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SUMMARY

The core use of human language is to send complex ideas from one mind to another. In everyday conversa-
tions, comprehension and production are intertwined, as speakers and listeners alternate roles. Nonetheless,
the neural systems underlying these faculties are typically studied in isolation, using paradigms that cannot
capture interactive communication. Here, we used fMRI hyperscanning to simultaneously record dyads
engaged in real-time conversations. We used language model embeddings to quantify the degree to which
production and comprehension systems rely on shared neural representations, both within and across brains.
We found that both processes key into overlapping neural systems, with similar neural tuning for both pro-
cesses, spanning the cortical language network. Speaker-listener coupling extended beyond the language
network into areas associated with social cognition. Our results suggest that the neural systems for speech
comprehension and production align with common linguistic features encoded in a broad cortical network

for language and communication.

INTRODUCTION

Everyday language relies on two fundamental processes: pro-
duction and comprehension (e.g., speaking and listening). While
these may seem different and are often studied separately, there
is evidence for shared representations and mechanisms be-
tween them.'~° However, to truly test the overlap between these
neural systems, we need to explicitly model their linguistic repre-
sentations and study dyads in real-time interactive conversation
who engage in both speaking and listening. Recent advances al-
lowed us to address these points by using large language
models (LLMs) as explicit computational models of brain activity
during real-time conversations using fMRI hyperscanning.

Prior studies on the similarity between production and
comprehension neural processes have only indirectly tested
their overlap. These studies typically use different tasks for
speaking and listening and then compare whether the same
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brain region is activated for both. For example, Awad and col-
leagues’ localized brain regions for comprehension using a
contrast between listening to regular speech versus rotated
speech and regions for production by contrasting activity during
counting versus speaking. Contrast-based approaches may find
the same region involved in both processes,® but this does not
inform us about the similarity between their representations.
Some studies used a two-brain approach, such as speaker-
listener coupling, as a data-driven test of similarity.>® However,
intersubject correlation methods are fundamentally content-
agnostic—they cannot tell us “what” is shared between brains
or processes. Other studies use an adaptation paradigm to
probe for syntax and semantics.”'® However, these methods
do not require a generalized computational model in a predictive
framework."" To quantify linguistic representations shared be-
tween communicators, we need an explicit model of linguistic
features.”> Here, we aimed to use explicit features to
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quantitatively compare the underlying representations across
production and comprehension.

Encoding models have recently been used to quantify linguistic
features encoded in neural activity during passive language
comprehension'®"® and, less commonly, language produc-
tion."®'® LLMs have been shown to have similarity judgments
comparable to humans'??° and have internal linguistic represen-
tations that are more similar to the human brain than any other
model during language comprehension.”'=>* By leveraging the
rich linguistic representations from LLMs, encoding models can
identify the components of neural activity that encode linguistic
features. These methods have begun to lend further support for
the integrated view of neural representations for production and
comprehension both within subjects'®'® and across subjects'?
during real-time dialogue. For example, Zada and colleagues'?
used contextual embeddings from an LLM as an explicit, shared
model mediating speaker-listener neural coupling during real-
time conversations in electrocorticography (ECoG). They lever-
aged the temporal resolution of ECoG to identify the temporal dy-
namics of coupling between speaker and listener. While that
study focused on how speaker and listener are aligned to shared
linguistic space, here we aim to quantify the functional overlap
between the neural systems for language production (speaking)
and comprehension (listening). Furthermore, we use whole-brain
fMRI to overcome the limited spatial coverage of ECoG, which in
large part excluded the right hemisphere and midline areas asso-
ciated with narrative comprehension and social cognition. Finally,
most studies using LLM embeddings for encoding analyses have
only been applied to comprehension, and those that include pro-
duction only do so while recording from one subject.

In real-time dyadic conversations, production and comprehen-
sion are contemporaneous and interleaved. Production is often
spontaneous, and comprehension must be proactive, as listeners
must be ready to respond in a relevant way as they process the
incoming speech.?>?® Conversation is unique in that it requires
coordination in the form of interactive alignment®” and agreement
on meaning through common ground.”®° Conversation is also
arguably the most fundamental setting of language use. It is
universal to human societies, does not require specialized skills
(e.g., literacy) or technologies (e.g., telephones),®' and allows
people to go well beyond simple stimulus-response signaling to
share and shape each other’s representational thought through
language. However, previous research has decoupled production
and comprehension, using separate tasks and stimuli for each
process, controlled paradigms (e.g., rehearsed speech and
covert production), and isolated linguistic contexts. This raises
the question of whether these paradigms fully capture the neural
systems for real-time, interactive conversation.**** Here, we are
able to directly compare linguistic processing during active con-
versation versus “passive” listening, where only comprehension
is necessary.

Conversational language is fundamentally a social process.
Previous work has investigated production-comprehension
coupling across subjects using a sequential, asynchronous pro-
tocol: first recording a subject speaking and then playing the
speech back to multiple listeners at a later time.*®3*°° Using
content-agnostic measures, these studies find that during
communication, the speaker’s neural activity is coupled to that
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of the listeners in regions associated with both comprehension
and production. Moreover, the strength of speaker-listener
coupling is related to outcome measures of comprehension. Hy-
perscanning paradigms, where researchers simultaneously mea-
sure neural processes during dyadic social interactions using two
MRI scanners, are uniquely suited to studying language usage in
interactive social settings®>*°*® and can inform the extent of
shared neural mechanisms and speaker-listener alignment.*”®
Here, we extend previous work®® using asynchronous para-
digms, where subjects passively listen to a recording of the
speaker, to investigate the coupling of neural systems for produc-
tion and comprehension in real-time, interactive conversations.
In this paper, we developed an fMRI hyperscanning paradigm
to simultaneously measure whole-brain activity in dyadic pairs of
subjects engaged in free-form, interactive conversations across
a range of prompted topics. We used these data to answer five
questions: first, we aimed to directly quantify the degree of over-
lap of linguistic representations across different brain areas
associated with language, moving beyond identifying brain re-
gions that are involved in both speech production and speech
comprehension. By combining encoding models with word em-
beddings that broadly capture linguistic structure, we can
formally quantify overlap between production and comprehen-
sion in terms of the functional tuning of linguistic features for a
given brain area. Functional tuning refers to a set of encoding
weights across model features indicating the extent to which
different features predict a given voxel’s activity.*® We hypothe-
sized that production and comprehension processes will sub-
stantially overlap, in terms of functional tuning, in mid- and
high-level regions of the language network, with minimal overlap
in early perceptual and motor regions (Figure 1B). Second, we
also collected fMRI data where the same subjects simply
listened to a 13-min story. This allowed us to test the similarity
between comprehension while only listening and production
and comprehension during conversation. We also predicted
that some functional tuning would be shared whether one is
actively listening in a conversation and preparing to respond
or if they are passively listening to a narrative—but that interac-
tive conversation relies on unique linguistic features not fully
captured by story-listening encoding models. Third, we tested
what features in the communication signal explained the neural
coupling. Based on prior literature, we expected that the contex-
tual word embeddings from LLMs would best capture a broad
range of linguistic features encoded in neural activity, over other
low-level features. Fourth, we used the real-time, dyadic conver-
sations paradigm to compute model-based coupling between
the speaker’s and listener’s brains. We expected to find
speaker-listener coupling in language areas, but coupling was
in fact strongest in areas associated with social cognition.
Finally, we explored the spatial and temporal dynamics of
speaker-listener coupling. These questions were uniquely test-
able in our dataset of simultaneous recordings of brain activity
in two individuals engaged in real-time, interactive conversa-
tions. Capitalizing on the whole-brain coverage of fMRI and the
rich linguistic structure captured by LLM embeddings, we gain
valuable insights into how successful conversations depend
on shared language representations between production and
comprehension across various cortical regions.
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A hyper-scanned fMRI conversation collection paradigm
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(A) We collected fMRI data simultaneously from pairs of subjects as they engaged in interactive, prompted conversations.

