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Aligning brains into a shared space improves 
their alignment with large language models
 

Arnab Bhattacharjee    1  , Zaid Zada    2, Haocheng Wang    2, Bobbi Aubrey2, 
Werner Doyle3, Patricia Dugan3, Daniel Friedman3, Orrin Devinsky    3, 
Adeen Flinker3,4, Peter J. Ramadge1, Uri Hasson2, Ariel Goldstein5,6,8 & 
Samuel A. Nastase    2,7,8

Recent research demonstrates that large language models can predict 
neural activity recorded via electrocorticography during natural language 
processing. To predict word-by-word neural activity, most prior work 
evaluates encoding models within individual electrodes and participants, 
limiting generalizability. Here we analyze electrocorticography data 
from eight participants listening to the same 30-min podcast. Using a 
shared response model, we estimate a common information space across 
participants. This shared space substantially enhances large language 
model-based encoding performance and enables denoising of individual 
brain responses by projecting back into participant-speci!c electrode 
spaces—yielding a 37% average improvement in encoding accuracy (from 
r = 0.188 to r = 0.257). The greatest gains occur in brain areas specialized for 
language comprehension, particularly the superior temporal gyrus  
and inferior frontal gyrus. Our !ndings highlight that estimating a  
shared space allows us to construct encoding models that better  
generalize across individuals.

Recent advances in the field of natural language processing have show-
cased the exceptional performance of large language models (LLMs) 
across various natural language tasks1–3. In parallel, recent studies in 
human neuroscience have begun positioning LLMs as computational 
models of human brain activity during context-rich, real-world lan-
guage processing4–8. In these works, researchers use encoding models 
to estimate a linear mapping between internal representations—namely, 
embeddings—extracted from an LLM and measurements of human 
brain activity, word by word during natural language comprehension. 
This simple approach of linearly ‘aligning’ the LLM’s internal feature 
space to human brain features has yielded remarkably good predic-
tion performance in both functional magnetic resonance imaging 
(fMRI) and electrocorticography (ECoG). The high spatiotemporal 

resolution of invasive ECoG recordings, in particular, promises to pro-
vide finer-grained insights into shared representations and processes 
between LLMs and the brain6,9–14.

When exposed to the same natural language stimulus, such as a 
spoken story, human neural activity converges on stimulus features 
ranging from basic acoustic attributes to more complex linguistic and 
narrative elements15–17. However, while a coarse alignment exists across 
individual brains18,19, the finer cortical topographies for language rep-
resentation exhibit notable idiosyncrasies among individuals20–23. To 
address this, hyperalignment techniques have been developed in fMRI 
research to aggregate information across participants into a unified 
information space while overcoming the misalignment of functional 
topographies across participants24–28. ECoG presents a more difficult 
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computing the correlation between the model-predicted and actual 
neural activity across words at a given electrode or shared feature. In 
the following analyses, we evaluate the extent to which aggregating 
electrode signals into a shared space across participants improves 
encoding performance.

Linguistic encoding in shared space
We estimated a SRM25 using tenfold cross-validation (training on a 
subset of the nine out of ten segments of the story) with k = 5 shared 
features. Given that k cannot be larger than the total number of elec-
trodes in any given participant, we chose k = 5 as a round number lower 
than the fewest number of electrodes in any single participant  
(eight electrodes in participant S4). This fitting procedure yields a 
shared space and the corresponding participant-specific weights (Wi). 
We projected each participant’s training data into the shared  
space and averaged the reduced-dimension data across participant 
(Strain). This Strain is the averaged word-by-word time series across par-
ticipants projected into the reduced-dimension shared space: 
S

train

= 1/m∑

m

i=1

W

T

i

X

train

i

. Next, we estimated encoding models using 
Strain. We used least-squares regression to estimate a weight matrix to 
predict the shared neural activity from GPT-2 XL embeddings (reduced 
to 50 dimensions using PCA). To evaluate encoding model perfor-
mance, we first use the participant-specific weights Wi to project the 
test data (corresponding to the left-out test segment of story stimulus) 
into the shared space estimated from the training data, and then aver-
age across participants: S

test

= 1/m∑

m

i=1
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i
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.
We then use the encoding weights estimated from the training set 

to generate model-based predictions of neural activity in shared space 
from the contextual embeddings for the left-out test segment of the 
story stimulus. We evaluate these model-based predictions by comput-
ing the correlation between predicted and actual neural activity for 
each shared feature. In this way, both the SRM and the encoding models 
are estimated and evaluated within the same tenfold cross-validation 
scheme30,31. We repeated this analysis in 200-ms windows for lags rang-
ing from 2,000 ms before word onset to 2,000 ms after with a 25-ms 
stride. Both SRM and encoding models were estimated and evaluated 
separately at each lag relative to word onset.

