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Abstract

Brain-tuning enhances brain alignment and
downstream performance by fine-tuning speech
language models with neural recordings. How-
ever, previous work relies primarily on fMRI,
whose temporal resolution integrates neural ac-
tivity over seconds, blending distinct process-
ing stages into a single supervision signal and
precluding temporally targeted training. We in-
troduce ECoG-tuning, which leverages electro-
corticography’s millisecond precision to train
speech language models. We design tempo-
rally targeted windows—a speech window cap-
turing acoustic-phonetic encoding and a lan-
guage window capturing higher-order linguis-
tic processing—grounded in neuroscientific
findings about temporal encoding hierarchies.
Evaluating three models on the Podcast ECoG
dataset, we find that ECoG-tuning significantly
improves brain alignment over pretrained and
distillation baselines. Notably, full spatiotem-
poral dynamics yield 7–17% higher alignment
than time-averaged supervision across models,
and language-window tuning produces larger
gains in higher-order language regions, indi-
cating that temporal precision provides addi-
tional training value. Moreover, ECoG-tuned
models consistently improve or maintain down-
stream performance. Overall, our work pro-
vides initial evidence that electrophysiology is
a viable brain-tuning modality, demonstrating
how neuroscientific insights into processing hi-
erarchies can inform principled model training
strategies. Code is available at https://github.
com/Mochizuki-BUPT/ECoG-Tuning-main.

1 Introduction

Language models have emerged as powerful tools
for predicting human brain activity during language
comprehension, revealing notable alignment be-
tween artificial and biological language process-
ing (Wehbe et al., 2014; Jain and Huth, 2018;
Toneva and Wehbe, 2019; Schrimpf et al., 2018,

*Corresponding author.

2021; Goldstein et al., 2022, 2024; Caucheteux
and King, 2022; Nakagi et al., 2024; AlKhamissi
et al., 2025b; Oota et al., 2025; Kriegeskorte et al.,
2008). Recent work on brain-tuning—fine-tuning
speech language models (SLMs) using human
brain recordings—has demonstrated that neural su-
pervision enhances models’ semantic understand-
ing and downstream performance (Moussa et al.,
2025; Moussa and Toneva, 2025; Negi et al., 2025).

However, existing approaches have relied pri-
marily on functional magnetic resonance imaging
(fMRI). While fMRI provides broad spatial cover-
age, its temporal resolution is limited: each sample
integrates neural activity over ∼2 s, conflating dis-
tinct processing stages into an undifferentiated su-
pervision signal and precluding training strategies
that target specific cognitive processes. Electro-
corticography (ECoG) offers millisecond precision
and signal-to-noise ratios (SNR) substantially ex-
ceeding non-invasive methods, enabling investiga-
tion of rapid neural dynamics. Critically, ECoG
research has shown that language comprehension
unfolds along a temporal hierarchy (Goldstein et al.,
2025a). Goldstein et al. (2025b) demonstrated that
speech encoding peaks at ∼54 ms post-word-onset
while language encoding peaks at ∼247 ms—a
∼200 ms separation invisible to fMRI but resolv-
able with ECoG. This raises a natural question: can
brain-tuning benefit from this temporal precision?

In this work, we introduce ECoG-tuning, lever-
aging intracranial electrophysiology for SLM train-
ing. ECoG’s millisecond resolution enables two
methodological advances: (1) word-level supervi-
sion yielding several-fold more training samples,
and (2) temporally targeted training that supervises
models on neural responses from distinct process-
ing stages. We design two windows anchored to
word onset: a speech window targeting acoustic-
phonetic encoding, and a language window target-
ing higher-order linguistic processing. This design
is motivated by the temporal separation observed
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in ECoG encoding studies.
We evaluate ECoG-tuning on three pretrained

SLMs (Wav2Vec 2.0, HuBERT, and Whisper) us-
ing the Podcast ECoG dataset (Zada et al., 2025).
Our main contributions are:

1. Temporally targeted neural supervision.
We introduce a training strategy that super-
vises models on neural responses from distinct
processing stages, translating neuroscientific
findings into actionable methodology.

2. Empirical validation of temporal precision.
We find that temporal structure carries addi-
tional value: full temporal dynamics yield
7–17% higher alignment than time-averaged
supervision, and language-window tuning pro-
duces larger gains in language-responsive re-
gions compared to speech-window tuning.

3. Preserved downstream utility. ECoG-tuned
models consistently improve or maintain per-
formance on speech understanding tasks, in-
dicating that temporally targeted neural su-
pervision enhances brain alignment without
compromising practical capabilities.

2 Related Work

2.1 Brain-Tuning and Neural Supervision
Fine-tuning pretrained models to predict human
brain responses was pioneered by Schwartz et al.
(2019) using BERT and fMRI data. Moussa et al.
(2025) extended this paradigm to SLMs, show-
ing that fMRI-based brain-tuning improves seman-
tic understanding and downstream performance.
Subsequent works expanded along multiple di-
mensions: multi-participant training (Moussa and
Toneva, 2025), bilingual brain data (Negi et al.,
2025), multimodal audio-video models (Policzer
et al., 2025), and parameter-efficient fine-tuning
(PEFT) via LoRA (Vattikonda et al., 2025). Re-
lated approaches improve model-brain alignment
through alternative mechanisms. Cognitive feature
injection methods incorporate eye-tracking or elec-
troencephalography (EEG) features during pretrain-
ing (Ren and Xiong, 2021; Ding et al., 2022), while
associative memory mechanisms enhance align-
ment without direct neural supervision (Yin et al.,
2025b). Unlike these approaches, brain-tuning—
and our ECoG-tuning—directly optimize neural
encoding as the primary training objective.

Previous brain-tuning research has relied primar-
ily on fMRI, which offers wide spatial coverage

but has a temporal resolution of approximately 2
seconds. In contrast, ECoG provides millisecond
precision, presenting a complementary method that
allows for temporally targeted supervision. This
approach enables training on neural responses from
specific stages, which we introduce here as a novel
strategy for brain-tuning.

2.2 Temporal Dynamics in Neural Language
Processing

ECoG provides distinctive capabilities for studying
rapid neural dynamics during language process-
ing (Goldstein et al., 2022; Mischler et al., 2024;
Bhattacharjee et al., 2026). Recent ECoG studies
have revealed a temporal encoding hierarchy, with
speech and language encoding peaking at distinct
latencies separated by approximately 200 ms (Gold-
stein et al., 2025b). This temporal structure corre-
sponds to hierarchical processing in language mod-
els, where earlier layers align with earlier neural re-
sponses and deeper layers with later responses (Mil-
let et al., 2022; Mischler et al., 2024; Gwilliams
et al., 2025; Raugel et al., 2025; He et al., 2025a).

