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Abstract Large language models (LLMs) have shown strong alignment with contextualized
semantic encoding in the brain, offering a new avenue for studying language processing.
However, natural speech often occurs in multi-talker environments, which remain underexplored.
We investigated how auditory attention modulates context tracking using electrocorticography
(ECoG) and stereoelectroencephalography (sEEG) from three epilepsy patients in a
two-conversation “cocktail party” paradigm. LLM embeddings were used to predict brain
responses to attended and unattended speech streams. Results show that LLMs reliably predict
brain activity for the attended stream, and notably, contextual features from the unattended
stream also contribute to prediction. Importantly, the brain appears to track shorter-range
context in the unattended stream compared to the attended one. These findings reveal that the
brain processes multiple speech streams in parallel, modulated by attention, and that LLMs can
be valuable tools for probing neural language encoding in complex auditory settings.

Introduction

The emergence of Large Language Models (LLMs) and their high performance on NLP tasks has
garnered attention from neuroscience research. In particular, similarities in how LLMs and the hu-
man brain process language have been pointed out (Goldstein et al., 2022; Schrimpf et al., 2021a;
Mischler et al., 2024; Caucheteux et al., 2023), and used to model language processing in the brain.
Many studies (Toneva and Wehbe, 2019; Abnar et al., 2019; Schrimpf et al., 2021b; Hosseini et al.,
2024; Anderson et al., 2021; Caucheteux et al., 2021; Caucheteux and King, 2022; Sun et al., 2021)
typically train linear regression using word representations generated by the LLMs to predict the
corresponding neural responses. The correlation between the predicted and the actual neural re-
sponse is then used as a metric for language modeling performance. Such metric can also be used
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to investigate how the brain response relates to language processing.

However, the linear relationship observed between word representations and the brain response
can be explained by various factors whose influence is not well established. Using a more con-
trolled dataset (e.g., with invariant syntax but varying words), researchers factorized the word rep-
resentations into lexical, compositional, syntactic, or semantic representations (Caucheteux et al.,
2021) to understand the language features used by models. To separate the contextual from non-
contextual information contained in word representations, (Goldstein et al., 2022) used GloVe (Pen-
nington et al., 2014), a model generating these features purely based on words' frequency derived
from a corpus, not relying on the position of words in a text.

Studies modeling language processing in the human brain involving LLMs were mostly per-
formed in a controlled setup, where participants listened to a single speaker. However, real-life
scenarios typically involve multiple talkers, making the speech processing more challenging and
altering neural responses through the effects of attention (Mesgarani and Chang, 2012; O'Sullivan
et al., 2019). Prior studies (Broderick et al., 2018; Anderson et al., 2024; Brodbeck et al., 2018)
have suggested that the high-level linguistic encoding is likely impaired in challenging listening
conditions. This makes such environments an interesting experimental design for studying the
encoding of contextual language representations. In this multi-talker paradigm, the listener has to
selectively attend to one talker, providing a setup where the encoding of context might be altered
by attention. Anderson et al. (2024) investigated the ability of the ASR model Whisper (Radford
et al., 2022) to predict EEG responses to continuous speech in a two-speaker scenario. They found
that late Whisper layers (encoding linguistic information) were better predictors than early layers
(encoding acoustics) for the attended speaker, but not for the unattended one, suggesting limited
or no linguistic processing of the unattended speech. Unfortunately, EEG's signal-to-noise ratio is
notoriously low, which raises the possibility that the apparent absence of linguistic processing of
unattended speech may stem from limitations in the recording method itself.

Most of the findings with EEG recordings suggest that attention is a necessary condition for
contextual linguistic encoding (Anderson et al., 2024; Broderick et al., 2018; Brodbeck et al., 2018).
However, the EEG prediction scores obtained with linguistic features are typically very low and min-
imal compared to acoustic features (Gillis et al., 2021; Puffay et al., 2023; Brodbeck et al., 2018),
possibly due to a low signal-to-noise ratio (SNR) that hinders specific steps of linguistic process-
ing from being captured. While the EEG signal contains responses reflecting various speech and
language processing steps, electrocorticography (ECoG) and stereoelectroencephalography (sEEG)
enable targeting specific areas, which allows the study of context encoding in a multi-talker sce-
nario with a higher SNR.