When using contextual embeddings to predict shared features, 
we observed strong encoding performance with peak accuracy 
(averaged across shared features) of r = 0.405 roughly 200 ms after 
word articulation (Fig. 1a). SRM dramatically outperformed typical 
electrode-wise encoding performance using the same embeddings 
and cross-validation scheme (Fig. 1b). This improvement, however, 

correspondence problem than fMRI because each participant has a 
different number of electrodes in different locations (with placement 
guided by clinical considerations, not research goals). Thus, how to 
best aggregate electrodes across individuals is a matter of ongoing 
research29. For this reason, encoding models are typically constructed 
separately at each electrode within individual participants and are not 
assessed for their generalization to new participants4,6.

In this Article, we measured the neural responses of eight ECoG 
participants implanted with invasive intracranial electrodes while they 
listened to a natural language stimulus. We develop a shared response 
model25 (SRM) to aggregate neural activity and isolate a stimulus-driven 
feature space that is shared across individuals. In parallel, we use LLMs 
to extract contextual embeddings for each word of the podcast. We 
then build encoding models to estimate a linear mapping from the 
contextual embeddings to the shared neural features30,31. We show 
that the SRM yields substantially higher encoding performance than 
the original individual-specific electrodes. Moreover, we show that we 
can use this shared space to ‘denoise’ individual participant responses 
by projecting from the shared space back into the individual elec-
trode space. We find that the SRM-reconstructed data yield the largest 
improvement in brain areas specialized for language comprehension. 
Finally, we demonstrate that the SRM allows us to construct encoding 
models that better generalize across participants.

Results
We recorded neural activity in eight participants using ECoG while 
they listened to a 30-min podcast comprising roughly 5,000 words. In 
keeping with prior work6, we extracted the high-gamma power across 
184 electrodes selected for sensitivity to language (see ‘Electrode selec-
tion’ section in the Methods; Supplementary Table 1). We averaged 
neural activity in 200-ms windows at 25-ms lag increments ranging from 
−2,000 ms to +2,000 ms relative to word onset. Using a transcript of 
the stimulus, we extracted token-level contextual embeddings from the 
widely used LLM generative pretrained transformer (GPT-2) XL (ref. 32) 
and averaged these into a single embedding per word. We then reduced 
these high-dimensional word embeddings to 50 dimensions using 
principal component analysis (PCA). Finally, we mapped these embed-
dings onto neural activity separately at each lag using linear regression 
with tenfold cross-validation33,34. Encoding models were estimated to 
predict fluctuations in the neural signal across words at a given lag, and 
separate models were fit at each lag. Encoding models were trained on 
nine temporally contiguous segments of the stimulus, then tested on 
the tenth left-out segment. We evaluated encoding performance by 
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Fig. 1 | Improving model-based encoding performance with SRM. a, Encoding 
model performance based on SRM (orange) and control analysis based on 
PCA (blue) with matched dimensionality (k = 5). As a control analysis, PCA 
aggregates neural signals across participants with the same dimensionality 
reduction and the same orthogonality constraint, but does not align neural 
response trajectories across participants. Encoding performance is averaged 

across features. Red markers at the bottom indicate lags where the encoding 
performance of SRM and PCA differs significantly across test folds (P < 0.01, 
two-sided t-test, FDR corrected). b, Encoding model performance based on 
the original neural activity in each participant (N = 8). Encoding performance 
is averaged across electrodes within each participant. Error bands indicate the 
standard error of the mean across cross-validation folds for all the plots.
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could be driven by the fact SRM reduces dimensionality by aggregating 
signals across electrodes.