The Podcast ECoG dataset (Zada et al., 2025)
provides a public resource for such investigations,
and prior work has shown that ECoG captures fine-
grained temporal structure relevant to language
model alignment, from shared response modeling
(Bhattacharjee et al., 2026) to disentangled em-
beddings isolating distinct cognitive processes (He
et al., 2025b). Our work leverages this temporal
structure as a training signal, rather than for align-
ment evaluation alone.

3 Methodology

3.1 Speech Language Models

We evaluate three pretrained transformer-based
SLMs: Wav2Vec 2.0 (Baevski et al., 2020), Hu-
BERT (Hsu et al., 2021), and Whisper (Radford
et al., 2023). We use the Base versions of Wav2Vec
2.0 and HuBERT, and only the encoder of Whisper-
small. The fine-tuned components of all three
have comparable sizes (∼95–102M parameters),
12 transformer layers, and an embedding dimen-
sion of 768. Wav2Vec 2.0 and HuBERT are self-
supervised models that employ a convolutional neu-
ral network (CNN) feature extractor to produce
frame-level features at 20 ms intervals, while Whis-
per converts 30-second audio segments into log-
mel spectrograms. Following prior work (Moussa
et al., 2025), we freeze the CNN feature extractor
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Figure 1: Overview of the temporally targeted ECoG-tuning framework. Audio context (30 s) ending 200 ms
post-word-onset is processed through the speech encoder. The last 10 frames (200 ms) from each layer are pooled
and concatenated, then projected to predict the spatiotemporal ECoG response.

for Wav2Vec 2.0 and HuBERT, and fine-tune only
the transformer encoder. For Whisper, we fine-tune
the encoder while keeping the decoder frozen.

3.2 ECoG Data

We use the Podcast dataset (Zada et al., 2025), a
rare publicly available naturalistic speech compre-
hension resource that contains intracranial record-
ings from 9 participants listening to a 30-minute
podcast (5,137 words with word-level timestamps).
Electrode placement was determined by clinical
needs, yielding variable spatial coverage across
participants. After quality control, 1,268 electrodes
were retained, comparable to those in prior intracra-
nial studies (Mischler et al., 2024; He et al., 2025b).

ECoG’s millisecond resolution enables word-
level supervision: each word constitutes one train-
ing sample paired with its spatiotemporal neural
response, yielding ∼5,000 samples per participant
from 30 minutes of audio (Table 9). This contrasts
with the fMRI-based approach, which operates at
∼2 s per sample. We extract high-gamma band
power (70–200 Hz) as the neural target—the stan-
dard electrophysiological index of local population
firing rates in human intracranial language research
(Crone et al., 2006; Zada et al., 2025). Preprocess-
ing details are in Appendix A.1. For region-specific
analyses, we map electrodes to the Glasser parcel-
lation (Glasser et al., 2016) and identify language-
responsive regions (see Appendix A.2).

3.3 ECoG-Tuning Framework

3.3.1 Temporally Targeted Design
One contribution of this work is utilizing the tem-
poral precision of ECoG to target distinct process-
ing stages in the brain. The window design draws
on findings from a neural encoding study: during
speech comprehension, speech encoding in STG
peaks at ∼54 ms post-word-onset, while language
encoding in IFG peaks at∼247 ms (Goldstein et al.,
2025b). Anchored to the word onset tw, we define
two windows separated at 150 ms—approximately
the midpoint of the two encoding peaks. This de-
sign aims to reduce, though not eliminate, the over-
lap between the two stages (Figure 1):

W (tw, τ) =

{
[tw − 50ms, tw + 150ms] if τ = speech

[tw + 150ms, tw + 350ms] if τ = lang
(1)

Here τ labels the neural processing stage rather
than the model representation. We adopt a 200 ms
duration for each word, as the same study systemat-
ically compared fixed and adaptive window lengths
in their encoding models and found that 200 ms
windows achieve encoding performance compa-
rable to variable-length alternatives. While their
finding pertains to the encoding direction (embed-
ding→ neural signal), we validate this choice for
our fine-tuning setting through a sensitivity analy-
sis (Appendix D.1). For each word w, we extract

41210



Ew ∈ RN×K , where N is the number of elec-
trodes (participant-specific) and K = 102 time
points (200 ms at 512 Hz). While the framework
extends to additional configurations, we focus on
these two theoretically motivated cases that target
distinct processing stages.

3.3.2 Training Objective

We design the training objective to preserve
ECoG’s spatiotemporal structure: models predict
the full response matrix Ew ∈ RN×K for each
word, capturing both spatial patterns across N elec-
trodes and temporal dynamics across K time points.
Figure 1 illustrates the ECoG-tuning framework.

Audio input. Whisper requires 30-second input
segments; we adopt this context window across all
three models to maintain a consistent framework:

Aw = A[max(0, te −∆) : te] (2)

where ∆ = 30 s and te = tw + 200ms.

Feature aggregation. Let H(l) ∈ RM×D denote
hidden states from encoder layer l. We pool over
the final T = 10 frames (200 ms at 50 Hz) and
concatenate across all L = 12 layers:

z =
L⊕

l=1

(
1

T

M∑

m=M−T+1

H(l)
m

)
∈ RLD (3)

Spatiotemporal prediction. A linear projection
maps the aggregated representation to the target:

Êw = Wz+ b ∈ RN×K (4)

Loss function. We minimize mean squared error
(MSE) over the spatiotemporal response:

L =
1

|B|
∑

w∈B

∥∥∥Êw −Ew

∥∥∥
2

F
(5)

where B is the training batch. We validate this
choice against correlation-based and hybrid alter-
natives in Appendix D.3.

We adopt a linear projection and MSE loss inten-
tionally to isolate neural signal contribution from
architectural complexity, so that observed improve-
ments can be more directly attributed to the neural
supervision signal. The procedure is summarized
in Algorithm 1.

Algorithm 1 ECoG-Tuning

Require: Audio A, ECoG recordings E, word
onsets {t1, . . . , tW }, pretrained encoder θenc,
window type τ ∈ {speech, lang} (correspond-
ing to Wspeech, Wlang)

Ensure: Fine-tuned encoder θ∗
enc

1: Initialize projection head θproj
2: Freeze feature extractor θfeat
3: for epoch = 1 to max_epochs do
4: for each batch B of words do
5: for each word w ∈ B with onset tw do
6: [ts, tn] ← W (tw, τ) {Neural window

bounds}
7: Aw ← A[max(0, te − ∆) : te] {30 s

context}
8: Ew ← EXTRACTWINDOW(E, ts, tn)
9: {H(l)}Ll=1 ← ENCODER(Aw;θenc)

10: z←⊕L
l=1 MEANPOOL(H

(l)
−T :) {Last

T frames}
11: Êw ← LINEAR(z;θproj)
12: end for
13: L ← 1

|B|
∑

w∈B ∥Êw −Ew∥2F
14: Update θenc,θproj via Adam
15: end for
16: if no improvement for patience epochs then
17: break
18: end if
19: end for
20: return θ∗

enc

3.3.3 Training Protocol
We train separate models for each participant, as
clinically-determined electrode placement varies
across individuals (N = 72–235; Appendix A.2);
cross-participant training is validated in Ap-
pendix D.7. Data are split into training (80%),
validation (10%), and held-out test (10%) sets for
final evaluation. Training uses Adam with learning
rates 1×10−5 (encoder) and 2×10−5 (projection),
with early stopping (patience = 5). Complete hy-
perparameters are provided in Appendix B.1.