In this study, we investigate how attention modulates context tracking. To do so, we use LLM
embeddings to predict brain responses measured with ECoG and sEEG in a two-competing-talker
attention paradigm. We first compare the prediction scores obtained across the LLM layers for
the attended and unattended conversation transcripts. We demonstrate that contextual language
features generated by our LLM from both the attended and unattended streams can predict brain
responses, with significantly greater predictive power for the attended stream. Secondly, we com-
pare the brain prediction scores obtained when context is provided to our LLM versus not, and
show that context is necessary to improve the prediction scores in deeper layers. Finally, by mod-
ulating the context fed to the LLM, we show that the brain tracks a shorter-range context from the
unattended stream than that of the attended stream.

Results
To explore how linguistic context is represented in the human brain during naturalistic listening
and selective attention, we analyzed intracranial recordings from three epilepsy patients as they
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a. Two simultaneous moving conversations b. Example trial with repeated words and talker switches
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Figure 1. AAD experiment design from Choudhari et al. (2024). a) Every trial consisted of two concurrent conversations moving independently in
the front hemifield of the subject. Each conversation had two distinct talkers taking turns. b) Talkers in each conversation repeated a word at
random intervals (1-back detection task), as highlighted in pink. The cued (to-be-attended) conversation had a talker switch at 50% trial time
mark, whereas the uncued (to-be-unattended) conversation had two talker switches at 25% and 75% trial time marks.
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performed a dual-speaker auditory attention task (Figure 1). Participants listened to two over-
lapping conversations and were instructed to attend to one, while their neural responses were
recorded via SEEG and ECoG electrodes implanted over the left hemisphere of their brain. High-
gamma (70 - 150 Hz) neural activity was extracted and used as a proxy for local neural engagement
(Edwards et al., 2009).

To model the contextual encoding across attentional states, we used the Mistral-7B LLM to gen-
erate word embeddings from attended and unattended speech transcripts (Figure 2). Using ridge
regression, we quantified how well these embeddings predicted neural responses across different
model layers and temporal lags, as well as across varied contextual input given to the LLM. This
framework enabled us to examine how attention, contextual input, and context length shape the
brain’s alignment with LLM-derived representations.

In what follows, we present three key findings: (1) attention enhances brain prediction scores
from LLM embeddings, (2) this effect is primarily driven by contextual information, and (3) the
encoded context length is shorter for the unattended than the attended speech. Together, these
results highlight attentional modulation of linguistic context processing in the brain.

Result 1: LLM brain prediction scores are impacted by attention

In Figure 3, we depict the LLM word embedding prediction scores for every layer for both the at-
tended and unattended speech transcripts. The attended and unattended prediction scores for
subjects 1, 2, and 3 are depicted in Figures 3a, 3¢, and Figure 3e, respectively. We observe that
the averaged brain score magnitudes for the full context condition across layers are higher in the
attended condition than in the unattended one (Wilcoxon signed-rank test: W = 3,p < 0.001; W =
0,p < 0.001; W = 0, p < 0.001, Bonferroni-corrected a = 0.05/6, for subject 1, 2 and 3, respectively),
suggesting differences in the contextual information encoded across attention states.

Specifically, we observe that the attended condition shows a prediction score increase, e.g.,
from layer O to layer 6 (Wilcoxon signed-rank test, W = 1385,p < 0.001, Bonferroni-corrected
a = 0.05/6), from layer 0 to 7 (Wilcoxon signed-rank test, W = 4123, p < 0.001, Bonferroni-corrected
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Figure 2. LLM embeddings to predict brain responses. (Inspired from Mischler et al. (2024)). We averaged the neural responses over
200-ms windows centered at seven lags, from 0 to 500 ms after word onsets. The word embeddings are extracted using different layers of
Mistral-7B to predict the averaged word response further. The correlation between the predicted and actual responses is calculated to compute
the brain score.

us a = 0.05/6) and from layer 0 to 8 (Wilcoxon signed-rank test, W = 1526,p < 0.001, Bonferroni-
ue corrected a = 0.05/6) for subjects 1, 2, and 3, respectively. Results are similar for neighboring
10 layers and are reported in Supplementary Table 1. This informs us that the contextual information
1 contained in layers 6, 7, and 8 for subjects 1, 2, and 3, respectively, enables a better prediction of
122 the average brain response than in earlier layers.