As a control analysis, we instead aggregated electrodes across 
participants using PCA with dimensionality k = 5. When performing 
this PCA-based control analysis, we concatenated all the participants 
along the electrode axis (because all participants have the same num-
ber of words/samples due to the shared podcast stimulus), resulting 
in a w × E matrix, where w is the number of words and E is the total 
number of electrodes across participants. We then estimated PCA 
from the training set of this matrix, effectively reducing the total 
number electrodes across participants to k = 5. We projected the 
test data onto the principal components estimated from the train-
ing data and reassessed encoding performance in this PCA-based 
reduced dimensional space using the same procedure as used with 
SRM. PCA similarly reduces dimensionality with the same orthogonal-
ity constraint as SRM, without aligning individual participants into 
a shared feature space. We found that SRM achieves significantly 
higher encoding performance than PCA (P < 0.01, false discovery 
rate (FDR) corrected; Fig. 1a). This control analysis shows that the 
stronger encoding performance is not simply due to the decreased 
dimensionality of the shared space.

Taken together, these findings indicate that using SRM to isolate 
stimulus-driven neural activity that is shared across participants yields 
improved alignment to the LLM embeddings. In a follow-up analysis 
focusing on a subset of three participants with the largest number of 
electrodes, we found that encoding performance is stable at higher 

shared dimensionality k (Supplementary Fig. 1); that said, increasing 
the shared dimensionality does yield a larger number of features with 
moderate encoding performance (Supplementary Table 2). We also 
visualized the encoding performance for each of the k = 5 shared fea-
tures separately (Supplementary Fig. 2), revealing somewhat different 
temporal profiles of encoding performance for each feature. Finally, in 
a control analysis, we shuffled the embeddings to disrupt the pairing 
between neural activity and the corresponding stimulus words. With 
permuted embeddings, encoding performance drops to approximately 
zero (Supplementary Fig. 3), indicating that encoding performance is 
driven by word-specific features of the embeddings.

Reconstructing electrode activity via the shared space
We hypothesized that projecting an individual participant’s neural 
activity into the reduced-dimension shared space and then back into 
electrode space will effectively denoise the individual participant data 
and increase encoding model performance. First, we transformed 
the individual participant data into the reduced-dimension shared 
subspace Si by multiplying it with the learned, participant-specific 
weights from SRM training. We then used the transpose of the 
participant-specific weights to reconstruct a given participant’s elec-
trode data for both the training and the test sets, as shown in equa-
tion (2). Next, we performed an encoding analysis for each participant 
using the SRM-reconstructed data and compared it with the encoding 
performances using the participants’ original neural data (Fig. 2). The 
SRM-reconstructed data significantly improved encoding performance 
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Fig. 2 | Reconstructing electrode activity via the shared space. At center, 
electrode placement is shown for all participants (N = 8). Electrode-wise encoding 
performance is shown for each participant based on reconstructed electrode 
activity from the shared space (orange) and original electrode activity (blue). 
Encoding performance is averaged across electrodes within each participant. 

Error bands indicate the standard error of the mean encoding performance 
across folds. Red markers at the bottom indicate lags with a significant difference 
in encoding performance between SRM-reconstructed and original electrodes 
across test folds (P < 0.01, two-sided t-test, FDR corrected). In each subplot, the 
number in brackets indicates the number of electrodes for that participant.
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at numerous lags for each participant (P < 0.01 for all participants, 
FDR corrected), with an average 37% improvement (from r = 0.188 to 
r = 0.257) in peak model performance across participants (see Sup-
plementary Table 3 for participant-level improvements).

Localizing improved encoding performance with SRM
To map out which brain regions improve most while reconstructing 
electrode activity from the shared space, we quantified the difference 
in peak encoding model performance between SRM-reconstructed 
data and the original data for each electrode separately (Supplemen-
tary Fig. 4). Qualitatively, the largest improvements were found in the 
inferior frontal gyrus (IFG) and the superior temporal gyrus (STG) (see 
Supplementary Table 4 for the number of electrodes at varying ranges 
of improvement). To compare encoding performance with and with-
out SRM reconstruction at the electrode level, we performed paired 
t-tests at each electrode across the ten cross-validation test sets. Out 
of 184 electrodes, encoding performance significantly improved in 
131 electrodes (all P < 0.05, FDR corrected) when reconstructed from 
the shared space. We further examined improvements in encoding 
performance of SRM-reconstructed data for different areas of the 
language network35 (Fig. 3). We observed that SRM reconstruction 
yields significantly better encoding performance compared with the 
original electrode data in IFG, anterior STG (aSTG), and middle STG 
(mSTG) (P < 0.01, FDR corrected). While caudal STG (cSTG), angular 
gyrus (AG) and temporal pole (TP) show nominal improvements in 

encoding performance, this may be partly due to the relatively small 
number of electrodes in these regions.

