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Abstract

A popular approach to decompose the neu-
ral bases of language consists in correlating,
across individuals, the brain responses to dif-
ferent stimuli (e.g. regular speech versus
scrambled words, sentences, or paragraphs).
Although successful, this ‘model-free’ ap-
proach necessitates the acquisition of a large
and costly set of neuroimaging data. Here, we
show that a model-based approach can reach
equivalent results within subjects exposed to
natural stimuli. We capitalize on the recently-
discovered similarities between deep language
models and the human brain to compute the
mapping between 1) the brain responses to reg-
ular speech and ii) the activations of deep lan-
guage models elicited by modified stimuli (e.g.
scrambled words, sentences, or paragraphs).
Our model-based approach successfully repli-
cates the seminal study of (Lerner et al., 2011),
which revealed the hierarchy of language ar-
eas by comparing the functional-magnetic reso-
nance imaging (fMRI) of seven subjects listen-
ing to 7 min of both regular and scrambled nar-
ratives. We further extend and precise these re-
sults to the brain signals of 305 individuals lis-
tening to 4.1 hours of narrated stories. Overall,
this study paves the way for efficient and flex-
ible analyses of the brain bases of language.

1 Introduction

One of the most successful paradigms to decompose
the brain bases of language consists in correlating
the brain responses of multiple subjects listening
to the same carefully controlled stimuli (Brennan
et al., 2012; Fedorenko et al., 2016; Blank et al.,
2016; Mollica et al., 2019). In particular, (Lerner
et al., 2011) recorded subjects with functional mag-
netic resonance imaging (fMRI) while they listened
to a story whose (1) sounds (2) words, (3) sentences
or (4) paragraphs were scrambled, as well as (5) to
the regular version of the story (Figure 1A). The
authors then estimated the Inter Subject Correlation

(ISC), i.e., the correlation between 1) the brain ac-
tivity of a voxel in response to one scrambling con-
dition and ii) the brain activity of a voxel averaged
across all other subjects, in response to the same
scrambled stimulus (Figure 1B). While successful,
this ‘model-free’ approach is costly: it requires
TNisubjects X Tconditions acquisitions of brain activity
in response to the same variably scrambled stimuli.

Here, we investigate whether and how a model-
based approach can replicate Lerner et al.’s find-
ings, even if we only have access to the recordings
elicited by the regular story in a single subject. We
further apply the method to extend Lerner et al’s
results to a large dataset of 305 individuals.

2 Methods

First, we formalize the ‘model-free’ and ‘model-
based’ approaches in the context of narrative listen-
ing, and explicit the link between the two.

Definitions Let’s define

* w=(‘Once’, ‘upon’, ... , ‘The’, ‘end.”) the
regular story. €2 the story’s vocabulary.

* Wisounds W|words W|sent) Wiparag the story scram-
bled at the acoustic, word, sentence and para-
graph level, respectively, following the setting
of Lerner et al. (cf. Appendix B for the scram-
bling paradigm).

o @ OM — RT: the function returning the
brain recordings of length 7" time samples
(i.e., the number of fMRI pulses) induced by
a sequence of M words.

« @ : QM — RM*D the function returning the
activations of a deep language model induced
by a sequence of M words.

* y € RT the brain recordings of one subject
elicited by w, recorded at one voxel. Here,

(w) =y.
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Figure 1: Objective and methods A. In Lerner et al.’s seminal study, each subject is presented successively with
i) a 7min long story (black), ii) the same story after its paragraphs (blue) iii) sentences iv) words (orange) or iv)
acoustics (red) has been scrambled. B. For each condition, subject and voxel, the authors compute the inter-subject
correlation (ISC), i.e the correlation p between 1) the brain of the current subject y and ii) the average brain signals
of the other subjects 3. This method allows to decompose the hierarchy of language processing in the brain, from
the acoustic to the paragraph level. C. We aim to replicate the results of Lerner et al. using only the recordings
induced by the regular story (black). To this aim, we scramble, not the stimulus of the subject, but the inputs of
a deep language model (GPT-2). For each condition (word, sentence or paragraph), we extract the corresponding
activations x* averaged over K random scrambles. We then compare the brain signals of the current subject y with
the activations z* elicited by the scrambled texts, after a linear transformation fy that maps z* onto a brain-like
space. Because GPT-2 is not trained to process waveform, we use the phonemes, stresses and tones of the stimulus
instead of «* for the acoustic condition.

* Ylsounds Y|words> Y|sent> Yjparag  the recordings  the population average ¥, b) the scrambled stimuli

elicited by the scrambled versions of w. Wisent -

To eliminate the need for the population aver-
age, we capitalize on the recent findings that deep
language models tend to linearly predict brain re-
sponses to language (Jain and Huth, 2018; Gau-
thier and Levy, 2019; Toneva and Wehbe, 2019;
Schrimpf et al., 2020; Caucheteux and King, 2020).

We can thus assume that the average brain response

« p:RT x RT — R, Pearson’s correlation

For clarity, we describe below the model-free and
model-based approaches for the sentence condition.
The same methods can be used for the sound, word
and paragraph conditions.

Model-free analysis Lerner et al. do not have a
model of how the brain should react to sentences.
Instead, they assume that the neural signature of
sentence-level processing corresponds to the brain
response shared across all subjects listening to
scrambled sentences wjsene- They thus compute the
‘ISC score’ for each subject, i.e., the correlation be-
tween 1) the brain response to the scrambled story
Wisent Of @ given subject (Yjsent) and ii) the brain
response to the same stimulus averaged across all
other subjects (Yjsent):

R = p(y|sent7M) . (1)

This approach boils down to a leave-one-subject-
out cross-validation, using Pearson correlation as
evaluation metric and the average population re-
sponse as estimator.