123

124 In comparison, we observe a (lower) magnitude increase for the unattended transcript in sub-
s ject 1 from layer O to 6 (Wilcoxon signed-rank test, W = 2917,p < 0.001, Bonferroni-corrected
s a = 0.05/6), while no such increase is observed for the unattended case in subject 2 from layer
17 0 to 7 (Wilcoxon signed-rank test, W = 21951, p = 0.24) and subject 3 from layer 0 to 8 (Wilcoxon
s signed-rank test, W = 21951, p = 0.042, not significant after Bonferroni correction, a = 0.05/6). Re-
129 sults are similar for neighboring layers and are reported in Supplementary Table 2. This finding
1o suggests a better contextual encoding of the attended stream, while there might be an unattended
1 speech context encoding for subject 1. Figures 3b,3d, and 3f depict the attentional modulation of
12 electrodes (i.e., the brain prediction score of the attended condition minus that of the unattended
133 condition).

134
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Figure 3. Brain prediction scores of LLM word embeddings across layers with attention modulation. In (a), (c), and (e) (for subjects 1, 2,
and 3, respectively), the two curves depict the average brain score across trials and electrodes for each layer, with SEM across trial-averaged
electrodes. Blue: attended speech transcript; red: unattended. (b), (d), and (f) show the attended-unattended score differences.
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In the Supplementary Material, we run two additional analyses: (1) to evaluate the impact of
repeated words, (2) to evaluate any speaker-specific effects that our model could learn and that
could impair our conclusions.

Result 2: Context tracking is present with and without attention

To verify that the prediction score’s increase across Mistral's layers is due to contextual informa-
tion, we investigate how varying the context input provided to Mistral influences its ability to predict
brain responses. Thus, we repeat the analysis of the previous subsection. However, this time, we
either give Mistral the full trial context before the current token, as done in the previous subsection,
or solely the current token. We depict the resulting brain scores for all three subjects in both the
attended and unattended conditions in Figures 43, 4c, and 4e for subjects 1, 2, and 3, respectively.

For all subjects, we observe that for the attended transcripts with the full context, the brain
score increases across layers (for statistics, see the previous subsection). At the same time, the
condition in which no context is provided shows a decrease or no change in brain score across
layers. For example, this occurs for subject 1 between layers 0 and 6 (Wilcoxon signed-rank test,
W = 4673, p < 0.001, Bonferroni-corrected, « = 0.05/6). The prediction scores were not significantly
different for subject 2 between layer 0 and 7 (Wilcoxon signed-rank test, W = 20201, p = 0.022, not
significant after Bonferroni correction, « = 0.05/6), and for subject 3 between 0 and 8 (Wilcoxon
signed-rank test, W = 2659, p = 0.06, not significant after Bonferroni correction, « = 0.05/6). Results
are similar for neighboring layers and are reported in Supplementary Table 3. This finding suggests
that the increased prediction score observed in the previous section for the attended case is likely
due to contextual information.

In the unattended condition, as seen in the previous section, we observe a score increase across
layers in the condition with full context for subject 1. In contrast, no such behavior is observed
without context (e.g., between layers 0 and 6 or 7 or 8: Wilcoxon signed-rank test, W = 5905, W =
21638, W = 2622, not significant after Bonferroni correction, a = 0.05/6 for subjects 1, 2, and 3, re-
spectively). Results are similar for neighboring layers and are reported in Supplementary Table 4.
Although the superiority of the full context condition is, in the unattended case, quite erratic and
does not happen in all layers, it suggests that the origin of the prediction score increase across
layers in subject 1 is likely due to contextual information encoding.

Result 3: Length of context tracking varies with attention

In Subsection , we performed a binary analysis, comparing word embeddings when all tokens be-
fore the token of interest were fed to Mistral, as opposed to word embeddings with only the token
of interest fed to Mistral, excluding context.

Here, we characterize the longest context length to which the model benefits in both the attended
and unattended conditions. From now on, we depict our results for layer 10, as it is part of the
plateau reached for the attended curve in Figure 3a and 3c. Neighboring layers from this plateau
are not shown in this study (see Supplementary Figures 5 and 6) as their analyses led to the same
conclusions. We thus re-ran the analysis with layer 10 for different context lengths (in tokens): 1,
5,10, 15, 50, and full context. In Figure 5, we depict for subjects 1, 2, and 3 how the average brain
score behaves as a function of context length.