Generalizing encoding model across participants  
via shared space
In the previous analyses, we showed that SRM can improve encoding 
performance—but, like prior work6, we estimated and evaluated those 
encoding models in individual participants. SRM, however, should 
therefore allow us to build encoding models that generalize to new 
participants who have received the same stimulus30,31. To test this 
hypothesis, we estimated both SRM and encoding models in a subset 
of training participants (for a training segment of the story stimulus), 
then evaluated encoding model performance on a left-out participant 
(for the left-out test segment of the story). We first estimated a shared 
space (S) for N − 1 training participants based on the training segments 
of the story. In this case, SRM training data did not include the neural 
data of the test participant. Then, we estimated encoding models from 
the N − 1 training participants in this shared space.

Next, we estimated a transformation to project the test partici-
pant’s data into the shared space derived from the training participants. 
The shared space (S) derived from the training participants is used as 
a template, and we calculate a participant-specific weight matrix Wj to 
rotate the left-out participant j into the pre-existing shared space, using 
the data Xtrain

j

 from the training segments of the story. To achieve this, 
we minimize the mean squared error min
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Fig. 3 | Comparison of encoding performance for SRM-reconstructed data 
and original electrode data for different regions of the language network. 
At center, electrode placement is shown for all participants (N = 8). Encoding 
performance values for lags spanning −2,000 ms to +2,000 ms lags are shown 
for each brain area based on electrode activity reconstructed from the shared 
space (orange) and original electrode activity (blue). Encoding performance 

is averaged across electrodes within each brain area. Error bands indicate the 
standard error of the mean encoding performance across folds. Red markers at 
the bottom indicate lags with a significant difference in encoding performance 
between SRM-reconstructed and original electrodes across folds (P < 0.01, 
two-sided t-test, FDR corrected). For each subplot title, the number in brackets 
indicates the electrode number of the respective brain area.
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find Wj. The shared space S is not affected by aligning a left-out partici-
pant in this way. Now, we transform the test participant’s neural activity 
for the test segment of the story into the shared space (estimated from 
other participants) using Wj estimated from the training segments of 
the story: Stest

j

= W

T

j

X

test

j

. Finally, we evaluate the encoding models 
estimated from other participants’ data and training segments of the 
story. We use the encoding weights trained on the shared space (S) to 
generate predictions for the left-out participant (Stest

j

). We carry out 
this process for each lag for all participants (leave-one-participant-out).

Using SRM, we obtain cross-participant encoding performance 
(Fig. 4a, orange) comparable to the performance observed when encod-
ing models are estimated and evaluated in individual participants 
(Fig. 1b). For a more direct comparison, we implemented a control 
analysis using PCA: we estimate PCA across N − 1 training participants 
to learn a PCA-based reduced-dimension space (with matching dimen-
sionality and orthogonality constraints to SRM) from the training 
story segments; we then calculate a W transformation like above to 
project the test participant onto reduced-dimension PCA reduced 
space using the left-out participant’s training story segments. Finally, 
we estimate encoding models in the reduced-dimension PCA space 
from the training participants and the training story segments. We 
project the left-out participant’s test segment into the shared space 
to evaluate the model-based predictions. Cross-participant encoding 
performance is significantly better with SRM than with PCA (Fig. 4a; 
P < 0.05, FDR corrected).

To extend this cross-participant encoding analysis from the 
reduced-dimension shared space to the original electrode space, we 
first project N − 1 participants to a SRM shared space (S) using the train-
ing segments of the story. Next, we calculate the weight matrix Wj to 
rotate the left-out participant j into the shared space. Now we can use 
Wj to project data from the estimated shared space back into the test 
participant’s space: Xtrain = WjS. This allows us to estimate encoding 
models based strictly on other participants’ data in the test participant’s 
original electrode space: Xtest

= W

j

W

T

j

X

test

j

. Cross-participant encoding 
performance in the test participant’s SRM-reconstructed electrode 
space significantly outperforms within-participant encoding models 
in the original electrode space (Fig. 4b, P < 0.05, FDR corrected). In both 
of these analyses, we show that an SRM estimated from N − 1 partici-
pants can be used to find a set of shared features that generalize to a 
new participant with a different number and placement of electrodes. 
Given a shared stimulus, SRM can provide a robust-enough linkage 
across disparate, individual-specific electrodes to allow us to build 
encoding models that generalize to a left-out individual.