(B) We aimed to quantify the overlap of production and comprehension processes using an explicit computational model.

(C) We extracted LLM word embeddings from each conversation transcript and used them as encoding model features to predict the subject’s brain activity. We
split the regressors into separate time series for production (blue) and comprehension (orange).

(D) Finally, we evaluated the performance of production and comprehension time points separately in a held-out test run of different conversations.

RESULTS

We aimed to model production and comprehension processing
within and between brains during free-form, turn-based conver-
sations. We used hyperscanning to collect simultaneous fMRI
data in 30 dyads (60 subjects) as they freely discussed ten topics
across five ~6 min runs (Figure 1A).*® Topic prompts were pre-
sented as a starting point, but each dyad was free to pursue
the discussion differently, resulting in 30 unique conversations
(Table S1). To characterize the linguistic content in the blood-ox-
ygen-level-dependent (BOLD) signal, we explicitly represented
the language stimuli with several different feature spaces:
confound variables (e.g., word rate), spectral acoustic features,
phonemic articulatory features, and word embeddings extracted
from GPT-2.°° With reference to LLM embeddings, we use the
terms “linguistic structure” and “linguistic features” inclusively
to refer to the representations of grammar, word meaning, and
context learned by LLMs in order to produce natural language.
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Then, we used banded ridge regression to estimate a linear map-
ping from the model features onto the BOLD activity at each ver-
tex'*+°175% (Figure 1C). To evaluate the models, we correlated the
model-predicted and actual BOLD time series for left-out runs
for each feature space and for production or comprehension
time points separately (Figure 1D). Finally, we averaged the
model performance correlations across subjects for all analyses.
Statistically, we evaluated the average using a one-sample
t-test, correcting for multiple comparisons over all ~75k cortical
vertices. To summarize our results, we averaged the encoding
performance across vertices within 11 regions of interest
(ROIs) spanning an extended language network, from low-level
auditory and articulatory areas to high-level semantic areas:
early auditory cortex (EAC), posterior and anterior superior tem-
poral gyrus (pSTG and aSTG), inferior and middle frontal gyri (IFG
and MFG), somatomotor cortex (SM), supplementary motor area
(SMA), frontal opercular (FOP), intraparietal sulcus (IPS), tempor-
oparietal junction (TPJ), and posterior medial cortex (PMC).
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Figure 2. Within-subject speaking and
listening encoding performance

(A) Encoding model performance of the separate-
weights model for production and comprehension
relative to the control feature spaces.

(B) We summarized the un-thresholded encoding
performance of the shared- and separate-weights
models in 11 ROIs spanning the extended lan-
guage network, averaged across left and right
hemispheres. Error bars indicate the standard
error of the mean over parcels within each ROI.
See also Figures S5 and S6 and Table S3.

during production are also likely to be
well predicted during comprehension
(r=0.712, p < 1e-5). To quantify whether
production and comprehension encod-
ing rely on shared or divergent weights,
we compared the performance of the
shared-weights and separate-weights
models. We found that across all 11
ROls, 80% of encoding performance
can be attributed to shared functional
tuning rather than idiosyncratic produc-
tion- or comprehension-specific variance
(Figure 2B). Peripheral regions for speech
perception (EAC) and speech articulation

EAC pSTG aSTG IFG  FOP MFG  SM  SMA  IPS TP PMC (SM) showed the least shared tuning,
shared mEE production separate production ma'lntalnmg modality-specific represen-
weights = comprehension weights comprehension tations. These results suggest that

Contextual embeddings capture both production and
comprehension
We first validated that we can successfully model brain activity
during spontaneous production and comprehension in our hy-
perscanning paradigm. To do so, we built two models to quantify
linguistic processing and to measure the cortical overlap be-
tween production and comprehension. In one, we constrained
the model to learn one set of shared weights for production
and comprehension for all feature spaces. In this model, a vertex
must code for both processes with the same functional tuning
(i.e., shared weights) to be well predicted. In the second model,
we split all regressors into separate sets for production and
comprehension, allowing the model to learn separate weights
for each process (Figure 1C). We treat the confound, acoustic,
and phonemic feature sets as nuisance variables and report
only the LLM contextual embedding performance. We first
inspect the performance of the second, more flexible model,
which we expect to outperform the unified constrained model.
Using the more flexible model with separate weights for pro-
duction and comprehension, we found significant within-subject
encoding performance throughout the core language network:
STG, IFG, and MFG for speech production and speech compre-
hension (Figure 2A). Moreover, encoding performance extended
bilaterally to higher-level regions like TPJ and PMC. We found
considerable spatial overlap between encoding performance
for production and comprehension—i.e., vertices well predicted

cortical activity during both production

and comprehension keys to similar
features captured by the LLM embeddings throughout the lan-
guage network. Higher-level language areas are more likely to
show overlap because they do not need to represent acoustic
or motor features present in peripheral regions, whereas
lower-level areas show less overlap because speech processing
and articulatory planning occur at the peripherals of the pro-
cessing hierarchy.

We observed several qualitative differences across tasks, re-
gions, and hemispheres. First, overall encoding performance ap-
pears higher in the right STG and TPJ than in the left-hemisphere
homologs. Second, overall encoding performance appears
stronger for production, especially in bilateral PMC and right
TPJ. Third, encoding performance for comprehension appears
stronger and more bilateral in STG than in production. Despite
these differences, the overall encoding performance suggests
that LLM embeddings provide a rich basis for modeling linguistic
encoding throughout much of the cortex.