We observe that the average brain score increases steadily with the context length in the at-
tended condition (i.e., a significant increase from 15 tokens to the full context condition, Wilcoxon
signed rank test, W = 4166, W = 14259, p < 0.001, Bonferroni-corrected a« = 0.05/6, for subject 1
and 2, respectively). This steady increase did not happen for subject 3 beyond five tokens. In the
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Figure 4. Full vs. no context brain scores across Mistral layers for both attended and unattended conditions. (a), (c) and (e) depict (for
subjects 1, 2, and 3, respectively) the full context (blue curve) and no context (light blue curve) trial-electrode averaged brain scores across
Mistral layers when using the attended word embeddings. (b), (d) and (f) depict (for subjects 1, 2, and 3, respectively) the full context (blue curve)
and no context (light blue curve) trial-electrode averaged brain scores across Mistral layers when using the unattended word embeddings.
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respectively) the attended (blue) and unattended (red) average brain scores across trials and electrodes using different context lengths. The
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unattended condition, the brain score increase stops at 10 tokens (no significant increase from
10 to 15 tokens, Wilcoxon signed rank test, W = 4603, W = 10842, p = 0.23, p = 0.06 for subjects 1
and 2, respectively). Then it decreases (significant decrease from 15 to 50 tokens, Wilcoxon signed
rank test, W = 2936, W = 7593, p < 0.001, p < 0.001, Bonferroni-corrected a« = 0.05/6, for subjects
1 and 2, respectively). This steady increase did not happen for subject 3 beyond five tokens. This
finding suggests for subjects 1 and 2 that, while some context information about the unattended

conversation is encoded in the brain response, its length is shorter than that of the attended con-
versation.

Discussion

In this study, we explored to what extent contextual LLM-based linguistic features can predict brain
responses to speech in a multi-talker listening environment. Furthermore, we characterized the
range of context encoded in the brain when a conversation is attended or unattended.

In Result 1, we showed that the LLM gradually learns contextual information when increasing
the layer index, and we found that this improved the brain score until a plateau is reached. The per-
formance then decreases, potentially because Mistral-7B is a generative LLM, which means it will
output an answer to a text input. In late layers, the embeddings may thus incorporate more infor-
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mation related to the generated response and unrelated to the input prompt, which could explain
the decrease in the brain score in later layers. We found this for the attended condition but also, in
the case of subject 1, for the unattended condition. Although brain scores reach a lower-magnitude
plateau, this suggests contextual tracking without attention. Anderson et al. (2024) performed a
similar analysis combining features extracted from an ASR model (i.e., Whisper), the word surprisal
from an LLM (i.e., GPT-2), and the speech envelope with its first derivative. They demonstrated
that later Whisper layers were more accurate EEG predictors for the attended stream, providing
an added value over the speech envelope and its first derivative. Moreover, they found a unique
contribution of the word surprisal, and the speech envelope with its derivative to predict the re-
sponse measured by certain electrodes. This suggests a non-contextual and contextual tracking
of the attended stream. On the other hand, the unique contribution of the word surprisal and of
Whisper deep layers disappeared for the unattended stream, suggesting the absence of contextual
information encoded in the brain.

Additionally, an earlier EEG study using linear models demonstrated no lexical processing when a
speaker was unattended (Brodbeck et al., 2018). We explain our different conclusions with the low
SNR of EEG recordings. Multiple studies demonstrated the ability of LLM-generated features to be
good predictors of the brain response in single-talker paradigms, notably with fMRI (Caucheteux
etal., 2023; Antonello and Huth, 2024) and ECoG (Goldstein et al., 2022; Mischler et al., 2024). Our
current finding expands the understanding of contextual encoding in a multi-talker scenario, by
suggesting that some contextual linguistic information from the unattended speaker is being pro-
cessed in the brain, and on a shorter time scale than for the attended speaker. This is the first time
it is done with LLM-generated features, and it also questions earlier EEG findings, setting the limits
of such recording modality.