3.4 Control Conditions

To isolate the contributions of stimulus-aligned
temporal dynamics in ECoG signals, we implement
four control conditions, each targeting a distinct as-
pect of the training signal:

Permuted-ECoG (PE). ECoG responses are
block-permuted to disrupt audio–neural correspon-
dence while preserving signal statistics. This tests
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whether stimulus alignment—rather than the pres-
ence of realistic neural-like signals—drives the
alignment gains.

Temporal-Mean (TM). The spatiotemporal tar-
get Ew ∈ RN×K is replaced by its temporal av-
erage Ēw ∈ RN . This isolates the contribution
of millisecond-resolved dynamics beyond time-
averaged spatial patterns. As a finer-grained com-
plement, we also evaluate a Temporal-Shuffled
(TS) variant that retains the N ×K target but ran-
domly permutes its time points within each elec-
trode, separating temporal structure from target
dimensionality (Appendix D.2).

BigSLM-Tuned. Representations from larger
versions of SLMs (∼1 B) serve as training targets,
testing whether distillation from a larger model of
the same family provides comparable benefits.

LLM-Tuned. Text representations from Mistral-
7B serve as targets, testing whether text-derived
linguistic features—which capture semantic struc-
ture without neural dynamics—can substitute for
direct neural supervision.

3.5 Evaluation
3.5.1 Brain Alignment
We evaluate model-brain alignment using encod-
ing analysis adapted from Goldstein et al. (2025b).
For each electrode n, we fit a linear encoding
model mapping representations to neural responses.
Model embeddings are standardized and used to
train a ridge regression encoder (replacing the orig-
inal OLS) to predict the neural response. Brain
alignment is quantified as the Pearson correlation
between predicted and actual responses:

rn = corr(ên, en) (6)

Aggregate alignment across electrodes is:

B =
1

N

N∑

n=1

rn (7)

Results are reported on the held-out test partition
(see Appendix C.1 for complete details).

3.5.2 Downstream Tasks
To assess whether ECoG-tuning improves linguis-
tic representations beyond brain alignment, we eval-
uate on three speech understanding tasks following
Moussa et al. (2025): Phonemes Prediction, Pho-
netic Sentence Type Prediction (TIMIT; Garofolo

et al., 1993), and Emotion Recognition (CREMA-
D; Cao et al., 2014). These tasks span different lev-
els of linguistic abstraction. We train linear probes
on frozen model representations and report macro
F1-score averaged across encoder layers. Detailed
task specifications are provided in Appendix C.2.

4 Results

4.1 ECoG-Tuning Improves Brain Alignment
We first evaluate whether ECoG-tuning enhances
the alignment between SLM representations and
neural responses. Figure 2 presents comprehensive
results across all three model families.

Overall Alignment Improvements. ECoG-
tuning consistently improves brain alignment
compared to pretrained models across all three ar-
chitectures (Figure 2 a, d, g). Whisper exhibits the
largest gains (∆r = +0.062, Cohen’s d = 0.72,
p < 0.001), and HuBERT and Wav2Vec 2.0 show
improvements of ∆r ≈ +0.04–0.06 across both
temporal windows (p < 0.05). Importantly, ECoG-
tuned models also outperform the Permuted-ECoG
control (p < 0.05), indicating that improvements
require properly stimulus-aligned neural signals
rather than arbitrary neural statistics.

Comparison with Distillation Approaches.
ECoG-tuning consistently outperforms both dis-
tillation baselines. This suggests that neural super-
vision provides training signal properties not fully
captured by scaling model capacity or leveraging
text-derived representations alone. Compared to
BigSLM-Tuned, ECoG-tuned models show robust
advantages across architectures (Cohen’s d = 0.71–
0.79 for Whisper and HuBERT, p < 0.05). Com-
pared to LLM-Tuned, improvements are particu-
larly pronounced for HuBERT and Wav2Vec 2.0
(d = 0.91–1.03, p < 0.05). These results high-
light the contribution of direct neural supervision
beyond model scaling.

Layer-wise Patterns. The benefits of neural su-
pervision propagate across the model’s representa-
tional hierarchy (Figure 2 b, e, h; Appendix D.4 for
details). ECoG-tuned representations consistently
outperform their pretrained counterparts through-
out all encoder layers, indicating that neural super-
vision refines representations at multiple levels of
abstraction. The magnitude of improvement varies
across architectures: Whisper exhibits the most pro-
nounced gains with peak improvements of approx-
imately 50% in layers 9–10, while HuBERT and
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Figure 2: ECoG-tuning significantly improves brain alignment across all three SLMs (∆r up to +0.062,
Cohen’s d = 0.72). (a, d, g) Overall alignment (Pearson r) under ECoG-tuning (ET), pretrained baseline (PT), and
controls (TM: Temporal-Mean; PE: Permuted-ECoG). (b, e, h) Layer-wise alignment; solid and colored: ECoG-
tuned, dashed and gray: pretrained. (c, f, i) Layer-wise improvement (%) over pretrained; solid: ECoG-tuned,
dashed: Temporal-Mean. Error bars and shaded regions: 95% CI.

Wav2Vec 2.0 show more uniform improvements
distributed across layers (Figure 2 c, f, i). Notably,
all three models show positive improvements even
in the early layers, suggesting that ECoG-tuning af-
fects representations throughout the encoder stack.

4.2 Contribution of Temporal Dynamics

We examine whether the temporal precision of
ECoG provides value beyond that of time-averaged
signals from two perspectives.

Full temporal dynamics outperform time-
averaged supervision. To quantify the contribu-
tion of temporal information, we compare ECoG-
tuning with full spatiotemporal targets against
Temporal-Mean, which collapses 200 ms of neural
dynamics into a time-averaged vector. Both ap-
proaches improve alignment over pretrained base-
lines on average (Figure 2 c, f, i); however, preserv-
ing temporal dynamics consistently outperforms
the TM counterpart across all layers, windows, and
architectures (Appendix D.5). This advantage aver-
ages ∼17% for Whisper, 7%–8% for Wav2Vec 2.0,
and 7%–9% for HuBERT (Cohen’s d = 0.20–0.34,
p < 0.05 for Whisper and HuBERT). These re-
sults suggest that millisecond-resolution temporal
dynamics carry information beyond time-averaged
patterns. The Temporal-Shuffled control yields
lower alignment than intact ECoG-tuning across
three SLMs (Appendix D.2), further suggesting
that temporal structure, rather than target dimen-
sionality alone, contributes to the advantage.