Quantifying shared information across participants
How well can we reconstruct a novel participant’s neural responses to 
a novel stimulus based on the neural activity of other participants? To 
quantify the quality of the shared space without reference to an encod-
ing model, we estimated a shared space based on the training segments 
of the story in N − 1 participants, then reconstructed neural activity for 
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Fig. 4 | Cross-participant encoding performance via the shared space. In 
cross-participant encoding, both SRM and encoding models are estimated from 
N − 1 participants and model-based predictions are tested against a left-out 
participant. a, Cross-participant encoding performance in SRM-based shared 
space (orange) compared with PCA control. Encoding performance is averaged 
across test participants and features in shared space. b, Cross-participant 
encoding performance in the test participant’s SRM-reconstructed electrode 
space compared with within-participant encoding performance in original 
electrode space. Encoding performance is averaged across test participants 

and electrodes. Error bands indicate the standard error of the mean encoding 
performance across participants. Red markers at the bottom indicate lags with 
a significant difference between SRM and PCA-based generalization (a), or 
between SRM and original encoding (b), across participants (P < 0.05, two-sided 
t-test, FDR corrected). c, Cross-participant encoding performance in shared 
space for individual participants. d, Cross-participant encoding performance 
in SRM-reconstructed electrode space for individual participants. Error bands 
indicate the standard error of the mean encoding performance across test folds.
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the left-out test segment in a left-out participant. We then correlated 
the reconstructed neural activity for the test participant j with the 
participant’s actual neural activity. High correlations indicate that the 
shared space robustly captures shared information that generalizes 
across participants. To elaborate, first, we train an SRM model on the 
training data for N − 1 participants except j using equation (1). Then, 
using the training data Xj for participant j, we find the matrix Wj map-
ping participant j into the pre-existing shared space by minimizing the 
mean squared error of min

W

j
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Next, we average the shared responses for the test segment across 

N − 1 participants except j using S
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. With this shared 
response for the test data, we reconstruct the test data for participant 
j (based strictly on data from N − 1 participants) by Xr

test

= W

j

S

test

. 
Finally, we calculate the correlation across words between the recon-
structed Xr

test

 and the actual data Xj

test

 for each electrode. We repeat 
this process for each test participant for all the test segments. We find 
that SRM-based reconstruction based on the neural activity of other 
participants yields 0.284 correlation on average (Table 1).

Interestingly, we obtained good reconstruction performance in 
participant S1 (r = 0.336), despite the fact that all S1 electrodes were 
implanted in the right hemisphere, whereas most electrodes in other 
participants are in the left hemisphere (Fig. 2). To more rigorously 
test this cross-hemisphere effect, we re-evaluated right-hemisphere 
reconstruction performance in test participant S1 after excluding 
all other right-hemisphere electrodes in the training participants. 
Cross-hemisphere reconstruction performance in S1 was reduced, but 
still relatively strong at r = 0.305. This suggests that the stimulus-driven 
signals aligned by SRM are relatively bilateral in nature, given that SRM 
can reconstruct signals across hemispheres. Although language pro-
cessing is historically associated with lateralization, the higher-level 
combinatorial and semantic systems for language comprehension may 
be largely bilateral36. This is corroborated by recent work in neuroimag-
ing: for example, interparticipant correlations during naturalistic story 
listening are remarkably bilateral19 (Fig. 4a), and semantic encoding 
during natural language comprehension is also highly bilateral34,37.

To evaluate how well we can reconstruct a left-out participant’s 
neural activity, we also performed a between-participant time-segment 
classification analysis24. This analysis quantifies how well we can predict 
one participant’s neural activity patterns for specific segments of the 
stimulus from other participants’ brain activity (see ‘Time-segment 
classification’ in the Supplementary Information for methodological 
details). We found that between-participant time-segment classifica-
tion accuracy nearly doubled with SRM, relative to a PCA-based control 

(increasing from 37% with PCA to 93% with SRM using 40-word seg-
ments; chance 1.6%; Supplementary Fig. 5).