Story-listening comprehension shares a subset of
linguistic features with interactive production and
comprehension neural systems

In addition to the hyperscanning conversations paradigm, we
recorded participants as they listened to a 13-min story in a
separate scanning session. This presented a unique opportu-
nity to compare linguistic processing during spontaneous
production, (inter)active comprehension, and non-interactive
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production
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comprehension. Specifically, we aimed to test the shared pro-
cessing between passive listening and active comprehension
and production. To do so, for each subject, we estimated a
comprehension encoding model using the story data only and
then evaluated the fitted model on the subject’s conversation
data. We extracted the same four feature spaces from the story
and evaluated the model performance similarly to the conversa-
tion models.

We found significant within-subject generalization perfor-
mance from the passive listening paradigm to the conversational
paradigm for production and comprehension (Figure 3). General-
ization to conversational comprehension was stronger than to
production. However, both were lower than when training on
conversational data, capturing only a portion of the variance as
training on conversations—even when equating their training
data (Figure S1). Training on conversation data resulted in an in-
crease of +41% in average encoding performance for compre-
hension and an increase of +49% for production. A paired
t-test found a significant difference (p < 0.00212) between sub-
jects’ average vertex encoding performance when training on
conversation or story. Generalization performance was more
bilateral than performance based on the conversational para-
digm. An overlapping set of regions was well predicted, particu-
larly STG during comprehension and PMC during production.
Notably, generalization was poorer for IFG and MFG compared
with temporal regions. Though incomplete, generalization from
passive comprehension to both production and comprehension
in a conversation context provides further evidence for a com-
mon subset of linguistic features that span both processes, while
still highlighting the boost in these systems during active, natu-
ralistic communication.

Contextual embeddings outperform other features of
speech and language

Our modeling framework allows us to test different hypotheses
about features of brain activity during production and compre-
hension by comparing the performance of different models. So
far, we have only reported the performance of the contextual
word embeddings from a pre-trained language model. However,
we can decompose the joint model performance into the relative
contribution from each feature space. Here, we report the perfor-
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Figure 3. Encoding models trained on pas-
sive listening partially generalize to neural
responses during conversations
Participants passively listened to a 13-min story in
a separate scanning session before the hyper-
scanning procedure. We estimated encoding
models using the same four feature spaces from
this passive listening-only dataset. Then we eval-
uated how well they generalize to data acquired
during conversational production and compre-
hension conversations. Here, we present only the
performance of the contextual embedding feature
space, after testing for significance and correcting
for multiple comparisons. We found significant
encoding performance in STG and PMC, which is
significantly weaker than when training on con-
versations.

See also Figures S1 and S7.

mance of each feature space and then use a variance partition-
ing analysis to compute the unique variance predicted by the
contextual LLM embeddings.

We found that during both production and comprehension,
the contextual LLM embeddings outperformed all other feature
spaces regarding correlation strength and cortical coverage
(Figures 4A and S2). Among the lower-level control feature
spaces, we observed that the acoustic features were the most
predictive, especially in EAC and STG. By contrast, the articula-
tion band was least predictive throughout all regions (likely due
to collinearity with the better-fitting acoustic space). Moreover,
the confounding variables were most predictive in SM, EAC, and
aSTG. These regions are likely to exhibit large signal fluctuations
between speech production or comprehension and are more
susceptible to regressors such as word rate.

Next, we performed a variance partitioning analysis
isolate the unique variance explained by the contextual LLM
embeddings. We use hierarchical regression to compare a full
model with all features and a nested model excluding the fea-
tures of interest. In this analysis, the full model is composed
of the LLM contextual embeddings (L), acoustic (A), and articu-
latory phonemic (P) features, resulting in encoding performance
RL ap. The nested model is the same, except that it excludes
the LLM contextual embeddings from the predictors. There-
fore, the unique contextual variance can be calculated as
UL = R_ap—Rap (displayed as U v in the figure). The contex-
tual embeddings accounted for unique variance bilaterally
across all previously reported brain regions (Figure 4B).
Together, these results suggest that while part of the variability
in brain activity can be predicted by acoustic speech features,
the contextual word embeddings of LLMs provide unique pre-
dictive power, especially in higher-order regions. By precisely
quantifying the extent of the embeddings’ advantage in each
region of interest, we replicate previous findings that contextual
word embeddings outperform simpler linguistic features'??*
and that semantics are more predictive than syntax or
phonology”®? by precisely quantifying the extent of the em-
beddings’ advantage in each region of interest. Crucially, this
also demonstrates that our encoding model is able to “decom-
pose” the neural activity into a linguistic component that is
separate from acoustic and phonetic-related activity.

15,54,55 to
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We compared the variance explained by LLM embeddings with other linguistic feature spaces.
(A) The joint encoding performance of the full model was decomposed into the contribution of each space separately for production and comprehension. Error
bars indicate standard error of the mean for the LLM band only, over voxels within each ROI.

(B) We performed a variance partitioning analysis within subjects to quantify

the unique contribution of LLM word embeddings. We trained one full encoding

model with all features and a nested model with all features, excluding the LLM word embeddings. Then, we subtracted the nested model performance from the

full model to quantify the unique variance explained by the LLM embeddings.

See also Figure S2.

Model-based brain-to-brain coupling between
conversational partners
When two people converse, we expect their brain activity to
align along certain shared features between speech production
and comprehension.®>®'%*” Consider a face-to-face conversa-
tion: neural activity may align on linguistic features (e.g., the
meaning of words) and non-linguistic features (e.g., gestures
and facial expressions). To isolate linguistic features of shared
brain activity across brains, we estimated encoding models
from LLM embeddings (jointly with control features) and evalu-
ated how well models trained on one subject generalize to their
conversational partner. Specifically, given subject A and their
conversational partner, subject B, we correlated subject A’s
production model predictions with subject B’s actual compre-
hension neural responses (Figure 5A). This analysis enabled
us to test whether subject A’s encoding models in one conver-
sational role can generalize and predict their partner’s neural re-
sponses in the other conversational role, vertex by vertex.'*°
Our previous results showed that production and comprehen-
sion rely on similar brain regions and share similar linguistic fea-
tures within subjects. This analysis reveals areas where produc-
tion and comprehension are linguistically coupled between
subjects.