Temporal Dissociation. Comparing Wlang and
Wspeech reveals stage-specific effects. Wlang tuning
yields larger gains in language-responsive regions
across models (Table 1), with Whisper and Hu-
BERT showing significance (p < 0.05).

Model Metric Wlang Wspeech

Whisper ∆r 0.054∗ 0.043
Rel. Impr. 24.7% 15.2%

HuBERT ∆r 0.058∗ 0.033
Rel. Impr. 22.9% 1.4%

Wav2Vec 2.0 ∆r 0.045 0.021
Rel. Impr. 10.0% 7.7%

Table 1: Alignment gains by window condition. ∆r:
absolute improvement; Rel. Impr.: percentage improve-
ment. Bold: higher value; ∗: p < 0.05 (significant).

The spatial distribution of improvements (Fig-
ure 3) corroborates this pattern: while both window
conditions produce gains throughout the recorded
cortex, Wlang tuning yields notably stronger effects
in regions linked to lexical-semantic processing—
particularly in IFG and MFG for Whisper and Hu-
BERT. This temporal dissociation is consistent with
neurophysiological evidence that higher-order lan-
guage areas exhibit peak encoding within the Wlang
interval, though residual acoustic correlates within
this interval cannot be fully ruled out. All mod-
els achieve robust alignment improvements under
both window conditions, though window selection
modulates region-specific effects.
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4.3 ECoG-Tuning Improves or Maintains
Downstream Performance

We evaluate whether the benefits of neural super-
vision extend beyond brain alignment to practical
capabilities. ECoG-tuned models consistently ex-
ceed or match pretrained counterparts, indicating
that neural supervision does not compromise—and
often enhances—practical utility (Figure 4).

Phonemes prediction shows the most consistent
improvements: all models outperform pretrained

baselines and distillation controls, suggesting that
ECoG-tuning refines acoustic-phonetic represen-
tations. Phonetic sentence type prediction im-
proves for all models relative to pretrained base-
lines, with Whisper and HuBERT exceeding dis-
tillation conditions. Emotion recognition shows
a nuanced pattern: Whisper and HuBERT im-
prove over baselines, while Wav2Vec 2.0 maintains
comparable performance, consistent with findings
that emotion recognition relies on prosodic fea-
tures well-captured during self-supervised pretrain-
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ing (Moussa et al., 2025).
Moreover, cross-participant training yields simi-

lar improvements (4–7% on phonemes prediction
and emotion recognition, +31% on phonetic sen-
tence type prediction; Appendix D.7), and win-
dow selection shows task-dependent trends: Wlang
tends to yield relatively stronger performance on
linguistically demanding tasks while Wspeech tends
to favor acoustic-phonetic tasks (Appendix D.6).

5 Discussion

Our experiment results provide complementary ev-
idence: ECoG-tuned models achieve substantially
improved brain alignment, and ECoG’s millisec-
ond precision enables training strategies unavail-
able to hemodynamic imaging. Together with prior
fMRI-based works, these findings suggest that neu-
ral supervision benefits are not specific to a single
recording modality, while ECoG’s temporal resolu-
tion opens new methodological possibilities.

Beyond the methodological contribution, our
framework affords interpretive value through an
interventional lens: by manipulating the supervi-
sion signal—its temporal structure, window place-
ment, and stimulus alignment—and observing the
resulting changes in alignment and downstream be-
havior, we can investigate which components con-
tribute to brain-aligned representations. Regarding
layer-wise patterns, we note that strict functional-
hierarchy interpretations of layer alignment war-
rant caution, since individual layers may encode a
mixture of processing levels (Niu et al., 2022).

The robust alignment improvements across all
three architectures (with large effect sizes) suggest
that neural supervision provides information not
readily obtainable through model scaling alone:
ECoG-tuned models consistently outperform both
distillation baselines despite the latter leveraging
larger pretrained models. Given that SLMs have
been shown to lack the brain-relevant semantics
present in text models (Oota et al., 2024), neural
recordings—which capture processing across mul-
tiple linguistic levels, including semantics—may
offer a pathway to narrow this gap. The cross-
modality consistency between our ECoG results
and prior fMRI findings (Moussa et al., 2025)
strengthens the case that brain-tuning reflects mean-
ingful alignment with human language processing
rather than modality-specific artifacts.

Two lines of evidence are consistent with the
value of this temporal precision. First, preserv-

ing full spatiotemporal dynamics outperforms time-
averaged supervision, indicating that millisecond-
resolution structure carries information beyond
the temporally integrated pattern. Second, the
temporal window dissociation—where language-
window tuning preferentially improves alignment
in language-responsive regions—is consistent with
established findings that acoustic-phonetic encod-
ing peaks early (∼54 ms) while lexical-semantic
processing peaks later (∼247 ms) (Goldstein et al.,
2025b). This correspondence suggests that neu-
roscientific insights into temporal hierarchies can
inform principled training strategies, translating
discoveries about when the brain encodes different
aspects of language into actionable methodologies.

Finally, ECoG-tuned models consistently exceed
or match pretrained baselines on downstream tasks,
showing that enhanced alignment does not compro-
mise practical utility. Recent work has identified
brain-like representations as causally relevant to
task performance (AlKhamissi et al., 2025a), pro-
viding a possible account for the observed link
between alignment and practical gains. The pat-
tern where phonemes prediction shows consistent
gains aligns with ECoG’s fine-grained temporal
structure, suggesting that ECoG-tuning particularly
refines acoustic-phonetic representations. While
our main experiments use per-participant training
to accommodate individual differences in electrode
placement, cross-participant experiments yield ro-
bust improvements (Appendix D.7).

Looking ahead, the framework may extend
to non-invasive electrophysiology: EEG pro-
vides analogous millisecond-resolved multichannel
recordings, though its lower SNR will necessitate
dedicated feature engineering to establish robust
cognitive supervision signals; such extensibility
could help address the data scarcity inherent to in-
vasive recordings. More broadly, future work could
explore multi-participant strategies (Moussa and
Toneva, 2025), integration with diverse electrophys-
iological datasets, multi-window supervision (see
preliminary results in Appendix D.1), and multilin-
gual extension. We hope this work contributes to
the broader convergence of neuroscience and NLP
(Appendix G).

