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Abstract

Prediction is central in human language processing, as
the brain continuously predicts upcoming words using
prior knowledge and context. Surprisal theory quan-
tifies predictability using word surprisal. While previ-
ous studies link neural activity to surprisal during pas-
sive listening or reading, we investigate how surprisal is
tracked in dynamic face-to-face conversations. Two key
challenges arise: estimating surprisal as well as identi-
fying predictions in EEG data in natural conversation.
We address the first challenge by adapting a pre-trained
large language model to a dataset of spontaneous con-
versation capturing features like hesitations and repe-
titions. We then relate the surprisal estimated by the
adapted model to EEG data using temporal response
functions. Our experimental results show neural track-
ing of surprisal at different time lags after word onset,
supporting the surprisal theory in face-to-face conver-
sation. To the best of our knowledge, we are the first
to address the application of surprisal theory in such
interactive settings.
Keywords: Surprisal, EEG, Temporal Response Func-
tion, Natural Conversations

Introduction
During a spoken conversation, the human brain pro-
cesses what other persons are saying while simultane-
ously preparing a response, effortlessly enabling a reply
in less than half a second once the speaker finishes. The
predictive coding theory (Rao & Ballard, 1999; Friston,
2005) offers an explanation for this ability, which requires
real-time language understanding to keep up with the
rapid pace of speech -two to three words per second-
(Ryskin & Nieuwland, 2023). This framework views hu-
man thought and behavior as a result of constant pre-
dictions carried out by the brain. From this perspec-
tive, during a conversation, a person constantly makes
predictions about what their interlocutor will say next,
drawing from both the context and their prior knowl-
edge encoded in an internal generative model (Wang et
al., 2023).

The surprisal theory (Hale, 2001; Levy, 2008) is a
computational theory of language processing that pro-
vides a strong formalization of predictability (Pickering
& Gambi, 2018). This theory posits that the cognitive
effort required to process a word is proportional to its
surprisal (Shannon, 1948), a measure of a word’s pre-
dictability given its context (calculated as the negative

logarithm of the conditional probability). The surprisal
theory is supported by different studies that demon-
strated the existence of a correlation between a word’s
surprisal and language processing difficulty (Oh, Clark,
& Schuler, 2022) estimated by behavioral measures such
as reading time (Smith & Levy, 2013; Kliegl, Nuth-
mann, & Engbert, 2006; McDonald & Shillcock, 2003;
Monsalve, Frank, & Vigliocco, 2012) or neural measures,
such as neural responses to individual words (Frank &
Willems, 2017; Kutas & Hillyard, 1984; Frank, Otten,
Galli, & Vigliocco, 2015).

However, most studies on surprisal theory have fo-
cused on passive tasks, where participants were en-
gaged in activities that primarily involved language un-
derstanding. This includes reading sessions (Haller,
Bolliger, & Jäger, 2024; Dambacher, Kliegl, Hofmann,
& Jacobs, 2006) or listening to narratives (Willems,
Frank, Nijhof, Hagoort, & Van den Bosch, 2016; Heil-
bron, Ehinger, Hagoort, & De Lange, 2019), with very
few studies exploring the plausibility of this theory in
more interactive situations, such as during a sponta-
neous conversation where both language understanding
and production are involved. Additionally, as the sur-
prisal and predictive coding theories are grounded on
predictability, a major question arises: How can we ef-
ficiently estimate the probability of different linguistic
features in a way that aligns with human language pro-
cessing? While earlier works relied on probabilities esti-
mated through experimental procedures (e.g. Cloze Task
(Taylor, 1953)) or by leveraging advancements in NLP
like Recurrent Neural Networks (Goodkind & Bicknell,
2018; Bhattasali & Resnik, 2021), recent studies have
entirely shifted toward the use of Large Language Mod-
els (LLMs) (Michaelov, Bardolph, Van Petten, Bergen,
& Coulson, 2024; Oh & Schuler, 2023). These models,
with their billions of parameters trained on extensive
corpora, demonstrate remarkable language comprehen-
sion and generation capabilities (Minaee et al., 2024),
which has motivated their application in studying phe-
nomena related to human language and its neural basis
(Michaelov et al., 2024; Oh & Schuler, 2023).