In Result 2, we highlighted that the model uses contextual information to better predict the

brain response. We compared the brain score across layers with either the full trial context fed to
Mistral or only the token of interest. We found no brain score increase over layers in the latter case.
Although Mistral-7B has also been shown to have predictive power for ECoG responses to single-
talker speech, and to benefit from contextual information (Mischler et al., 2024), our approach for
this second result can be criticized. Mistral is trained to learn a representation of words within a
given context, and there is uncertainty about what information remains in the word-embedded
representation if only one token is provided. An alternative would be to use models that are not
optimized on contextual information. For example, Goldstein et al. (2022) implemented a similar
regression task, using non-contextual (static) word embeddings generated with the GloVe model
(Pennington et al., 2014), and showed significant brain prediction scores without contextual infor-
mation. As previously mentioned, Anderson et al. (2024) used the speech envelope and its first
derivative, which could also be used as a non-contextual acoustic control. An obvious disadvan-
tage would be the acoustic dominance of these features, and a larger uncertainty about what in-
formation is being used by the model to predict the brain response, while static word embeddings
provided by the layer 0 of Mistral-7B, or the GloVe model only contain the word onset timing and
the word frequency.
Despite this caveat, the present result reveals two important points: (1) a prediction score increase
past layer 0 is due to context, and (2) the difference in layer O between attended and unattended
without context shows that there is a difference in non-contextual information encoding across
attentional states.

In Result 3, we explored multiple context lengths to characterize if the attended and unattended
context encoding were in the same length range. We found that for subjects 1 and 2, the unat-
tended context length tracked reached a plateau earlier than that of the attended. Varying the
context length provided to models has been done in multiple ECoG studies for single speaker ex-
periments with LLMs (Mischler et al., 2024; Goldstein et al., 2022), also demonstrating a gradual
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increase of the brain scores when increasing the context length. A recent EEG study (Anderson
et al., 2024) investigated how ASR-extracted features relate to the brain response in a multi-talker
environment. In line with previous EEG findings (Brodbeck et al., 2018), the authors did not find
any linguistic contribution for the unattended stream, which contradicts our current findings for
subjects 1 and 2. We explain this divergence with the low SNR of EEG, leading to minimal contri-
butions of linguistic features to the EEG response, even in single-speaker paradigms compared to
acoustics or lexical segmentation features (Gillis et al., 2021; Puffay et al., 2023). For subject 3, we
did not find the same context length tracking for both the attended and unattended. Two potential
explanations are: (1) the number of electrodes is minimal in the frontal lobe (see Supplementary
Figure 3) which contains areas encoding context (Caucheteux et al., 2023), and (2) the electrodes
are less responsive, leading to poorer brain scores than in subjects 1 and 2 (see Supplementary
Figure 4).

Attention and context are complex phenomena that, when brought together, pose a lot of ques-
tions. First and foremost, although ECoG and sEEG provide highly localized brain responses with a
high signal-to-noise ratio (SNR), our study includes only three subjects, making it difficult to draw
general conclusions. Additionally, subject 3 did not exhibit the same pattern, potentially due to lim-
ited electrode coverage or reduced responsiveness. Nonetheless, the results reveal a compelling
pattern regarding contextual tracking across attentional states that warrants further investigation.
The limited electrode coverage also limited our ability to identify neuro-anatomical patterns re-
lated to the impact of attention on context. To have a homogeneous coverage across subjects,
and if fast brain responses are not of interest, fMRI might offer an alternative to investigate neuro-
anatomical insights using LLMs (e.g., Antonello et al., 2023; Caucheteux et al., 2023).

Besides discrepancies in electrode coverage between subjects, attention might not be a very lo-
calized phenomenon. We can think of attention as operating on different levels, such as acoustic
attention, (sub-)lexical attention, and semantic attention. As a result, various brain areas involved
in speech processing may be influenced by attention.

However, our text-based features lack acoustic details like tone, accent, and volume. While fo-
cusing solely on (sub-)lexical and linguistic information offers valuable insights into how these as-
pects are encoded, some brain regions might primarily respond to acoustic features of speech
(O'Sullivan et al., 2019), limiting our ability to capture localized attention effects. A potential solu-
tion could be to combine this analysis with Automatic Speech Recognition (ASR) models like Whis-
per (Radford et al., 2022; Anderson et al., 2024), allowing us to incorporate acoustic information
while adjusting for context in the word embeddings.