6 Conclusion

We introduced ECoG-tuning, a training methodol-
ogy that leverages intracranial electrophysiology
to supervise speech language models on neural re-
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sponses from distinct processing stages. Our exper-
iments show that ECoG’s fine-grained temporal dy-
namics provide valuable supervision: model-brain
alignment benefits from neural supervision beyond
what distillation provides, temporal structure car-
ries information beyond time-averaged patterns,
and targeting different processing stages yields
region-specific effects consistent with cortical pro-
cessing hierarchies. These alignment gains are ac-
companied by preserved or improved downstream
performance, supporting practical utility. By bridg-
ing millisecond resolution neural recordings and
model training, this work offers a proof of concept
for incorporating temporally precise neuroscientific
insights into brain-aligned artificial systems.

Limitations

Our study has several limitations that suggest direc-
tions for future work. The Podcast ECoG dataset,
while rare and valuable, remains constrained in
scale—comprising recordings from nine partici-
pants listening to a 30-minute stimulus—which
limits the linguistic diversity encountered during
training. Moreover, because ECoG electrode place-
ment is dictated entirely by clinical needs, corti-
cal coverage is variable and incomplete across par-
ticipants, making region-of-interest-based tuning
a worthwhile area for future exploration. More
broadly, expanding to additional ECoG datasets as
they become available and extending to more scal-
able non-invasive modalities are promising direc-
tions. Finally, direct comparison between ECoG-
tuning and fMRI-based brain-tuning is complicated
by fundamental differences in signal origin, tempo-
ral and spatial scales, and available datasets. We
view them as complementary along these dimen-
sions rather than competing, and jointly leveraging
the strengths of both modalities during training re-
mains an open and promising question.
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A Data and Preprocessing

A.1 ECoG Preprocessing Pipeline

Table 2 summarizes the ECoG preprocessing pa-
rameters. We use the preprocessed high-gamma
data provided by the Podcast dataset (Zada et al.,

Step Parameter Value

Input

Raw sampling rate 512 Hz or 2,048 Hz
Resampled rate 512 Hz
Electrode status “good”
Electrode type “ECOG”
Localization Valid MNI152 coordinates

Artifact Removal
Despiking threshold >4 quartiles above median
Despiking interpolation pchip
Re-referencing Common average

Filtering
High-gamma band 70–200 Hz
Filter type Butterworth IIR
Notch filter 60, 120, 180, 240 Hz

Envelope Method Hilbert transform

Normalization Method Z-score per electrode

Time Windows
Duration 200 ms (K=102 samples)
Wspeech [tw−50, tw+150] ms
Wlang [tw+150, tw+350] ms

Table 2: ECoG preprocessing pipeline parameters.

2025), which follows established ECoG methodol-
ogy (Crone et al., 2006). High-gamma band (70–
200 Hz) power serves as a reliable index of local
neuronal population activity.

The preprocessing pipeline proceeds as follows:
(1) downsample to 512 Hz if necessary; (2) despike
and interpolate high-amplitude outliers; (3) apply
common average re-referencing; (4) notch filter at
60, 120, 180, and 240 Hz to remove power line
noise; (5) bandpass filter to 70–200 Hz; (6) com-
pute amplitude envelope via Hilbert transform; (7)
z-score normalize per electrode across the session.

A.2 Electrode Coverage and Selection

Table 3 presents electrode counts and regional dis-
tribution across subjects.

Selection criteria. Electrodes were included
based on three criteria: (1) status marked as “good”
in the original dataset metadata; (2) type classi-
fied as “ECOG” (excluding depth electrodes and
auxiliary channels); (3) valid MNI152 coordinates

Part. Total Loc. Lang. Aud. Motor Other

P01 124 99 43 0 7 49
P02 114 90 22 3 2 63
P03 264 235 110 4 5 116
P04 174 143 50 6 9 78
P05 167 159 55 0 22 82
P06 178 166 70 1 24 71
P07 138 116 44 1 14 57
P08 91 72 29 2 4 37
P09 205 188 97 0 17 74

Total 1,455 1,268 520 17 104 627

Table 3: Electrode distribution across subjects. Total:
all channels; Loc.: electrodes meeting inclusion criteria.
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Category Parameter Value

Model

Whisper,
Architectures Wav2Vec 2.0,

HuBERT
Encoder layers 12 (trainable)
Hidden dimension D 768
Feature extractor Frozen
Projection head L×D → N ×K
Projection dropout 0.3

Optimization

Optimizer Adam
(β1=0.9, β2=0.999)

LR (encoder) 1× 10−5

LR (projection) 2× 10−5

Weight decay (enc.) 1× 10−4

Weight decay (proj.) 2× 10−4

LR schedule Linear warmup (10%)
+ linear decay

Gradient clipping max_norm = 1.0

Training

Batch size 32
Maximum epochs 30
Audio sample rate 16 kHz
Audio context [max(0, te − 30s), te]

Early Stopping

Metric Validation correlation
Patience 5 epochs
Min improvement δ 0.001
Overfitting threshold 0.03 (train–val gap)

Data Split Train:Val:Test 8:1:1

Table 4: Hyperparameter configuration.

available. Of the 1,455 total channels, 187 were
excluded (80 without localization, 31 with noisy
signals, 76 non-brain channels).

Regional mapping. Electrodes were mapped to
the Glasser cortical parcellation (Glasser et al.,
2016) using MNI152 coordinates. Language re-
sponsive regions include: middle temporal gyrus
(MTG), inferior frontal gyrus (IFG), angular gyrus
(AG), middle frontal gyrus (MFG), superior tem-
poral gyrus (STG; excluding primary and early
auditory cortices) and temporal pole (TP).

B Model Training

B.1 Hyperparameter Configuration
Table 4 provides the complete hyperparameter set-
tings for ECoG-tuning.

B.2 Computational Resources
Table 5 summarizes the computational resources
required for the training phase of ECoG-tuning
experiments.

C Evaluation Details

C.1 Brain Alignment Computation
Representation Extraction. For each word w,
we extract hidden states from the last T=10 frames

Resource Specification

Hardware
GPU NVIDIA RTX 4090 (24 GB) × 2
CPU Intel Xeon Gold 6459C
RAM 72 GB

Training Time
Per model (average) ∼2 h
Total per architecture ∼112 GPU hours
All experiments (3 arch.) ∼330 GPU hours

Software
Framework PyTorch 2.7
Transformers HuggingFace 4.57
CUDA / Driver 12.6 / 580.76

Table 5: Computational resources for ECoG-tuning
(training phase only). Total time includes main exper-
iments (9 participants × 2 windows), shuffle control,
time-averaged control, and distillation control. Training
times vary with participant electrode count.

(corresponding to the last 200 ms of the 30 s audio
input) and mean-pool them to form the word-level
representation:

z̃(l)w =
1

T

M∑

m=M−T+1

H(l)
m ∈ RD (8)

where D = 768 is the hidden dimension, yielding
a 768-dimensional vector for each layer l (Eq. 3).