We found significant model-based speaker-listener coupling
for LLM embeddings in the right hemisphere along pSTG, ex-

tending into the TPJ, the MFG, and bilaterally in the precuneus
in PMC (Figure 5B). Because the trained encoding model has
to generalize to another subject’s brain performing a different
process (production versus comprehension), the overall magni-
tude of the correlation is lower. Interestingly, this model-based
linguistic coupling appears right-lateralized (in right-handed sub-
jects). While relatively few vertices in left-hemisphere language
areas were significant, we observed strong coupling in right-lat-
eralized temporal areas and in bilateral PMC. For example, brain-
to-brain coupling for LLM embeddings was found in the right
TPJ, a structure commonly associated with mentalizing and so-
cial cognition.®®®" Thus, unlike within subjects, where we find
broad and bilateral model-based coupling (e.g., in STG, IFG,
and PMC), model-based coupling between speaker and listener
relies on right-lateralized pSTG and TPJ regions and bilateral
precuneus, which are regarded as higher-order cognition areas.
We also correlated the functional tuning of voxels (encoding
model weights) across all pairs of subjects to compare between
actual and pseudo-dyads. We found weight similarity across
many language areas between actual dyads and pseudo-dyads,
with greater alignment within actual dyads (Figure S3). This sug-
gests that certain features in the high-dimensional embedding
space are shared across conversations, and these may
afford communicators a generalized linguistic understanding.
Some features particular to individual conversations may be
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Figure 5. Model-based speaker-listener coupling
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(A) Schematic of model-based coupling (MBC). We use the already-trained encoding models from subject A’s production data to predict subject B’s time series
during comprehension. We correlate subject A’s model predictions with subject B’s time series separately for production and comprehension to obtain two

correlations per subject per trial.

(B) We average production and comprehension coupling correlations to obtain a group map of MBC.

See also Figure S3.

intertwined with, or sit on top of, those for language processing,
and these may afford high-level situation model representations
that underlie mutual understanding.

Spatial and temporal network structure in model-based
conversational coupling

So far, we have restricted the scope of speaker-listener coupling
in both spatial and temporal dimensions for simplicity: we have
only considered coupling between one brain area in the speaker
and the homologous area in the listener, and we have only
considered instantaneous, or “zero-lag,” coupling between
partners. The reality is much more complicated. For example,
activity in some areas of the speaker’s brain may be coupled
to activity in different regions of the listener’s brain, and in
some cases, the speaker’s brain may precede that of the
listener.®'? Here, we briefly explore variations in coupling along
both of these axes. Since vertices are plentiful, adding spatial
and temporal dimensions would exponentially increase the num-
ber of comparisons. Thus, we constrain this exploratory analysis
to the 11 discussed ROls.

We first assessed how well a model trained on the speaker’s
brain activity in one ROI generalizes to the listener’s brain activity
across all other ROls. We did this by averaging the predicted and
actual time series within each ROl across its vertices. This gener-
ated an inter-regional generalization matrix that summarizes the
speaker-listener coupling across all ROl pairs at lag 0 (Figure 6A).
We observed that the right hemisphere is more connected be-
tween speaker and listener than the left hemisphere. Moreover,
some areas are relatively uncoupled from other regions (e.g.,
SM), whereas others are coupled with multiple areas (e.g.,
pSTG). Interestingly, this matrix has no clear diagonal, meaning
that speaker-listener coupling across areas is similarly strong (or
weak) to coupling between homologs.

780 Neuron 114, 774-787, February 18, 2026

To investigate temporal variation in linguistic coupling, we
cross-correlated the predicted time series in subject A with the
actual time series of subject B at varying lags (building off of
Figure 5A). This resulted in a temporal profile of interregional
model-based speaker-listener coupling for each ROI pair (484).
A carpet plot of these profiles sorted by their peak lag suggests
different clusters of temporal coupling (Figures 6B and S4).
Most pairs of regions exhibit peak coupling at lag 0 + 3 s (e.g.,
TPJ, PMC, and FOP). For a subset of region pairs, the speaker’s
brain precedes the listener’s brain. For example, the speaker’s
left MFG and SMA precede the listener’s brain activity (e.g., the
speaker’s MFG precedes the listener’s pSTG). In another subset
of region pairs, the listener’s brain appears to precede the
speaker. For example, the speaker’s right aSTG and pSTG tend
to lag behind the listener’s brain activity (e.g., the speaker’s
aSTG lags behind the listener’s pSTG). These results suggest
that linguistic coupling between conversation partners is spatially
and temporally extended.

DISCUSSION

The neural systems involved in speech production and compre-
hension may require different processes, but they must
converge on similar representations. After all, a shared linguistic
space is necessary to align the linguistic information across the
speaker’s and listener’s brains. In this paper, we aimed to quan-
tify the extent to which production and comprehension rely on
shared neural machinery during natural conversations. Our find-
ings revealed that speech production and comprehension recruit
similar brain areas and shared linguistic representations
when engaged in natural conversation (Figure 2). The brain’s lin-
guistic processing during passive story listening generalizes to
spontaneous speech production and comprehension during
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(A) We extend the speaker-listener model-based coupling results (Figure 5) along two dimensions. First, we correlate a speaker’s model-based prediction

(averaged across vertices within ROIs) to all ROls in the listener.

(B) Second, for each pair of ROls (a total of 484 pairs across both hemispheres), we cross-correlate the speaker’s predicted time series and the listener’s actual
time series to extend coupling temporally. Rows are ordered by the lag at which they achieve maximum encoding performance.

See also Figure S4.

conversations (Figure 3). However, passive encoding perfor-
mance was significantly weaker and missed key frontal language
areas compared with when training on active conversations. The
model comparison analyses demonstrated that contextual em-
beddings from an LLM better capture the linguistic features
shared between production and comprehension than other
candidate models (Figure 4). Finally, our model-based coupling
analysis revealed brain-to-brain production-comprehension
coupling in high-level cortical areas, particularly right-hemi-
sphere areas associated with social cognition (Figure 5). Our re-
sults extend previous work by explicitly modeling the linguistic
features encoded in brain activity, by simultaneously recording
interacting participants in free-form conversations, and by quan-
tifying the overlap in speech production and comprehension
across the entire cortex. Overall, our results suggest that speech
comprehension and speech production systems align on a set of
shared, intermediate features, allowing the brain to translate be-
tween the two processes effectively.