Exploring SRM encoding across different model features
Lastly, we explored encoding performance in the shared space across 
several different sets of model features. First, we asked whether encod-
ing performance observed with contextual embeddings in the forego-
ing analyses might be driven by lower-level linguistic features (see 
‘Syntactic and phonetic embeddings’ in the Supplementary Informa-
tion for methodological details). To test this possibility, we repeated 
our encoding analysis in the shared space using three different types of 
stimulus feature8,14,38: (1) contextual embeddings extracted from GPT-2 
XL used in the preceding analyses; (2) syntactic features capturing 
part-of-speech and linguistic dependencies; and (3) phonetic/articu-
latory features (Supplementary Fig. 6). We found that the contextual 
embeddings outperformed both the syntactic and phonetic features 
across all five shared features. This suggests that SRM is not simply 
keying into low-level features; the shared features appear to encode 
relatively high-level contextual semantic content.

We next examined how encoding model performance varies across 
layers for GPT-2 XL: we extracted contextual embeddings from all 48 
layers of GPT-2 XL and repeated our encoding analysis for both shared 
features and original electrodes at lags ranging from −2,000 ms to 
+2,000 ms relative to word onset. In both cases, we found that inter-
mediate layers yield the highest prediction performance in human 
brain activity (Supplementary Fig. 7a), consistent with prior work4–6,8. 
Next, we evaluated encoding models for two different types of word 
embedding: contextual (GPT-2 XL) and noncontextual (GloVe) embed-
dings (see ref. 39; note that GloVe encoding was initially used to select 
electrodes). We found that contextual embeddings yield dramatically 
higher encoding performance than noncontextual embeddings, both 
for original electrode data and in the shared space (Supplementary 
Fig. 7b, P < 0.01, FDR correction), similarly to prior work4,6,8. Finally, 
we repeated our SRM encoding analysis with several open-source 
GPT models ranging from 125 million (M) to 20 billion (B) parameters: 
neo-125M, large-774M, neo-1.3B, XL-1.5B, neo-2.7B and neo-20B. Quali-
tatively, SRM appears to yield higher encoding performance for all 
models, and we observe a weak trend where larger models yield bet-
ter encoding performance (Supplementary Fig. 7c), consistent with 
previously reported results13,40. In general, these exploratory analyses 
suggest that the improvement in encoding performance with SRM does 
not interact unexpectedly with different model features; however, 
further work is needed to investigate the relation between SRM and 
other factors, such as performance on language benchmark tasks11, 
training diet41 and multimodal architectures42.

Discussion
Many recent studies have begun to use encoding models to predict 
neural responses during natural language processing using contextual 
embeddings derived from LLMs4–7,9–11,14. Our study demonstrates that 
aligning the neural activity in each brain into a shared, stimulus-driven 
feature space substantially enhances encoding performance. This 
shared space isolates stimulus-driven latent features in neural activity 
across both participants and electrodes, while effectively filtering out 
participant-specific idiosyncrasies24,25,27. Our results illustrate that this 
shared space exhibits stronger alignment with LLM embeddings than a 
control model using PCA (with matching dimensionality) to aggregate 
signals across participants.

SRM and other hyperalignment methods were developed, ini-
tially with fMRI, to estimate a shared information space aligned across 
participants24–28,30,31,43. ECoG acquisition presents a more challenging 
correspondence problem due to varying electrode numbers and place-
ment across participants29. Electrode placement is often arbitrary, 
based on clinical considerations, yielding both redundancies and 
gaps in coverage, which can hamper model generalization. In most 

Table 1 | SRM reconstruction performance across participants

Participant Correlation between SRM-reconstructed and 
original data

S1 0.336 (0.311–0.362), P < 0.001

S2 0.268 (0.252–0.285), P < 0.001

S3 0.258 (0.233–0.283), P < 0.001

S4 0.251 (0.226–0.277), P < 0.001

S5 0.313 (0.293–0.333), P < 0.001

S6 0.368 (0.343–0.392), P < 0.001

S7 0.216 (0.192–0.240), P < 0.001

S8 0.260 (0.242–0.277), P < 0.001

Mean 0.284 (0.262–0.306), P < 0.001
Electrode activity was reconstructed based on other participants’ data transformed via the 
shared space into the test participant’s electrode space. Averaged correlations between 
SRM-reconstructed and original test data are reported for each participant with 95% 
confidence intervals and FDR-corrected P values across folds. Note that LLM embeddings 
and encoding models are not used in this analysis.
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ECoG research6,9,11, electrodes are simply pooled across participants 
to construct a ‘superparticipant’. No mapping from one participant to 
another is attempted, and, critically, whether encoding models actu-
ally generalize across participants has not been investigated. In this 
Article, we extend SRM to ECoG data and demonstrate several ways in 
which aggregating electrode signals into a shared information space 
can improve encoding model performance.