Embedding Preprocessing. Within each cross-
validation fold, embeddings {z̃(l)w } are standardized
on the training partition and applied to the test data
to prevent information leakage.

Cross-Validation. We segment the test partition
of each participant into temporally contiguous folds
and perform 10-fold cross-validation. This design
aims to mitigate leakage from temporal autocorre-
lation in neural time series.

Encoding Model. For each encoder layer l and
electrode n, we fit an independent ridge regression
model to predict the time-averaged neural response:

ê(l)n,w = β(l)⊤
n z̃(l)w + b(l)n (9)

where z̃
(l)
w ∈ RD (D = 768) is the standardized

layer-l embedding for word w, and β
(l)
n , b

(l)
n are

learned parameters. The regularization parameter
λ is selected via cross-validation on the training set
from a logarithmic grid {10−4, 10−3, . . . , 104}.
Correlation Computation. For each electrode,
we compute the Pearson correlation between pre-
dicted and actual neural responses on the held-out
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test fold:
r(l)n = corr(ê(l)n , en) (10)

where ê
(l)
n and en are vectors of predicted and ac-

tual responses across all test words. Layer-wise
alignment is then averaged across the 10 test folds.

Aggregate Alignment. We report brain align-
ment at multiple granularities. Overall alignment
aggregates across all N electrodes:

Ball =
1

N

N∑

n=1

rn (11)

To examine region-specific effects, we also com-
pute alignment separately for electrodes within
each region of interest (ROI). For a given ROI R
containing |R| electrodes:

BR =
1

|R|
∑

n∈R
rn (12)

We report Blang for language-responsive regions
and Ball for all recorded electrodes, enabling com-
parison of ECoG-tuning effects across functionally
distinct cortical areas.

C.2 Downstream Task Specifications

We evaluate ECoG-tuned models and controls on
three downstream tasks spanning different levels
of linguistic abstraction (Moussa et al., 2025).

Phonemes Prediction (TIMIT). Multi-label
classification of 39 phonemes using the TIMIT
Acoustic-Phonetic Corpus (Garofolo et al., 1993).
Given an audio segment, the classifier predicts
which phonemes are present. We use linear probes
on frozen layer representations and report macro
F1-score on the standard test partition.

Phonetic Sentence Type Prediction (TIMIT).
Three-way classification of phonetic sentence
types: SA (dialectal sentences designed to cover
all English phonemes), SX (phonetically balanced
sentences with extensive coverage using minimal
words), and SI (phonetically diverse, naturalistic
sentences). This task requires understanding pho-
netic structure beyond individual sounds. Evalua-
tion uses macro F1-score with linear probes.

Emotion Recognition (CREMA-D). Six-way
classification (Anger, Disgust, Fear, Happy, Neu-
tral, Sad) on the CREMA-D dataset (Cao et al.,
2014), comprising 7,442 clips from 91 actors. This
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Figure 5: Window duration sensitivity under Wspeech,
with window center fixed at +50ms post-word-onset.
Error bars: 95% CI.

task primarily relies on prosodic and paralinguis-
tic features rather than lexical content. Evaluation
uses macro F1-score with linear probes.

For all tasks, we train linear classifiers on frozen
representations from each encoder layer and report
the mean F1-score (Moussa et al., 2025).

D Supplementary Results

D.1 Window Duration Sensitivity

We examine the robustness of the 200 ms choice
under the speech condition, varying the window
length while keeping the center fixed at +50ms
post-word-onset. Figure 5 presents brain alignment
across 100 ms, 200 ms, and 300 ms durations—
corresponding to windows [0,+100], [−50,+150],
and [−100,+200]ms—for all three SLMs. The
200 ms window configuration yields the highest
alignment across Whisper, Wav2Vec 2.0, and Hu-
BERT, supporting the theory-driven default choice.

As a related exploration, we investigated a joint
dual-window setting in which each training word
contributes two equally-weighted loss terms, one
for Wspeech and one for Wlang. The resulting model
improves over the pretrained baseline but does not
surpass the best single-window condition. How to
best reconcile these two supervision signals (e.g.,
through adaptive weighting or curriculum-based
scheduling) is an open question worth dedicated
investigation.

D.2 Temporal Structure Ablation

To isolate the contribution of temporal structure
from that of target dimensionality, we introduce a
Temporal-Shuffled (TS) control: the N ×K target
is retained, but the K time points are randomly
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Figure 6: Temporal structure ablation under Wspeech. TS matches ET in target dimensionality (N ×K) but
randomly permutes time points within each electrode. Error bars: 95% CI.

permuted within each electrode. TS matches ET in
target size while destroying stimulus-locked tem-
poral ordering.

Figure 6 reports brain alignment under the
Wspeech across the three models. ET outperforms
TS consistently (Whisper: Cohen’s d = 0.30,
p = 0.003; Wav2Vec 2.0: d = 0.28, p = 0.005;
HuBERT: d = 0.46, p < 0.001). These results
indicate that a stimulus-aligned supervision signal
with its original temporal structure preserved is a
key contributor to the alignment gains.

D.3 Loss Function Comparison
To validate our choice of MSE loss, we con-
duct preliminary experiments on Whisper compar-
ing against two alternative objectives motivated
by Moussa and Toneva (2025):

Correlation Loss. Minimizes the negative Pear-
son correlation:

Lcorr =
1

|B|
∑

w∈B
(1− r(êw, ew)) (13)

where êw = vec(Êw) and ew = vec(Ew) are vec-
torized predictions and targets, and r(·, ·) denotes
Pearson correlation.

Cosine + MSE Loss. Combines cosine similarity
with MSE:

Lcos+MSE = λ

(
1− ê⊤wew
∥êw∥2∥ew∥2

)
+(1−λ)LMSE

(14)
where λ = 0.5 for equal weighting.

Figure 7 presents the results of loss function
comparisons across both temporal windows. The
default MSE loss achieves the best performance
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Figure 7: Loss function comparison results.

across all metrics, including brain alignment and
downstream tasks. Based on these findings, we
adopt MSE as the training objective and extend it
to all models in our main experiments.

D.4 Layer-wise Brain Alignment

Table 6 presents brain alignment (Pearson r) for
each encoder layer across models and conditions.

D.5 Layer-wise Improvement Ratio

Table 7 presents the layer-wise improvement ratio
(%) relative to pretrained baselines for ECoG-tuned
(ET) and Temporal-Mean (TM) models.