We identified a unified language network with shared weights
engaged during production and comprehension in real-time con-
versations. Encoding models have become essential for map-
ping linguistic features (e.g., acoustic, syntactic, and semantic
features) to brain activity. Many recent studies have applied
them during passive language comprehension,'*15:22724.62-64
However, only a handful of recent studies have begun leveraging
encoding models for spontaneous language production and
active comprehension,'® ' and even fewer have simultaneously
recorded two participants engaged in dialogue.'*®® Our encod-
ing models were able to predict neural responses during sponta-
neous speech production and comprehension (Figure 2A). We
found that brain regions that can be predicted during speech
production can also be predicted during comprehension, similar
to previous findings in ECoG'%?? and fMRI."” Building on this

result, we directly tested the amount of overlap between these
neural systems by constraining the encoding model to share
weights—i.e., use the same functional tuning to predict both pro-
duction and comprehension brain activity. We found that most
brain regions exhibited shared linguistic representations be-
tween production and comprehension (Figure 2B). The features
shared between the neural systems for production and compre-
hension are best captured by the contextual word embeddings,
relative to control features (e.g., acoustic and phonemic fea-
tures). LLMs encode a variety of linguistic features related to
words, grammar, and contextual meaning in a high-dimensional
embedding space. We believe these embeddings capture what
is meaningful about the content—the linguistic, semantic, and
social representations —that people share when they communi-
cate. This provides evidence for an overlap between speech pro-
duction and comprehension, which relies on a unified and
shared language network. Part of this common network consti-
tutes well-established language regions®® and extends into
general systems responsible for interactive social cognition.
We also found a production-comprehension overlap in low-level
perceptual and motor areas (e.g., EAC and SM), suggesting
that modality-specific areas may be more localized than previ-
ously thought. By using natural conversations, we were able to
demonstrate how participants engage these neural processes
in real-world, interactive communication®”-°® that embodies the
principles of ecological validity in social neuroscience.®?:%%5°
Our data allowed us to test a novel contrast of language use
for each subject: in one case only using one’s comprehension
system while listening to a story and in the other using both pro-
duction and comprehension systems to engage in conversa-
tion. We leveraged this to apply a conservative test: whether
comprehension-only neural processing is related to production
and comprehension systems during conversation. Using
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encoding models trained on the story-listening data, we found
that they generalized across paradigms to both production
and comprehension during conversation (Figure 3). This sug-
gests that even for highly different linguistic contexts/tasks
(i.e., passive comprehension versus active conversation), there
are some linguistic features that are processed similarly, espe-
cially in the superior temporal cortex. On one hand, this implies
that certain brain areas process a core set of linguistic features
regardless of usage. On the other hand, this result implies that
the degree of representation overlap in certain brain regions
(e.g., IFG) depends on the way language is used. For example,
the active comprehension required by real-time communica-
tion—like inferring the speaker’s intended meaning or planning
a response—may elicit deeper linguistic processing that is
uniquely captured by models trained on conversational data.

Advances in simultaneous neuroimaging allowed us to move
beyond asynchronous protocols of speaker-listener coupling
to real-time, turn-taking conversations.”>*> Our hyperscanning
paradigm allowed us to simultaneously record brain activity during
speech production and speech comprehension in two interacting
subjects. Whereas landmark studies were limited to relating a sin-
gle subject’s production to multiple subjects’ comprehension re-
sponses acquired at a later time,*® our paradigm engages each
subject’s production and comprehension processes in an (inter)-
active, real-time, turn-taking conversation. We found that conver-
sations recruit more brain regions and different representations
than non-interactive paradigms (Figure S1). Similar to studies of
asynchronous communication, we observed production-compre-
hension coupling in PMC, pSTG, and TPJ (Figure 5B). These
studies found more speaker-listener coupling in lateral left-hemi-
sphere language areas than our findings. This difference is likely
due to our real-time, dyadic conversation paradigm, compared
with their asynchronous monologue design. Extra-linguistic fea-
tures of conversation, such as situational or social factors, conver-
sational dynamics (e.g., turn-taking), and other contextual struc-
tures may play an outsized role in this paradigm, and resolving
the communicative challenges raised in these contexts may rely
more heavily on the right hemisphere. While we did not observe
strong speaker-listener coupling in the left hemisphere, this
absence of an effect does not indicate that there is no coupling
at all. Zada and colleagues,'® for example, found extensive
speaker-listener coupling in the left hemisphere using the fast
temporal resolution with ECoG. The slow temporal resolution of
fMRI and the short turns during conversations (i.e., quick produc-
tion-comprehension switches) may make it difficult to capture this
activity. Another possibility is that left-hemisphere language areas
are more topographically idiosyncratic across individuals,”® re-
sulting in mismatched vertex-level coupling. Subject-specific lan-
guage localizers and a more nuanced connectivity analysis may
better capture linguistic coupling across subjects.

We speculate that interactive communication, where partners
must actively listen and figuratively “speak to” one another’s
thoughts and intentions, may engage the social brain in a way
that traditional language paradigms do not. Historically, language
processing—both comprehension and production processes—
has been associated with the left hemisphere.”'~"® On the other
hand, both ISC analyses’® and encoding models'* tend to yield
largely bilateral maps during natural language comprehension.
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In this study, we observed brain-to-brain linguistic coupling in
the right-lateralized superior temporal cortex, TPJ, and prefrontal
cortex, as well as the bilateral precuneus and posterior cingulate.
This result indicates that the same features that mediate between
comprehension and production processes within a brain are
also partly shared across individuals. However, these areas are
not simply right-hemisphere homologs of typical language re-
gions.®®"” In the neuropsychology literature, the right hemisphere
has been associated with affective, prosodic, and paralinguistic
features of speech, as well as pragmatic and discourse-level pro-
cessing that unfold over longer timescales, relative to the left
hemisphere.”®%* Neuroimaging work has generally corroborated
these findings.®>® For example, Yarkoni and colleagues® re-
ported a very similar set of regions to ours, including right TPJ
and bilateral posterior cingulate and precuneus, involved explic-
itly in tracking narrative comprehension across sentences. Inter-
estingly, several of these areas overlap with regions often associ-
ated with mentalizing and other aspects of social cognition,®®°"
highlighting the key role that the social brain may play in real-
time, naturalistic social interactions. We suspect that right-hemi-
sphere brain regions, in particular, pick up on socially relevant lin-
guistic features within the word embedding space'® that are
shared between speakers. Future work is needed to relate the
extent of neural alignment between conversation partners and
conversational content or behavioral outcomes.

Limitations of the study

Our study has some limitations worth noting. First, our hyper-
scanning conversation paradigm imposes certain restrictions
on the “naturalness” of the data. Real-world conversations are
typically face-to-face and use multiple communication channels
beyond language (e.g., facial expressions and body language).
These are not accessible in an MRI machine. Our paradigm al-
lowed subjects to spontaneously share their thoughts given an
open-ended prompt, speak for as long as they wanted within
the trial, and explicitly exchange turns. However, necessary lim-
itations of an fMRI paradigm (e.g., talking in an fMRI machine, not
face-to-face, and with an on-screen countdown) may have
induced additional neural processes (e.g., task monitoring) that
differ from those occurring during truly spontaneous, naturalistic
conversation. That said, we do not expect that additional pro-
cesses impact our brain-to-brain coupling results because of
our strict confound modeling and the unlikely possibility that
they contain a predictable signal from word embeddings. More-
over, speakers were required to press a button to transfer the
mic to their partner. This procedure deviates from face-to-face
conversation and could minimize processes related to turn-tak-
ing management, such as prediction and preparation.’” We sus-
pect that without the constraint of passing the mic, production
and comprehension processes may overlap to a greater degree.