Yet, LLMs are predominantly trained on written data
(e.g. text scraped from Wikipedia and social media)
which limits their ability to fully capture the unique
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characteristics of natural speech. Spoken conversations
are marked by distinctive phenomena such as turn tak-
ing, hesitations, filled pauses, repetitions, and other dis-
fluencies, which are either poorly represented or entirely
absent in the training corpora of most LLMs. Therefore,
to effectively study language prediction in interactive
contexts, such as natural spoken conversations, LLMs
must be adapted to these conversational settings. This
adaptation would allow for a more accurate exploration
of prediction phenomena within natural dialogue.

In contrast to other studies that rely on passive tasks
such as listening and reading, we present a study focused
on the brain correlates of prediction mechanisms in a
more interactive context: face-to-face spoken con-
versation. We developed a new conversational model
by adapting a pre-trained large language model to spo-
ken interactions, which we then leveraged to investigate
the neural correlates of two linguistic features: Surprisal
and Word Onset. Our results suggest evidence in support
of the surprisal theory in interactive settings, reflected
as an early and late neural tracking of word surprisal.

Related Work
Brain correlates have been studied using different ap-
proaches. In Brennan and Hale (2019), the authors em-
ployed multiple regression to determine which model of
linguistic expectations most accurately represents EEG
brain activity. Further, brain correlates of linguistic phe-
nomena can be studied using a technique known as Tem-
poral Response Functions (TRFs) (Ding & Simon, 2012).
The core idea is to identify the relationship between lin-
guistic predictors and EEG (or MEG) signals (Crosse,
Di Liberto, Bednar, & Lalor, 2016; Brodbeck & Simon,
2020). In this approach, a linguistic predictor is rep-
resented as a continuous signal, and a corresponding re-
sponse function is learned. This response function, when
combined with the predictor, generates a prediction of
the brain signal. The function is learned by training
a model that maps the input (predictor) to the output
(brain signal).

Early studies using TRFs revealed a connection be-
tween the speech spectral envelope and brain oscillatory
dynamics across different frequency bands. For instance,
the rhythm of the acoustic signal has been found to
influence the rhythm of brain activity (Lalor & Foxe,
2010; Wong et al., 2018; Brodbeck et al., 2023). More
recent research has focused on the influence of various
linguistic predictors, ranging from low-level (e.g. word
onset, position, and frequency) to higher-level features
(e.g. surprisal, precision, and similarity). Among high-
level linguistic features, the surprisal has long been a
key tool in psycholinguistics (Hale, 2001) for assessing
the difficulty of integrating a word into its context, as
reflected in neural activity. Several studies have shown
that cortical activity tracks word surprisal (Weissbart,

Kandylaki, & Reichenbach, 2020; Chalehchaleh, Winch-
ester, & Di Liberto, 2025; Broderick, Di Liberto, An-
derson, Rofes, & Lalor, 2021). These studies have re-
vealed several key effects. Notably, when surprisal is
high, a response is observed around 450 ms, primarily
in EEG channels over the temporal and occipital re-
gions of the left hemisphere (Weissbart et al., 2020).
This effect is present across multiple frequency bands
(delta, beta, gamma) and is thought to reflect the brain’s
predictive mechanisms. Statistical significance is deter-
mined by comparing the observed results to a baseline
function that shuffles surprisal values (Weissbart et al.,
2020; Chalehchaleh et al., 2025). Several studies have
also explored estimating word similarity within context
to gauge the amount of new linguistic information in-
troduced by a word (Broderick, Anderson, Di Liberto,
Crosse, & Lalor, 2018; Heilbron, Armeni, Schoffelen,
Hagoort, & De Lange, 2022; Gillis, Vanthornhout, Si-
mon, Francart, & Brodbeck, 2021). Gillis et al. (2021)
found that different linguistic representations (includ-
ing surprisal) explain neural responses beyond acous-
tic responses to speech, while Broderick et al. (2021)
showed different neural correlates of word surprisal be-
tween younger and older persons.

Data
We used the SMYLE corpus1, an audio-video and neuro-
physiological corpus in French (Boudin et al., 2023). It
contains 16 hours of recordings, with 30 pairs of par-
ticipants engaged in dyadic 1) face-to-face storytelling
followed by 2) a free conversation task. The storytelling
consists of three successive narratives: #1 retelling a
video clip (the pear story (Watson-Gegeo, 1981)), #2
narrate the pitch of a movie/book/video game and #3
narrate favorite vacation. The storytelling task com-
prises two listening conditions: “attentive” or a “dis-
tracted” listener (between-subject design). In normal
condition, listeners were instructed to carefully listen to
the storytelling and freely react. In the distracted con-
dition, listeners received the supplementary instruction
to count all words produced by the storyteller, which
starts with the sound /t/, without the storyteller dis-
covering this hidden task. This study uses a subset of 25
dyads (50 participants) of SMYLE (12.92 hours), and
focus exclusively on the storytelling task (6.6 hours),
where one participant assumes the role of a listener, re-
sulting in minimal noise in the EEG data. The corpus
includes enriched orthographic transcription (Blache et
al., 2017), segmented into Inter-Pausal Units2 (IPUs).
These transcriptions include information such as laugh-
ter, repetitions, disfluencies, broken words, elisions. The
transcriptions were subsequently standardized and seg-
mented into tokens, aligned with the audio signal using

