the coarse spatial resolu-
tion of scalp EEG. The ZuCo dataset provides limited cov-
erage (under 400 sentences), and our synthetic evaluation
may not capture all aspects of comprehension. Future work
should explore: (1) how EEG modulation changes attention
distributions beyond aggregate performance, (2) whether
higher-resolution neural signals yield stronger effects, and
(3) whether these principles extend to other modalities or
tasks. Despite these limitations, our findings suggest bio-
logical and artificial attention mechanisms share sufficient
computational principles to enable cross-system guidance.
This opens intriguing possibilities for neural-guided lan-
guage models that incorporate human cognitive dynamics in
real-time, potentially enhancing applications from personal-
ized education to accessibility tools.
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