Conclusion

LLMs are trained to predict the next word in large text corpora.
After training, these models can generate increasingly fluent,
surprisingly meaningful language, one word at a time, by sam-
pling from a probability distribution of upcoming words. These
models do not have dedicated systems for comprehension or
production resembling anything like the human brain. Why do
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these models capture neural activity so well during language
comprehension and production? The architecture, objective
function, and end-to-end training regime of an LLM constrain
the model to learn representations for “comprehension” that
are intrinsically useful for “production” in a continuous input-
output loop. This is distinct from both (1) cognitive architectures
where the production system scaffolds comprehension®® and (2)
cognitive architectures where both production and comprehen-
sion systems key into an amodal conceptual system.®* We spec-
ulate that this constraint, which forces language models to learn
shared representations that are useful in pursuing its objective
function of producing real-world linguistic outputs in response
to real-world linguistic inputs, may yield embeddings that can
capture brain activity during both comprehension and produc-
tion. While the brain has specialized systems for perception
and production, our findings suggest that much of the brain’s
language machinery occupies a middle ground similar to LLM
embeddings: multimodal, active representations with mixed fea-
tures for both comprehension and production.
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EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Participants

Thirty dyads (N = 60 participants) engaged in real-time conversations while they were simultaneously scanned with fMRI hyperscan-
ning. These data are a subset of a larger dataset collected with additional conditions and participants.“® Participants were recruited
from Princeton University and received monetary compensation for their participation. All participants provided informed consent in a
manner approved by the Princeton University Institutional Review Board. Eligibility requirements included: must be 18 years or older,
right-handed, and with normal or corrected vision. Of the 58 included participants, 41 were female, and the average age was 20.74
(minimum 18, maximum 36). Participants reported their race or ethnicity as African American = 8, Asian = 19, Caucasian = 26, Oth-
er = 5. Sex and gender were not considered in any analyses because we did not expect any differences in encoding performance or
brain-to-brain coupling based on these variables. One dyad was excluded due to an unexpected scanning issue that resulted in fewer
conversations than others.

METHOD DETAILS

Design
Two participants at a time arrived at two fMRI scanners in adjacent rooms. The participants did not know each other before the
experiment but briefly met before entering the scanners. Participants were instructed to engage in prompted conversations across
five runs. Prompts were specifically designed to increase the level of intimacy of conversations across the runs, and are based on
stimuli from Aron and colleagues'%? (Table S1). Each run was 13:36 minutes long and consisted of four trials. We only used two trials
of each run because the other two trials were not spontaneous conversations, and were used for a different experiment. Each trial
was 03:21 minutes long and started with the topic prompt displayed on screen for 9 seconds, followed by the conversation for 180
seconds, and ended with 12 seconds of a fixation cross (Figure 1). The participant who would start speaking first was randomly
assigned. Once a participant finished their utterance, they were instructed to press a button to “pass the virtual mic” to their conver-
sational partner. When a participant had the virtual mic, the screen displayed the text “your turn to speak, when you want to pass the
mic, press '1’”, followed by a countdown timer displaying the number of seconds left. When listening, the screen showed “your turn
to listen”, followed by the same countdown timer. Participants were instructed to fill the entire three minutes. After all runs, partic-
ipants filled out a survey answering questions about the level of enjoyment, similarity, and closeness they felt during their
conversations.

To get a sense of the language used in the conversations, we collated the part-of-speech category across all words (Table S2). We
found that pronouns are most common, followed by verbs and nouns. We also aimed to estimate repeated words within conversa-
tions, specifically between utterances. We used the ROGUE NLP metric to compute unigram and bi-grams similarity between each
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pair of utterances. The score is normalized between 0 and 1, with higher scores indicating higher similarity (overlap) between utter-
ances. We averaged the ROGUE score across 1,551 pairs of utterances. For unigrams, we obtained a score of M=0.244, std=0.148;
and for bigrams, we obtained a score of M=0.055, std=0.051. This suggests that while speakers sometimes use the same words, they
rarely use them in the same bigrams. Given the low likelihood of participants using the same words in the same context when re-
sponding to their partner, we don’t expect this to influence brain-to-brain coupling.

MRI acquisition

We recorded neuroimaging data using 3T Siemens Skyra and 3T Siemens Prisma MRI systems. Both machines were configured using
the same scanning parameters. Functional scans were acquired with whole brain coverage in interleaved order: 3.0 mm slice thick-
ness, 3.0 x 3.0 mm in-plane resolution, flip angle = 80°, TE = 28 ms, TR = 1500 ms, multiband acceleration factor = 2. A T1-weighted
image was acquired for anatomical reference: 1.0 x.0 x 1.0 mm resolution, 176 sagittal slices, flip angle = 9°, TE =2.98 ms, TR =
2300 ms. To minimize head movement, the subjects’ heads were stabilized with foam padding.

Conversation audio transcription

Each three-minute audio segment was transcribed, aligned, and diarized (assigned unique speaker labels) at the word level using
WhisperX®® —an automatic speech recognition tool. We used the faster-whisper-large-v2 model and set the minimum and maximum
speakers to two. Each resulting transcription consisted of each word spoken, its onset and duration, and the identity of the speaker.

fMRIPrep preprocessing
Results included in this manuscript come from preprocessing performed using fMRIPrep 20.2.
1.5.1'9%"%% and Nilearn 0.6.2."%"

T1-weighted images were corrected for intensity non-uniformity (INU) with N4BiasFieldCorrection,'®® distributed with ANTs
2.3.3,"% and used as a reference throughout the workflow. The T1 reference was then skull-stripped with a Nipype implementation
of the antsBrainExtraction.sh workflow (from ANTSs), using OASIS30ANTSs as target template. Brain tissue segmentation of cerebro-
spinal fluid (CSF), white-matter (WM) and gray-matter (GM) was performed on the brain-extracted T1 image using fast (FSL 5.0.9'%").
Brain surfaces were reconstructed using recon-all (FreeSurfer 6.0.1'°%), and the brain mask estimated previously was refined with a
custom variation of the method to reconcile ANTs-derived and FreeSurfer-derived segmentations of the cortical gray-matter of Mind-
boggle.'® Individual cortical surface reconstructions were aligned to the fsaverage6 surface template (40,962 vertices per hemi-
sphere) based on sulcal curvature.''°

0,%%1% which is based on Nipype

Functional data preprocessing

For each of the 6 BOLD runs found per subject (across all tasks and sessions), the following preprocessing was performed. First, a
reference volume and its skull-stripped version were generated. A deformation field to correct for susceptibility distortions was esti-
mated based on fMRIPrep’s fieldmap-less approach. The deformation field is constructed by co-registering the BOLD reference to
the same-subject T1 reference with inverted intensity.''"*''? Registration is performed with antsRegistration (ANTs 2.3.3), and the
process is regularized by constraining deformation to be nonzero only along the phase-encoding direction, and modulated with
an average fieldmap template.’'® Based on the estimated susceptibility distortion, a corrected BOLD reference was calculated
for a more accurate co-registration with the anatomical reference.