1https://www.ortolang.fr/market/item/smyle
2a segment of speech delimited by pauses of 200 ms
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the SPPAS software3 (Bigi, 2012, 2015).

Quantifying Linguistic Features
In our study, we are interested in the neural correlates of
two linguistic features: Surprisal, a high-level feature
which we estimated using an LLM fine-tuned on spo-
ken conversational data, and Word Onset, a low-level
feature marker of word boundaries.

Data Preparation for Fine-tuning
For fine-tuning the language model, we used the tran-
scriptions from both the storytelling and free conver-
sation tasks. Standardized IPUs were used, preserving
all present disfluencies, such as repeated or truncated
words. We aimed to maintain the data as natural as
possible to enable the model to capture a wide range
of characteristics inherent in human spontaneous con-
versation. To form a conversational turn, we grouped
one participant’s IPUs until a production from the other
participant occurred.

The model was fine-tuned using samples consisting of
10 consecutive turns separated by the ’<p>’ marker. The
training dataset was constructed using a sliding window
approach (stride = 10) and further augmented with a
modified version of Weighted Random Sampling where
additional training examples were constructed by taking
10 turns starting from a randomly sampled turn in the
dataset. The samples were then shuffled to ensure ran-
dom ordering. Twenty-one dyads were used for training
(555,458 token), 2 for cross-validation (8055 tokens), and
2 for testing (7388 token).

Fine-tuning Conversational LLM
To estimate word probabilities in our experiment, we
used a French version of GPT-2 adapted for natural con-
versation. Specifically, we used the base version of GPT-
fr (Simoulin & Crabbé, 2021), which contains 1.3 billion
parameters, as the backbone model and fine-tuned it us-
ing LoRA (Hu et al., 2022) on the conversational dataset
constructed from the SMYLE corpus. The LoRA mod-
ules were applied to all the layers and across every mod-
ule of the backbone model. The fine-tuning lasted for
5 epochs, using the AdamW optimizer with the follow-
ing hyperparameter settings: LoRA rank = 32, α = 32,
learning rate = 2 × 10−4 with a linear warmup phase
of 500 steps, batch size = 8, dropout ratio = 0.05, and
gradient clipping with a norm of 1.

Construction of Linguistic Features
To calculate the conditional probability for each word in
the transcription of each conversation, we used a sliding
window approach with a window size of 5 and a stride
of 1. Each window was constructed by concatenating
5 turns from the same speaker. The window was then

3https://sppas.org/ (V.4.10)

passed through the fine-tuned language model to calcu-
late the probabilities for each word in the window. We
then retained the probabilities of the words in the last
turn of the window, resulting in an estimation of the
probabilities for the words of a turn using a context con-
sisting of the previous 4 turns from the same speaker.

Since TRF models work with continuous signals, we
followed the approach from Weissbart et al. (2020) to
construct a continuous surprisal signal for each dyad
from the word probabilities. First, the surprisals for dif-
ferent words were calculated using the equation below:

surprisal(wi) = − log(P (wi|w1...wi−1))

We then created a continuous signal of the same dura-
tion as the conversation, initialized with zeros. Spikes
were added at word onset timestamps (provided with
the SMYLE corpus), with amplitudes representing the
word’s surprisal estimated previously, resulting in a con-
tinuous surprisal signal. Additional cropping was then
performed to align the signal with the EEG data, with
an 11-second offset at the beginning of the surprisal sig-
nal and a 1-second offset at the end for both the EEG
data and the surprisal signal.

Since the word surprisal spikes were placed at word
boundaries, and to ensure that the observed neural re-
sponses reflect the information conveyed by word sur-
prisal rather than the timing of word boundaries, we
considered another linguistic feature -Word Onset- for
a more controlled interpretation of the results. We fol-
lowed the same approach to construct a continuous word
onset signal, but set the amplitude of the spikes at the
word onset timestamps to 1.