The shared features estimated by SRM are linear combinations of 
signals across electrodes and participants25. To more easily interpret 
these signals, we reconstructed electrode-space activity from the 
reduced-dimension shared space. This allows us to ‘denoise’ individual 
data via the shared space. We found that SRM reconstruction improves 
encoding performance in most electrodes (a mean 37% improvement), 
particularly in brain areas associated with language processing, such 
as the IFG and STG. These areas both (a) contain more electrodes than 
other areas and (b) may be most closely entrained to linguistic features 
of the shared stimulus6,12. Note that more stimulus-driven areas, such 
as STG and IFG in the case of language processing, may make larger 
contributions to the shared space. Similarly, particular participants 
or brain regions with more electrodes or stronger signal may have a 
larger impact on the shared space.

The vast majority of prior work fitting electrode-wise linguis-
tic encoding models does not evaluate whether models generalize 
across individual participants6,10,11,14. Our findings show that, by esti-
mating both SRM and encoding models on a subset of training par-
ticipants and stimuli, the shared space can be used to build encoding 
models that robustly generalize to new participants and stimuli. We  
show that cross-participant encoding performance via the shared 
space matches or even exceeds within-participant encoding perfor-
mance. This generalization probably hinges on using a rich, natural-
istic stimulus (such as a spoken story) to obtain a diverse sampling 
of brain states, which ultimately yields a more robust, generalizable 
shared space24,27. This kind of generalization—allowing us to precisely 
predict neural activity in previously unseen participants—can pro-
vide a way to circumvent the scarcity of individual participant data, 
which is particularly egregious with ECoG recordings in patients with 
epilepsy. Given a shared, naturalistic stimulus, SRM can allow us to 
leverage previously collected data from a larger group of participants 
in a single individual’s idiosyncratic electrode space—which may 
accelerate research on individualized brain decoding and brain–
computer interfaces44,45.

Methods
Data collection and preprocessing
We recorded the neural activity of eight participants (20–48 years) 
using ECoG. Participants were presented with a 30-min audio podcast 
‘So a Monkey and a Horse Walk Into a Bar, Act One: Monkey in the Mid-
dle’ from the This American Life podcast. All participants provided 
oral and written informed consent, and the study was approved by the 
institutional review board at New York University Langone Medical 
Center and Princeton University. We manually transcribed the story 
and aligned it to the audio by labeling the onset and offset of each 
word. An independent listener manually evaluated the alignment. 
We also carried out an event-related potential analysis to confirm the 
precision of the transcribed word onsets (Supplementary Fig. 8). There 
were a total of 5,013 words in the podcast. Using the Hugging Face 
environment46, we supplied the transcript to the LLM GPT-2 XL32. We 
opted to use GPT-2 XL because this model has been shown to perform 
well in a number of prior studies4,6,10,13,47,48. We extracted token-level 
embeddings, then averaged multiple subword tokens for each word 
to obtain a single embedding per word. These 1,600-dimensional con-
textual embeddings were extracted from the final layer of the model. 
The meaning of the embedding for each word (excluding the first word) 
was contextualized by the preceding words in the podcast stimulus. 
The model was supplied with preceding tokens up to the maximum 

context length of 1,024 tokens for GPT-2 XL. Note that tokens early in 
the stimulus are not preceded by a full 1,024 tokens (for instance, the 
first token is preceded by zero tokens, the second token is preceded by 
one token and so on), and the absolute duration of the context window 
(in seconds) will vary based on the speech rate. These embeddings were 
reduced to 50 dimensions using PCA, in keeping with prior work6,10, for 
expedience in using ordinary least-squares (rather than ridge regres-
sion) when estimating the encoding models.