The BOLD reference was then co-registered to the T1w reference using FreeSurfer’s bbregister, which implements boundary-
based registration.''* Co-registration was configured with six degrees of freedom. Head-motion parameters with respect to the
BOLD reference (transformation matrices, and six corresponding rotation and translation parameters) were estimated before any
spatiotemporal filtering using mcflirt "S- 592 115 BOLD runs were slice-time corrected using 3dTshift from AFNI 20160207.""° The
BOLD time series were ultimately resampled onto the fsaverage6 surface template using FreeSurfer’'s mri_vol2surf. Resampling
was performed with a single interpolation step by applying a single, composite transform to correct for head motion, slice-timing,
susceptibility distortions, and normalization to the surface template. All subsequent analyses were applied to the vertex-level func-
tional data in surface space; our use of the term “vertex” is otherwise synonymous with the use of “voxel” in volumetric analyses (e.g.,
“voxelwise encoding models”).

Several confounding time series were calculated while preprocessing the BOLD data: six head motion parameters, framewise
displacement (FD), and a set of physiological components. FD was estimated for each functional run by computing the absolute
sum of relative motions.""” FD was calculated for each functional run using the implementation in Nipype.''” The three global signals
are extracted within the CSF, the white matter, and the whole-brain masks. Additionally, a set of physiological regressors were ex-
tracted to allow for anatomically constrained component-based noise correction (aCompCor''®). Principal components are esti-
mated after high-pass filtering the preprocessed BOLD time series using a discrete cosine filter with 128s cut-off. We retained 10
aCompCor components, five estimated from a white matter mask, and five from a CSF mask.

Confound and head motion correction

A typical fMRI signal cleaning pipeline involves regressing out nuisance variables from fMRIPrep’s output from the BOLD signal
across an entire run or scan.''¥'?? Nuisance variables include head motion (e.g., rigid-body motion parameters), physiological noise
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(e.g., cardiac fluctuations), and scanner noise (e.g., signal drift). However, our hyperscanning paradigm with freely alternating speech
production and comprehension between subjects requires additional task-related nuisance variables.

From fMRIPrep confounds, we chose the six head motion variables, all available cosine variables, and the top five components
from aCompCor for white matter and CSF masks, separately. This resulted in 26 nuisance regressors. Next, we added five regressors
based on the task structure (see the previous Design section). Three boxcar regressors were initialized with zeros across the entire
run and populated with ones for (1) indicating the two different trial types, (2) indicating turn to speak, and (3) indicating turn to listen.
Two indicator regressors were initialized with zeros and filled with ones when either (1) the subject pressed the button to end their
turn, or (2) their conversation partner pressed the button (the instructions on the screen switched each time a button was pressed).
These regressors were convolved with an HRF to account for the hemodynamic response using Nilearn’s gim.first_level.glover_hrf
implementation. Finally, all confound variables were passed to Nilearn’s signal.clean function to detrend, regress out the variables,
and z-score the time series.

Defining cortical regions of interest

In order to summarize results across the cortex, we first aggregated the 40,962 vertices in each hemisphere into 180 parcels from a
widely-used Glasser multimodal parcellation.'® Then, we defined an extended parcel-level language network from four primary sour-
ces: a collection of functionally defined language regions,”° a probabilistic atlas based on language localizer tasks in 806 subjects,'**
an activation map corresponding to the “language” topic from NeuroSynth, '>® and an intersubject correlation map (ISC) based on 345
subjects listening to natural stories.”® We thresholded the probabilistic atlas at p=0.10, the NeuroSynth map at t=0.10, and the inter-
subject map at r=0.10. We overlaid these four maps to form an extended “meta” map of language areas (Figure S5A).

We grouped the 55 parcels within this final brain map into 11 regions of interest based on their spatial proximity and previously
identified groupings (Figure S5B; Table S3). Specifically, following the networks identified by Glasser and colleagues, '*® we identified
the following regions: early auditory cortex (EAC), posterior and anterior superior temporal gyrus (pSTG, aSTG), inferior and middle
frontal gyri (IFG, MFG), somatomotor cortex (SM), supplementary motor area (SMA), frontal operculum (FOP), intraparietal sulcus
(IPS), temporoparietal junction (TPJ), and posterior medial cortex (PMC). Finally, given that the maps derived from prior studies
may be biased toward comprehension tasks, we defined a somatomotor region of interest we expect to be involved in language pro-
duction.® Note that we are deliberately defining a more inclusive “language network” than prior work’® to explore both more periph-
eral perception (e.g., EAC) and production (e.g., SM) areas, as well as higher-level areas that may be involved in narrative and social
cognition (e.g., TPJ, PMC).

Linguistic features for encoding analysis

In vertex-wise encoding analysis, we use ridge regression to learn a linear model mapping from a set of explicit features (i.e., design
matrix) to the observed brain activity.>' We first re-represent the language task and stimulus in one or more feature spaces. We
defined several feature spaces from the conversation stimuli to build these design matrices.

Task structure and nuisance variables

We computed four low-level variables from each transcript that could affect the BOLD signal.’* For each TR, we quantify the word
rate (number of words in a TR), phoneme rate (number of phonemes in a TR), word occurrence (some TRs contained no words), and a
variable indicating whether it was the subject’s turn to speak or listen. The word and phoneme rates were continuous, while the word
onset and indicator variables were binary.

Acoustic spectral features

For each pair of subjects, we had one audio recording of the entire conversation that was recorded from one mic at a time and
switched upon button presses indicating the end of turn. We computed acoustic features from the speech audio files.® Specifically,
we used the WhisperFeatureExtractor class from the HuggingFace®® library with the default settings to extract a spectral represen-
tation of the audio. This function uses a short-time Fourier transform to compute a mel-filter bank of 80 features that represent the
spectral power density on a Mel log scale. Note that these features likely capture more than just acoustic features because they were
recorded in MRI machines with different noise characteristics, and were saved into one file from two sources. Thus, at minimum, it
also encodes information about the conversation turns.