D.6 Downstream Task Performance by
Window Condition

Table 8 provides a comparison between Wspeech
and Wlang tuning across downstream tasks.
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Whisper-small Wav2Vec 2.0-base HuBERT-base
Layer PT-La ET-La PT-Sp ET-Sp PT-La ET-La PT-Sp ET-Sp PT-La ET-La PT-Sp ET-Sp

1 0.193 0.216 0.192 0.209 0.315 0.372 0.310 0.373 0.310 0.364 0.305 0.366
2 0.215 0.242 0.209 0.230 0.329 0.379 0.325 0.379 0.325 0.377 0.319 0.372
3 0.219 0.261 0.216 0.250 0.334 0.388 0.333 0.385 0.331 0.379 0.328 0.375
4 0.225 0.274 0.223 0.265 0.339 0.386 0.340 0.382 0.332 0.382 0.325 0.378
5 0.224 0.278 0.218 0.271 0.339 0.385 0.341 0.384 0.341 0.384 0.338 0.386
6 0.219 0.285 0.212 0.283 0.344 0.385 0.343 0.386 0.345 0.387 0.339 0.388
7 0.226 0.297 0.219 0.298 0.345 0.383 0.345 0.384 0.346 0.389 0.345 0.392
8 0.209 0.288 0.201 0.297 0.350 0.379 0.348 0.380 0.346 0.392 0.339 0.391
9 0.200 0.292 0.191 0.298 0.346 0.373 0.342 0.376 0.344 0.386 0.336 0.393
10 0.200 0.294 0.191 0.297 0.339 0.370 0.339 0.373 0.342 0.377 0.333 0.389
11 0.219 0.284 0.210 0.289 0.321 0.359 0.319 0.372 0.340 0.370 0.329 0.386
12 0.198 0.270 0.192 0.254 0.308 0.351 0.307 0.358 0.329 0.353 0.326 0.368

Mean 0.212 0.274 0.206 0.270 0.334 0.376 0.333 0.378 0.336 0.378 0.330 0.382

Table 6: Layer-wise brain alignment (Pearson r) across models and conditions. PT-La: pretrained (Wlang);
ET-La: ECoG-tuned (Wlang); PT-Sp: pretrained (Wspeech); ET-Sp: ECoG-tuned (Wspeech). Bold indicates the higher
value between pretrained and ECoG-tuned conditions.

Whisper-small Wav2Vec 2.0-base HuBERT-base
Layer TM-La ET-La TM-Sp ET-Sp TM-La ET-La TM-Sp ET-Sp TM-La ET-La TM-Sp ET-Sp

1 −6.5% 14.3% −3.2% 11.4% 13.6% 21.8% 14.6% 23.0% 11.1% 19.7% 12.7% 23.1%
2 −8.1% 15.1% −2.9% 12.9% 11.7% 19.0% 12.3% 19.7% 9.9% 18.8% 12.2% 19.4%
3 −0.4% 21.3% 1.0% 17.2% 11.1% 19.7% 10.3% 19.0% 8.4% 16.9% 9.4% 17.4%
4 5.9% 23.3% 4.8% 20.2% 8.6% 17.3% 9.2% 15.8% 9.4% 17.8% 11.2% 19.4%
5 7.1% 24.9% 11.0% 25.0% 7.5% 17.0% 8.8% 15.9% 6.9% 15.2% 7.2% 18.1%
6 13.4% 30.6% 16.6% 34.0% 6.0% 14.8% 8.7% 15.1% 7.3% 15.3% 8.7% 18.6%
7 15.9% 31.2% 19.5% 35.7% 4.9% 13.2% 9.2% 14.1% 7.6% 14.8% 8.5% 17.4%
8 24.7% 37.1% 25.6% 47.4% 4.4% 10.6% 7.1% 12.4% 6.7% 15.7% 9.0% 18.5%
9 32.2% 45.3% 33.8% 55.0% 3.5% 10.3% 8.5% 12.6% 9.1% 13.4% 10.6% 19.4%
10 32.7% 45.9% 35.6% 54.1% 4.3% 11.5% 6.5% 12.8% 8.3% 11.8% 11.2% 19.3%
11 18.2% 29.5% 16.3% 36.7% 4.5% 13.9% 7.6% 18.4% 5.7% 10.5% 11.5% 19.8%
12 18.2% 35.3% 20.0% 30.7% 5.4% 16.5% 6.6% 19.0% 6.2% 7.9% 8.1% 15.9%

Mean 12.8% 29.5% 14.9% 31.7% 7.1% 15.5% 9.1% 16.5% 8.0% 14.8% 10.0% 18.9%

Table 7: Layer-wise improvement ratio relative to pretrained baseline. Improvement ratios are computed per
participant and averaged across participants. TM-La: Temporal-Mean (Wlang); TM-Sp: Temporal-Mean (Wspeech).
Bold indicates the higher value between TM and ET conditions. ET consistently outperforms TM at every layer.

The pattern of task performance provides sug-
gestive evidence that temporal targeting may selec-
tively enhance task-relevant representations: Wlang
tuning tends to yield relatively stronger perfor-
mance on phonetic sentence type prediction—the

Metric Window Whisper Wav2Vec 2.0 HuBERT

Emotion Wlang 0.444 0.502 0.495
Wspeech 0.458 0.510 0.499

Phoneme Wlang 0.399 0.462 0.466
Wspeech 0.403 0.465 0.467

Sentence Wlang 0.264 0.514 0.485
Type Wspeech 0.251 0.512 0.481

Table 8: Comparison of Wlang vs Wspeech tuning. Bold
indicates higher value within each model.

most linguistically demanding task—while Wspeech
tuning shows advantages on phonemes prediction
and emotion recognition, which rely more on acous-
tic and prosodic features. Future work with larger
datasets will help clarify this relationship.

D.7 Cross-Participant Validation

To examine whether ECoG-tuning benefits gener-
alize beyond per-participant optimization, we con-
duct a cross-participant validation using Whisper.
We pool data from all nine participants by con-
catenating electrodes into a unified target space
(N = 1, 268 electrodes) and train the encoder
with a shared projection head. Figure 8 presents
the results across both temporal windows. Cross-
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Figure 8: Cross-participant ECoG-tuning results.

participant ECoG-tuning consistently improves
over pretrained baselines on all evaluation metrics.

Brain alignment improves by 5–13% relative
to pretrained models. Downstream performance
shows consistent gains of 4–7% in phoneme and
emotion recognition, with particularly strong im-
provements in sentence type prediction (+31%),
which requires higher-order linguistic understand-
ing. These results suggest that ECoG-tuning bene-
fits are not limited to per-participant optimization
and can transfer across training configurations.

D.8 Comparison with fMRI-based Research

Direct comparison between modalities is inherently
challenging due to differences in datasets, partici-
pants, and experimental paradigms. The following
analysis is intended to contextualize rather than
rank the two approaches.