Neural Encoding Model
In this section, we detail the pre-processing of EEG data
recorded during spontaneous conversation and the devel-
opment of models to predict EEG responses based on a
linguistic feature signal.

EEG Data Pre-processing
The electrophysiological signal in SMYLE was acquired
with two 64-channel Biosemi active electrodes, arranged
according to the 10/20 positioning system and config-
ured for signal acquisition at a frequency of 2048 Hz.
For the listening participants, we identified the segment
from the first task, segmented it with a 1-second offset
and compared the length of the resulting segment to the
duration reported in the SMYLE corpus. Dyads with
mismatched durations were excluded from the analysis.
To denoise the EEG signal, a band-pass filter with a
low-cut threshold value of 0.3 Hz and a high-cut thresh-
old value of 62 Hz was applied to the EEG data. The
raw data were processed using a band-pass FIR filter
(Hamming window, cutoff -6 dB at 0.15 Hz for the lower
threshold and -6 dB at 69.75 Hz for the upper threshold),
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preserving frequencies within the range [0.3, 62] Hz to re-
tain brain activity across all frequency bands. This filter
effectively removed low-frequency noise (e.g. electrode
wire movement) and high-frequency noise (e.g., muscle
contractions). A notch filter (band-stop FIR filter, Ham-
ming window, cutoff -6 dB at 49.12 Hz and 50.88 Hz)
was then applied to eliminate power line noise from elec-
trical interference around 50 Hz. To reduce computa-
tion time in the following steps of the experiment, the
EEG data was down-sampled to 256 Hz. All channels
were subsequently re-referenced to the channel average.
Artifacts were removed from the EEG data using Inde-
pendent Component Analysis (ICA) implemented in the
MNE library (Gramfort et al., 2013). Principal Com-
ponent Analysis (PCA) was first applied to the filtered
data to retain components explaining 98% of variance,
followed by decomposition into ICs using the FastICA
algorithm (Hyvarinen, 1999). Artifact ICs were identi-
fied through visual inspection of scalp topographies for
eye-related artifacts (e.g. eye blinks and movements),
followed by the MNE function find bads muscle for
muscle-related artifacts, with a threshold of 0.7 . Identi-
fied artifact ICs were zeroed out and the EEG data were
reconstructed through inverse transformation, resulting
in cleaned signals. Due to issues with signal synchro-
nization, EEG data quality, and ICA decomposition, we
excluded 8 dyads from the analysis, leaving a total of 17
dyads (average length = 896.47 s (14.94 min), standard
deviation = 449.55 s (7.49 min)).

TRF Model Training
We used a linear encoding model to assess the neural re-
sponse to the surprisal. Specifically, we trained a model
to predict the EEG recording of the brain activity from
the listener, using as input the surprisal signal (or word
onset signal) constructed from the speech of the speaker.
Our model consisted of Temporal Response Functions
(TRFs) (Ding & Simon, 2012), which are linear kernels
that allow for a precise temporal description of the neu-
ral response to a linguistic feature at different time lags.

The TRF describes the EEG signal r(t,n) from chan-
nel n ∈ [1, ...,64] at timestamps t as a weighted sum
of the continuous surprisal signal s(t) over time lags
τ ∈ [τmin..τmax] :

r(t,n) =
∑

τ

w(τ,n)s(t− τ)+ ϵ(t,n) (1)

Where w(τ,n) are the TRF weights that indicate how
a change in surprisal at time lag τ affects the EEG sig-
nal after τ milliseconds. We used the TRF model im-
plementation from the Python library mTRFpy4. For
each dyad, we divided the EEG and surprisal signals into
training (first 90% of the signals) and testing (last 10% of

4https://github.com/powerfulbean/mTRFpy

the signals) segments. The time lag window was set be-
tween τmin = −400 ms and τmax = 1000 ms, resulting in
358 timestamps (signal frequency = 256 Hz). The TRF
weights were estimated by minimizing the mean squared
error (MSE) between the observed EEG signal r(t,n)
and the predicted signal r̂(t,n). To prevent overfitting,
we trained the TRF model for each dyad using ridge
regression (Tikhonov, 1977), which introduces a regu-
larization term λ in the estimation of the TRF weights
matrix W . The optimal λ was selected through k-fold
cross-validation (k = 5) where we tested 100 values of
λ on a logarithmic scale (between 0.1 and 107). Model
performance was evaluated using the Pearson correlation
metric between the predicted and actual EEG signals
(r(t,n) and r̂(t,n)). The same approach was followed to
train and evaluate the TRF models for the word-onset
feature.