Articulatory phonemic features

Following de Heer and colleagues, '® we quantify the articulatory features of speech based on the phonemes in the transcript. Spe-
cifically, we used the CMU pronunciation dictionary (http://www.speech.cs.cmu.edu/cgi-bin/cmudict) to obtain the phonemes asso-
ciated with each word in the transcript. We then constructed the articulatory features for each phoneme based on the place and
manner of consonants, and voicing of vowels. This resulted in a binary vector of 22 features for each phoneme.

Large language model features

We extracted word embeddings from the large language model GPT-2 XL*° using the HuggingFace library.°® For each 3-minute con-
versation transcript, we first converted all words to GPT-2 tokens. We then passed these tokens as input to the LLM using the full
context window (1024 tokens; the context increases as more tokens are available later in the conversation), where they were con-
verted to 1,600-dimensional token embeddings and passed through the decoder layers. We extracted the activations from the mid-
dle (24th) layer to serve as contextual word embeddings.
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QUANTIFICATIONS AND STATISTICAL ANALYSIS

Encoding model construction and evaluation

Encoding models were the core analytical approach we took to estimating linguistic content in the BOLD signal.”’ For all analyses, we
used kernel ridge regression to prevent overfitting, and banded ridge regression to find different regularization parameters for each
feature space separately.®” Banded-ridge regression has an in-built “feature-space selection mechanism” that allows it to apply
different regularization penalties to each feature space, thus selecting some submodels while suppressing others®® (e.g., redundant
spaces). In the case of highly correlated feature spaces, the encoding model may split the variance between them, or assign variance
to only one. We used variance decomposition to quantify the relative importance of each feature space. This has been shown to
reduce spurious correlations between features spaces and stimulus correlations.®® We used the MuitipleKernelRidgeCV class
from the himalaya library®® to perform cross-validation within the training set to select the best regularization parameter per feature
space. All results we report on encoding performance were evaluated on a held-out test sample.

Design matrix construction

Each 3-minute conversation (trial) consisted of a 120-TR BOLD time series. With two trials per run (240 TRs) and five total runs, we
had atotal of 1,200 TRs per subject. Thus, our design matrix had 1,200 rows. The initial number of columns was based on the selected
feature spaces for each analysis. For example, for the full joint model (Figure 1), we used five feature spaces: task (8 dimensions),
acoustic (80), articulatory (22), and contextual embeddings (1,600). Stimuli features that were defined on the word or token level
were averaged within TRs (e.g., LLM embeddings). Then, we split each feature space into two groups, for production or comprehen-
sion, and filled the gaps between one process and the other with zeros.

Model definition

We used a Scikit-learn'?® pipeline to define the full encoding model. The pipeline consisted of three main steps before model fitting.
First, the regressors were mean-centered using StandardScaler. Then, each feature space was duplicated and shifted by 2-5 TRs (3—
7.5 s) to account for the hemodynamic lag in the BOLD signal.'* Finally, because the design matrix was wider than it is long, we used
the kernel method to solve the ridge regression in its dual form.®® Specifically, we used a linear kernel for each feature space sepa-
rately before fitting the model.

Model fitting and evaluation

We used cross-validation to evaluate each model on a held-out test sample. Specifically, we defined five folds, based on the five runs,
to fit a model on four runs (960 TRs), and tested it on the held-out run (240 TRs). We repeated this procedure five times, testing each
run in turn, and then averaging the encoding performance across the five runs. Each run contained unique conversations based on
different prompts.

Banded ridge regression allows us to perform variance decomposition: evaluating each feature space separately relative to all the
others. To do this, the joint predicted time series on the held-out run can be decomposed into one time series per feature space.”®
Similarly, the encoding model performance (i.e., the correlation between the predicted and actual time series) can be split into one
correlation for each feature space. Importantly, we segmented the actual and predicted time series into production and comprehen-
sion TRs to obtain their separate correlations for each process. Moreover, because of the hemodynamic response, some TRs may be
affected by both processes. Thus, we selected the exclusive set of TRs where there is no overlap. To evaluate the unique (as opposed
to relative) variance accounted for by LLM word embeddings, we used variance partitioning. In this analysis, nested regression
models are fit, one with the feature of interest (LLM embedding) and one without. By comparing the performance of both models,
we calculate the unique variance explained by that feature. If a model L is fully collinear with other models, then the unique variance
it explains, U, will be 0.

Finally, we confirmed that head motion degrades encoding performance and that there is considerably more head motion during
speech production than comprehension (Figure S6).

Statistical significance
We tested whether a vertex’s encoding performance correlation is statistically significant by using a two-sided, one-sample t-test, as
implemented in SciPy.®” All p-values were corrected for multiple comparisons by controlling the false discovery rate (FDR'?").

Speaker-listener model-based coupling

We used the already-trained encoding models to evaluate the model-based coupling between conversation partners. The intuition
behind this evaluation is to correlate one subject’s model-predicted time series with their conversational partner’s actual time series
(as opposed to correlating it with their own actual time series). In effect, this simultaneously tests whether the model can generalize
from one subject to another and from one process to another (e.g., production to comprehension).*® Thus, we use the same evalu-
ation procedure as described before, except with one major change. For each voxel, we correlate a subject’s predicted time series
with their partner’s actual time series for the same voxel. Critically, we use the predictions from all feature spaces and compute the
relative encoding performance of the LLM contextual embedding feature space only. By applying the same evaluation procedure as
within-subject, we control for variance that can be explained by the nuisance feature spaces. When testing model-based coupling
across regions and time (Figure 6), we first extract speaker turns that are at least 9 seconds long in order to exclude turns that are
too short.
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Story-listening task and analysis

Prior to hyperscanning acquisition, participants listened to a ~13-minute story (“I Knew You Were Black” by Carol Daniel). Three
participants did not complete this task and were excluded from this particular analysis. We used the same procedures as described
above for conversations for the story, including MRI acquisition parameters, BOLD preprocessing, confound regression, linguistic
features, and encoding model construction, training, and evaluation. However, there were two differences. First, the confound
regression did not include any design structure variables. Second, we did not split regressors because the story is only comprehen-
sion—thus this model corresponds to the shared-weights model for conversations. We conducted an additional analysis to rule out
the possibility that the RH lateralization is due to an idiosyncratic factor related to our scanning protocol or processing pipeline. We
computed ISC between each pair of participants using the story listening task (although this task has no inherent pairing of partic-
ipants, we used the dyads in conversations to better relate to our brain-to-brain coupling analysis). We found that the ISC during story
listening is not lateralized to the RH. Since this data is acquired and preprocessed using the same processes as the conversation
fMRI data, we are more confident that the RH lateralization we observed is more likely due to the interactive conversation paradigm
(Figure S7).

Software resources
In addition to the software mentioned throughout the Methods, we used Surfolot'?® for visualizing brain maps.
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