For ECoG data collection, 917 electrodes were placed on the left 
hemisphere and 233 on the right hemisphere. The ECoG data were sam-
pled at 512 Hz. In keeping with prior work6, we used high-gamma power 
as an index of local, stimulus-driven neuronal activity49,50. To extract the 
gamma power time course, we used Morlet wavelets: the power time 
course was computed in the 70–200 Hz frequency range separately 
for each frequency with 5-Hz steps. Line noise at 120 and 180 Hz was 
excluded using a notch filter, and we computed the logarithm of each 
power time course estimate. The estimates were z-scored and averaged 
across frequencies, yielding the high-gamma power time course. We 
then applied a 50-ms Hamming window for smoothing. Next, we used 
despiking to remove signal spikes exceeding four quartiles above and 
below the median, and used cubic interpolation for sample replace-
ment. We re-referenced the data to account for shared signals across 
all channels using either common average referencing or an independ-
ent component analysis (ICA)-based method (depending on the noise 
profile of each participant). Finally, we divided the power estimates by 
the mean value to improve the signal-to-noise ratio16.

Encoding models
We use contextual word embeddings to predict held-out neural 
data for individual electrodes or SRM features (see below). First, 
we averaged neural activity (gamma power) in 200-ms windows at 
161 lags ranging from −2,000 ms to +2,000 ms in 25-ms increments 
for epochs indexed to each word’s onset. These parameters were 
chosen to match prior works6,10. For each lag at a given electrode, 
we then estimated electrode-wise encoding models using ordinary 
least-squares multiple linear regression: this yields a linear mapping 
to predict word-by-word neural activity from the associated contextual 
embeddings33,34. Encoding models were formulated to predict variance 
across words separately at each lag relative to word onset. We use 
tenfold cross-validation to assess the performance of these models 
in predicting neural responses for held-out, temporally contiguous 
segments of the stimulus. We evaluated out-of-sample prediction by 
computing the Pearson correlation between the predicted and the 
actual signal for each held-out test set.

In comparing the encoding performance alignment methods, we 
performed paired two-sided t-tests between the two correlation scores 
(within participant) across folds for each lag. We also used one-sample 
t-tests to compare reconstruction performance (across participants) 
against zero. For both within-participant and group-level analyses, 
we controlled the false discovery rate (FDR) at least at a threshold 
of 0.05 to correct for multiple statistical tests across varying lags or 
electrodes (ref. 51).

Electrode selection
To select a subset electrodes involved in language processing, following 
ref. 6, we first estimated encoding performance using noncontextual 
GloVe embeddings39 at 161 lags ranging from −2,000 ms to +2,000 ms 
in 25-ms increments for epochs indexed to each word’s onset. To evalu-
ate the statistical significance of GloVe-based encoding performance, 
we performed a randomization test. For each of the electrodes and 
lags, we randomized the phase of the signal to disrupt the temporal 
alignment while preserving the autocorrelation, then re-estimated 
the GloVe-based encoding models. We repeated this procedure for 
5,000 phase randomizations to construct a null distribution from the 
maximum encoding performance across lags for each electrode. We 
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calculated P values for each electrode as the percentile of the actual 
encoding performance relative to 5,000 phase-randomized samples 
from the null distribution. We controlled FDR at 0.01; if an electrode 
survived FDR correction, it was selected for further analysis. This 
yielded 184 electrodes (150 in the left hemisphere, 34 in the right hemi-
sphere) across participants (see Supplementary Table 1 for a detailed 
description of electrode coverage).

Shared response model
Although all the participants listened to the same story, both the place-
ment of their electrodes and the functional properties of similarly 
placed electrodes will tend to differ from individual to individual. We 
use a SRM25 to aggregate ECoG data across participants into a com-
mon information space that accounts for different electrode place-
ment and functional topographies across individuals. SRM learns 
participant-specific transformations that map from each participant’s 
idiosyncratic functional space into a shared space based on a subset of 
training data, then uses these learned transformations to map a subset 
of test data into the shared space (see ref. 52; Fig. 4). In the current work, 
the SRM was estimated so as to recover shared features fluctuating 
across words. SRM was estimated and evaluated separately at each lag 
relative to word onset.

To clarify this, let {X
i
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The S and W parameters of the SRM model are jointly estimated 
using a constrained expectation-maximization (EM) algorithm. We 
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Reporting summary
Further information on research design is available in the Nature 
Portfolio Reporting Summary linked to this article.

Data availability
Sample data are available via Zenodo at https://zenodo.org/
records/15220273 (ref. 53), and the full raw dataset is publicly avail-
able at https://openneuro.org/datasets/ds005574/versions/1.0.0 (ref. 
54). Source data are provided with this paper.

Code availability
Code used to analyze the data is publicly available via GitHub at https://
github.com/pritamarnab/SRM-Encoding (ref. 55).
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