Bearing that LLM embeddings are possibly restricted in terms of acoustic representation, it is
not well-known which information is represented in LLM embeddings. For instance, we observed
a difference between the first layer's brain score of the attended and unattended conversations.
Although no studies have investigated the information contained in the Mistral-7B layers specifi-
cally, the firstlayer of transformer-based language models is known to produce non-contextualized
word embeddings. Factorizing contextual from non-contextual prediction scores by subtracting
the contribution of the first layer is thus a possible approach towards more interpretable LLM
analyses. To control for non-contextual information, models such as GloVe can also be used to
generate non-contextual word embeddings (Goldstein et al., 2022), and their prediction scores
can be used as a baseline to quantify the non-contextual component. Additionally, to better un-
derstand what information is contained in each layer of an LLM, a more controlled dataset could
be used (e.g., invariant syntax but different semantic information), and factorize Mistral activations
into different representation classes (e.g., lexical, syntactic, or contextual linguistics) (Caucheteux
et al., 2021).

In conclusion, this study presents significant insights into how contextual linguistic features

10 of 15


https://doi.org/10.1101/2025.04.24.648897
http://creativecommons.org/licenses/by-nc/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2025.04.24.648897; this version posted April 24, 2025. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made

303

304

305

306

307

308

309

310

312

313

314

315

316

317

318

319

320

321

322

323

324

325

326

327

328

329

330

331

332

333

334

335

336

337

338

339

340

341

342

343

344

345

346

347

348

349

available under aCC-BY-NC 4.0 International license.

from LLMs, specifically Mistral-7B, can predict ECoG responses to speech in a multi-talker environ-
ment. By characterizing the contextual information encoded across attentional states, we gained a
deeper understanding of auditory attention, which had previously ignored the contextual compo-
nent of linguistic tracking. Our modeling approach could be applied to perform auditory attention
decoding, which usually uses acoustic speech features, or to further explore the neural mecha-
nisms of attention with a broader electrode coverage and more participants.

On a broader scope, characterizing context encoding could be used to measure speech under-
standing objectively. One could, for instance, imagine evaluating the context encoding when lis-
tening to a foreign language or degraded speech.

Methods and Materials

Subjects and neural data

We used data from a previous study (Choudhari et al., 2024), including 3 subjects, of whom one
(subject 1) was from Irving Medical Center at Columbia University, and two (subjects 2 and 3)
were from North Shore University Hospital. All participants were undergoing clinical treatment
for epilepsy and provided informed consent per the local Institutional Review Board (IRB) regula-
tions. Neural data were collected as subjects performed the task with ECoG. Subject 1 only had
SEEG depth electrodes implanted over their left brain hemisphere. Subjects 2 and 3 had sEEG
depth electrodes as well as subdural ECoG grid electrodes implanted over the left hemispheres of
their brains (see Figure 2).

Subject 1's neural data was recorded using Natus Quantum hardware at a sampling rate of
1024 kHz, and subjects 2 and 3's neural data were recorded using Tucker-Davis Technologies (TDT)
hardware at a sampling rate of 1526 Hz. The left and right channels of the audio stimuli played
to the participants via earphones were also recorded in sync with neural signals to facilitate the
segmenting of neural data into trials for further offline analysis.

Neural data preprocessing

Following Choudhari et al. (2024), neural data was first resampled to 1000 Hz, then a common
average reference was performed to reduce recording noise. The neural data was then further
downsampled to 400 Hz. Line noise at 60 Hz and its harmonics (up to 180 Hz) were removed using
a notch filter. The notch filter was designed using MATLAB's fir2 function and applied using filtfilt
with an order of 1000. To extract the envelope of the high gamma band (70 - 150 Hz), the neural
data were first filtered with eight Gaussian filters, each with a width of 10 Hz, spaced consecutively
between 70 and 150 Hz. The envelopes of the outputs of these filters were obtained by computing
the absolute value of their Hilbert transform. The final envelope of the high gamma band was
obtained by computing the mean of the individual envelopes yielded by the eight filters and further
downsampling to 100 Hz.