D.8.1 Dataset Characteristics
We compare dataset characteristics with the es-
tablished fMRI-based paradigm (Moussa et al.,
2025). Table 9 summarizes the properties of the

Property fMRI ECoG

Signal modality BOLD High-γ power
Participants 8 9
Stimulus material 27 stories 1 podcast
Total data duration ∼51.2 h ∼4.5 h
Temporal resolution ∼2,000 ms ∼2 ms
Sample granularity TR-level Word-level
Sample efficiency ∼30/min ∼170/min
Spatial coverage 30k–50k voxels 1,268 electrodes

Table 9: Comparison of neural recording datasets
for brain-tuning. fMRI data from LeBel et al. (2023);
ECoG data from the Podcast dataset (Zada et al., 2025).

two datasets.

The two modalities offer complementary
strengths for neural supervision. ECoG provides
millisecond-level temporal resolution that cap-
tures rapid lexical processing dynamics temporally
smoothed by hemodynamic responses in fMRI.
This precision enables word-level sample construc-
tion (∼170 samples per minute), well-suited for
investigating sub-second encoding processes.

However, ECoG acquisition depends on clini-
cal opportunities from invasive monitoring; to our
knowledge, the Podcast dataset is currently the
only publicly available resource suitable for ECoG-
tuning. While fMRI also requires substantial infras-
tructure, its non-invasive nature permits broader re-
cruitment and extended sessions, facilitating larger-
scale studies. The fMRI dataset spans 27 narratives
with varied linguistic structures, whereas the Pod-
cast offers more limited diversity. These data con-
straints shape training dynamics: our ECoG-tuning
employs early stopping, terminating at 17.4 ± 4.0
epochs—typically before reaching default limits
(30 epochs) in fMRI-based approaches.

a b

e f

c d

Emotion Recognition

Phonemes Prediction

Phonetic Sentence

Type Prediction

Wav2Vec2.0 HuBERT Whisper

Wav2Vec2.0 HuBERT Whisper

Wav2Vec2.0 HuBERT Whisper

Figure 9: Comparison of downstream task perfor-
mance. (a, c, e) ECoG-tuning results. (b, d, f) fMRI-
based brain-tuning results (reproduced from Moussa
et al. (2025)). Axes are scaled for direct comparison.
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D.8.2 Downstream Task Performance
We compare downstream performance between
fMRI-based brain-tuning and ECoG-tuning from
the best-performing participant (Figure 9).

On emotion recognition, the best ECoG-tuned
model achieves higher performance than the fMRI-
based result, though direct comparisons are limited
by differences in datasets and experimental condi-
tions. This pattern is consistent with ECoG’s ca-
pacity to capture prosodic and affective dynamics
on sub-second timescales. On phonetic sentence
type prediction, ECoG-tuning shows smaller gains,
consistent with the limited syntactic diversity of
a single podcast compared to 27 narratives in the
fMRI dataset. Notably, these results are achieved
with ∼4.5 hours of total recording time, suggest-
ing that expanded datasets may further enhance
efficacy. Combining fMRI’s spatial coverage with
ECoG’s temporal precision is a promising direction
for future work.

E Data Availability and Ethics

E.1 Data Access
The Podcast ECoG dataset is publicly available
on OpenNeuro (https://openneuro.org/datasets/
ds005574) under the CC0 license, following BIDS-
iEEG standards.

E.2 Ethical Considerations
All participants provided informed consent un-
der IRB approval (NYU Langone Medical Cen-
ter, protocol s14-02101). The dataset contains de-
identified data with anonymized anatomical scans
(processed with pydeface). Clinical diagnoses are
included in the original dataset for transparency,
but are not used in our analyses.

F Notation Reference

Table 10 summarizes key notation used throughout
this paper.

G Model-Brain Alignment Research at
ACL/EMNLP/NAACL (2024–2025)

G.1 Directly Related Work
Papers in Table 11 directly inform our methodology
or findings and are cited in the main text.

G.2 Broader NLP–Neuro Research
Papers in Table 12 represent the broader research
landscape connecting language models with human
brain processing.

Symbol Description

Temporal
tw Onset time of word w
ts Neural window start
tn Neural window endpoint
te Audio context endpoint

W (tw, τ) Time window function returning [ts, tn]
τ Window type ∈ {speech, lang}

Wlang Language window for ECoG-tuning
Wspeech Speech window for ECoG-tuning

Neural
Ew ECoG target tensor ∈ RN×K

Êw Predicted ECoG tensor
N Number of electrodes
K Number of time points (= 102)
rn Brain alignment for electrode n
B Aggregate brain alignment

Model
Aw Audio input for word w

H(l) Hidden states from layer l
L Number of encoder layers (= 12)
D Hidden dimension (= 768)
M Number of output tokens
z Aggregated representation ∈ RLD

Training
B Training batch
T Test set
θenc Encoder parameters
θproj Projection head parameters
θfeat Feature extractor parameters (frozen)

Table 10: Notation reference.
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Venue Reference Key Contribution

ACL 2025 Findings Yin et al. (2025b) Introduces the Association dataset and shows that simulating associative
memory during language model inference improves brain alignment.

ACL 2025 Findings He et al. (2025a) Reveals dissociation between LLM linguistic performance and competence
using neurolinguistic paradigms, finding that form competence exceeds
meaning competence.

ACL 2024 Oota et al. (2024) Demonstrates that speech models’ alignment with high-level language
regions is primarily driven by low-level acoustic features, lacking
brain-relevant semantics—a gap our ECoG-tuning approach addresses.

NAACL 2025 AlKhamissi et al. (2025a) Identifies language-selective units in LLMs using neuroscience-inspired
localization methods and establishes their causal role in downstream
language task performance.

EMNLP 2025 AlKhamissi et al. (2025b) Shows that brain alignment in LLMs primarily tracks formal linguistic
competence (grammar, syntax, phonetics) rather than functional
competence (world knowledge, reasoning).

EMNLP 2025 Srijith et al. (2025) Investigates cross-modal alignment between text/speech representations
and MEG brain activity, finding asymmetric knowledge transfer across
modalities.

EMNLP 2024 Nakagi et al. (2024) Demonstrates that LLMs outperform traditional language models in
predicting brain activity for high-level narrative content using 8.3 hours of
fMRI data.

Table 11: Directly related work on brain-language model alignment cited in the main text.

Venue Reference Key Contribution

ACL 2024 Gao et al. (2024) Proposes a Composition Score based on Transformer feed-forward networks to
quantify meaning composition, correlating with fMRI activity in multiple brain
regions.

ACL 2024 Franzluebbers et al. (2024) Uses LLM-enhanced dependency parsers with fMRI data to demonstrate that
human syntactic parsing maintains multiple analyses simultaneously (multipath
parsing).

EMNLP 2025 Yin et al. (2025a) Identifies data leakage issues in cross-subject brain-to-text decoding and
proposes correct data splitting criteria for the field.

Table 12: Broader NLP–neuroscience research at major venues (2024–2025).
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