Statistical Significance
We used a statistical hypothesis test method to deter-
mine if the estimated TRF models were statistically sig-
nificant. Specifically, we compared the TRF models de-
rived from the actual EEG and surprisal/word onset sig-
nals to TRF models trained using the same EEG signals
paired with shuffled surprisal/word onset signals.

For the word onset, the conveyed information corre-
sponds to the moment when a word begins to be dis-
tinguished as a unique entity -Word Boundary-. There-
fore, to construct a shuffled model for the word onset,
we disrupted this information by permuting the tempo-
ral markers, thereby eliminating the temporal reference
points of the words. Following the same reasoning, the
conveyed information in the surprisal signal is the sur-
prisal of the different words, represented with spikes at
word onset. We constructed a shuffled surprisal signal by
keeping the spikes at word onset, as in the original sig-
nal, but with shuffled surprisal values, resulting in spikes
at the same timestamps but with random amplitudes.

For each dyad, 100 random models, i.e. models pre-
dicting the neural response based on a shuffled sur-
prisal/word onset signal, were trained following the same
approach as for the actual model and evaluated on the
same test data, producing a distribution of the evalua-
tion scores under the null hypothesis. The p-value was
computed as the probability of obtaining a score bet-
ter than that of the actual model. The estimated TRF
model was then considered statistically significant if p-
value < 0.05, otherwise, the model was not statistically
significant.

Results
For each dyad, we trained two separate TRF models,
one for each linguistic feature (surprisal and word onset).
We then performed hypothesis testing on the resulting
models using the approach described previously. Of the
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Figure 1: Box plots of EEG prediction accuracy for each
predictor for significant dyads (middle bar: median, up-
per and lower bars: third and first quartiles, upper and
lower whiskers: maximum and minimum, p-value < 0.05)

17 dyads, only eight resulted in statistically significant
models (p-value < 0.05).

We began the analysis by comparing the ability of the
models in reconstructing the EEG recordings from the
predictor. This was carried out by evaluating their per-
formance on unseen data using the Pearson correlation
score. The results in Table 1 indicate that surprisal is
a better predictor of brain activity than word onset, as
it achieves higher accuracy. This observation is further
supported by the plot in Figure 1, which shows that the
improved prediction accuracy is highly consistent across
the different dyads.

Predictor Word Onset Surprisal
R 0.041 0.049

Table 1: EEG prediction accuracy evaluated with Pear-
son correlation score (mean, p-value < 0.05).

To further assess the neural response to the different
features, we visualized the TRF weights of the models
for the surprisal as well as the word onset, averaged over
the eight significant dyads. Figure 2 reports the resulting
weights for each feature, along with those of TRF models
trained using shuffled surprisal values, which serve as a
reference. The results show that the TRF weights from
the reference models were random and exhibited no clear
neural response to surprisal at any time lag. In contrast,
TRF weights from models incorporating surprisal and
word onset signals revealed distinct temporal patterns
(see Figure 2), with strong neural responses to surprisal
and word onset in two temporal windows: Around 200
ms and around 800 ms. We observed a strong neural re-
sponse to surprisal in an early interval spanning 50 to 400
ms, peaking near 300 ms, and a later interval between
700 to 1000 ms, with a maximal response around 900
ms. A similar pattern was found for the TRF weights
derived from word onsets, although the neural response
appeared to occur earlier than for surprisal. Specifically,
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Figure 2: TRF Weights averaged over significant dyads
for randomized signal (i.e. shuffled surprisal values),
word onset signal and surprisal signal (p-value < 0.05).
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Figure 3: Topographic plots from the TRF models
trained using the surprisal signal for significant dyads
(p-value < 0.05).

the early response ranged from 0 to 350 ms, with peaks
at approximately 150 ms and 250 ms, while the later
interval spanned 650 to 1000 ms, with lower amplitude
than the earlier interval and peaking around 900 ms.
Additionally, we observed polarity differences in TRF
weights across scalp regions for both features (see Figure
3). The left-frontal regions exhibited a strong positive
wave of TRF weights in the first interval, followed by
a pronounced negative wave in the second interval. In
contrast, the right-posterior regions showed the oppo-
site pattern, with a negative polarity in the first interval
followed by a positive polarity in the second interval.