Experiment Design

The experiment included 28 multi-talker trials, each with an average duration of 44.2 seconds (SD
= 2.0 seconds). As shown in Figure 1 (a), each trial featured two simultaneous and independent
conversations, which were spatially separated and moved continuously within the frontal half of
the subject’s horizontal plane (azimuth range: -90 ° to +90 °). The intensity of both conversations
remained equal and constant throughout the experiment, the participants adjusted the overall
mixture volume to a comfortable level at the beginning of the task. Both conversations had the
same power (RMS); all talkers in the conversations were native American English speakers. Diotic
background noise (Barker et al., 2015; Spahr et al., 2012) — either non-stationary noise (i.e., street
noise, people chatter, honking) or stationary noise (babble)— was mixed in with the conversations
at a power 9 or 12 dB lower than the conversation stream (25% of trials with babble -9 dB, 25%
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with babble -12 dB, 25% with pedestrian -9 dB and 25% with pedestrian -12 dB).

In these conversations, different talkers alternated speaking. As illustrated in Figure 1 (b), in
the attended conversation, a talker switch occurred at the 50% mark of the trial duration. For the
unattended conversation, two talker switches happened—one around the 25% mark and the other
near the 75% mark. Both conversations included occasionally repeated words as part of a 1-back
detection task, with these repeated words strategically chosen to avoid overlap in time between
the two conversation streams. A repeated word was created by duplicating the talker's voice wave-
form for that word. On average, the interval between the onset of two repeated words within a
conversation was 7.0 seconds (SD = 1.0 seconds). The assignment of male and female talkers to
different segments of the conversations was counterbalanced across trials to ensure equal dura-
tions of concurrent conversations with either the same or different genders.

Behavioral data

The push-button responses of subjects to repeated words in the conversation they were follow-
ing were used to determine which conversation the subject was attending. A repeated word was
considered correctly detected only if a button press occurred within two seconds of its onset. As re-
ported in Choudhari et al. (2024), 67%, 75%, and 73% of the repeated words in the cued (attended)
conversation were correctly detected for subjects 1, 2, and 3, respectively. In contrast, only 8%, 6%,
and 1% of the repeated words in the uncued (unattended) conversation were correctly detected,
suggesting that there were instances when subjects may have been attending to the unattended
conversation as well.

Large language models to generate word representations

In this study, we did our analyses using Mistral-7B (Jiang et al., 2023), which led to the highest
brain response prediction scores in a study comparing different open source LLMs to generate
word embeddings used as ECoG predictors (Mischler et al., 2024). Mistral-7B is an LLM based on
a transformer architecture (Vaswani et al., 2017). It possesses seven billion parameters and 32
layers. We downloaded the model from the Hugging Face platform.

For each trial of both the attended and unattended speech streams, we fed the corresponding
transcripts to Mistral-7B and extracted the embeddings of each layer. For each trial, the resulting
dimensions were, therefore, T x D x L, with T the number of tokens, D the dimension of each
embedding (i.e., 4096 for Mistral-7B), and L the number of layers (i.e., 32). We picked the last token
for multi-token words to align our token embeddings with words, since it contains the full word's
context. For experiments that varied the context provided to Mistral, we truncated the attention
mask to include only the previous M tokens, M being the defined context length.

Ridge regression mapping from embeddings to neural responses.

To evaluate how predictive of different brain responses the LLM word embeddings are, we imple-
mented ridge regressions to map the different layer embeddings of Mistral to different electrode
responses in the brain of our subjects (see Figure 2). We selected 200 ms windows for each elec-
trode to capture word responses, considering seven different lags starting at word onset, with a
stride of 50 ms, thus covering a 500 ms span post-word-onset. We temporally averaged neural
responses in frames of 200 ms and used ridge regression to predict (averaged) neural responses
from the model embeddings as a function of lag. For each trial transcript, layer-specific word em-
beddings were computed with varying context lengths specified further.

Thus, for each trial, lag, and electrode, we fitted a ridge regression model with leave-one-trial-
out cross-validation to predict the average word responses from the embeddings of each layer of
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Mistral-7B. The choice to leave out a trial minimizes the possibility of a context leakage that the
model could learn instead of the actual response-language relationship. For each training fold, we
swept over a range of regularization parameters (log space between 10~ and 10*). We restricted
our analyses to the one lag leading to the highest average prediction scores across layers for every
subject: 200 to 400 ms post-word onset.
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