Discussion
The analysis of the TRF weights revealed the existence
of neural tracking for both surprisal and word onset
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Figure 4: Averaged TRF weights using surprisal sig-
nal for significant dyads per scalp area with significant
weights highlighted in bold.

during spontaneous conversation in two time windows.
This cortical tracking effect has been observed in previ-
ous studies using multiple regression (Brennan & Hale,
2019) and TRFs (Heilbron et al., 2022; Weissbart et al.,
2020; Weissbart & Martin, 2024; Gillis et al., 2021). Our
findings align with the literature, extending these effects
from passive listening and reading tasks to the more in-
teractive context of spontaneous conversations.

The results revealed similar patterns for the neural re-
sponse to the two linguistic features, although word on-
set appeared to elicit an earlier response. The observed
effects for word onset likely result from neural entrain-
ment to the speech envelope, which has been hypoth-
esized to arise from a superposition of discrete onset-
related brain responses (Ding & Simon, 2014). Our find-
ings are consistent with prior research (Brodbeck, Hong,
& Simon, 2018; Broderick et al., 2018; Weissbart et al.,
2020; Gillis et al., 2021), showing an amplitude increase
around 50 ms after word onset, peaking at approximately
150 ms. As noted in Gillis et al. (2021), we also observed
early frontotemporal activation. This initial effect likely
reflects low-level processing of the acoustic signal, partic-
ularly word segmentation based on acoustic and phono-
tactic cues. It may correspond to early stages of word
recognition before higher-level linguistic processing oc-
curs. A second, weaker effect appears between 650 and
1000 ms, which we interpret as the integration of the
word into the broader context.

For surprisal, although the response patterns resemble
those of word onset potentially suggesting that the ob-
served tracking could result from low-level acoustic fea-
tures rather than the surprisal itself, we argue that the
surprisal effect is not merely a byproduct of word on-
set. While the neural response to surprisal may be par-
tially linked to word onset (since surprisal values were
added at word onsets), the semantic and syntactic in-
formation embedded in the surprisal plays a crucial role
in the observed response. This hypothesis is supported
first by the prediction accuracy results (Figure 1), which
showed that surprisal yielded higher accuracy than word
onset, suggesting that surprisal captures additional lin-
guistically relevant information that contributes to neu-

ral responses during speech processing. Additionally, the
temporal patterns of neural responses to surprisal reveal
peaks around 350 ms and 800 ms, two time markers as-
sociated with semantic and syntactic aspects of language
processing. The peak at approximately 350 ms can re-
late to the N400 component, which is linked to semantic
and lexical processing (Friederici, 2002) and which have
been shown to reflect word predictability (Kutas & Hill-
yard, 1984; Dambacher et al., 2006; Frank et al., 2015;
Wang et al., 2023). Furthermore, the peak around 350
ms appears to be centered in the left temporal region
(see Figure 3 and Figure 4), consistent with findings of
Wang et al. (2023), which showed that unexpected words
(words that would have a higher surprisal) elicit an in-
creased neural response between 300 and 500 ms in the
left temporal lobe. The later response around 800 ms
may correspond to the P600 component, which has been
linked to syntactic violations or the processing of unex-
pected words (Kaan, 2007). Unexpected words will tend
to have a higher surprisal values leading to an increased
neural response. Moreover, our results indicate that this
late response is centered in the frontal and parietal lobes
(see Figure 3 and Figure 4), further aligning with studies
showing that implausible or unexpected words elicit late
responses in frontal and posterior regions (Wang et al.,
2023). However, in our case, no definitive conclusions
can be drawn about the precise localization of neural re-
sponses, as higher spatial-resolution techniques such as
MEG would be needed for a more detailed analysis.

Overall, while our results suggest support for the sur-
prisal theory, we do not claim to provide definitive proof.
Our study has several limitations, mainly the number
of significant dyads (8 out of 17), which makes us very
cautious in drawing general conclusions about the sur-
prisal theory in interactive contexts. We hypothesize
that these limitations may be due to noise in the EEG
signal, which we found very challenging to clean. This
motivated our choice to focus on the narrative task,
which helped reduce noise in the data, as it includes
less back-and-forth interaction compared to free conver-
sations. Nevertheless, we still consider the narrative task
to be an interactive condition, since the listener pro-
duced, on average, one word for every five words spoken
by the speaker.

Conclusion
This study aims to advance our understanding of pre-
dictive processing in natural interactions, particularly in
relation to the surprisal theory. Our results demonstrate
cortical tracking of word onset and surprisal at varying
time lags, across different brain regions associated with
language processing. While further studies are required
to confirm our findings, these results provide promising
evidence supporting the plausibility of the surprisal the-
ory in the context of face-to-face conversation.
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