Model-based analysis Here, we propose a
model-based analysis to circumvent the need for a)

(D) can be well approximated by fy, a linear func-
tion that maps the deep language model to the brain
response. i.e.,

i) D fro@@ .

In practice, the coefficients 6 of fy are estimated
using ridge regression. Finite Impulse Response
functions are employed to allow the activations of
the deep language model of length M (number of
words) to map onto the slow and delayed brain
recordings of length T" (number of pulses) (cf. Ap-
pendix C).

To eliminate the need for the scrambled stimuli,
we show below that equation (1) can be rewritten
only as a function of w as opposed t0 wjsep-

First, we separate the representation of the sen-
tence from that of its context. To this end, for each
sentence s of w, we note {2, the set of sequences
ending with s, and whose preceding context is ran-

3636



A. Model-free
(7min story)

C. Model-based extension
(15 stories, ~4 hours)

B. Model-based replication
(7min story)

Adapted from
Lerner et al. (2011)

» <1073 p<107%
Figure 2: Results. Following Lerner et al’s, a brain region is considered to process ‘acoustic’ level information
if its acoustic score (either brains-to-brain or model-to-brain correlation) is significant (red). It is considered to
process ‘word’-level (yellow) if its word score is significant but not its acoustic one — and similarly for ‘sentence’
(green) and ‘paragraph’ (blue). A. Adapted from (Lerner et al., 2011). Labels are based on the brains-to-brain
correlation scores (Figure 1B) averaged over seven subjects listening to a 7 min story. B. Labels are based on the
model-to-brain scores (Figure 1C), averaged over 75 subjects listening to the same 7 min story. Significance is
inferred using a Wilcoxon test across subjects, corrected with False Discovery Rate (FDR) across the 465 brain
regions in each hemisphere (cf: Appendix D), with a significance threshold of p < 1073 (¢f. Appendix E). C. Same
as B., but on the brain of 305 subjects listening to 4 hours of 15 audio stories (including the 7 min one). Because

of the large number of subjects, the significance threshold is set to p < 10725,

dom. The representation of s without context, is,
by construction, also the sentence representations
of all sequences w’ € . Thus, if we denote y*
this common representation, the brain response of
one subject to a sequence w’ can be modeled as
V' €Q,, D) =yitew , (2
with ¢, the context-dependent contribution to

O (w'). Assuming it is a zero-mean random per-
turbation we have:

Ew’[ J(w/)] = y: > (3)

with w’ sampled uniformly in Q. TImportantly,
we do not assume that words are independent of
their context but that the shufflings defined for each
sentence are independent of one another. This state-
ment is true by construction: shuffled contexts are
realizations of a uniform sampling of permuted
texts. Furthermore, the assumption that activations
of shuffled versions of the same context have a
zero-mean is not critical: assuming a constant mean
would not alter the methods and results, because
the final metrics (Pearson correlation) is invariant
to such constant.

Similarly, we can retrieve z}, the context-
independent representation of a particular sequence
s in a deep language model

Ey[@(w)] =] . “4)

In practice, it is approximated with an average over
K iid. samples:

vir =y @(w) (5)

k=1
where wq, ..., wyk are sentences uniformly sam-
pled in . Given equations (3), (4) and hypothesis

i).
7 = Ew | D) ]
= Eu[fp o @(w')]
= s = fola3) (6)
with w’ sampled in €.

From now on, we note y* (resp. x*) the context-
free representation of the whole story w extracted
from the brain (resp. network) activations. We
obtain, y* = fp(z*).

We now assume that random contexts do not
actually affect the brain response to the current
sentence in each subject at a given voxel, i.e.,

.. * *
”) y|sent = y|sent =Y

Under this condition and given equation (6),
Y)sent = y* - f()(x*) )
and
P(Yjsent> Usemt) = £(U", fo(z™))
p(y — Ew, f0($*))
p(y: fo(z"))

Q
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with €., the strictly contextual effects in y (y =
y* + €y), independent from z* (context-free).
Finally, under the assumptions that 7) the deep
neural network approximates the average brain
response and ii) random context is not main-
tained in memory, the brains-to-brain scores R =
p (y| sent m) are equivalent to the model-to-brain

scores R = p(y, fo(z*)).
3 Experiment

To test our model-based approach, we first apply
it to the fMRI responses of 75 subjects listening
to the same 7 min story analysed in Lerner et al
(Nastase et al., 2020)!. Thus, for each condition
(word, sentence and paragraph), subject and voxel,
we compute the model-to-brain correlation R =
p(y, fo(z*)).

The extraction of the fMRI signals y, and the
estimation of the mapping function fy are standard
and thus detailed in Appendices A and C. To esti-
mate context-free representations, we i) scramble
the stimulus at the word, sentence or paragraph
level, ii) extract the corresponding activations x
from a deep language model, and iii) compute x*,
as detailed below.

Scrambling the stimulus at the word, sentence
and paragraph level Words and sentences of the
stimulus are delimited using Spacy tokenizer (Hon-
nibal et al., 2020). Note that punctuation marks
are not considered as words (e.g., ‘time.” forms
one token, not two). We define paragraphs as con-
tiguous chunks of eight sentences. To ‘scramble’
a sequence at the word (resp. sentence, paragraph)
level, we uniformly shuffle the indices of its words
(resp. sentences, paragraphs) and form the new
sequence accordingly.

Extracting deep models’ activations For each
version of the scrambled stimulus, we extract the
activations from GPT-2 (&3), a deep neural lan-
guage model trained to predict a word given its past
context. GPT-2 consists of 12 transformer layers
of dimensionality 768, 8 heads, and has 1.5 billion
parameters in total. We use the model provided
by Huggingface (Wolf et al., 2020), trained on a
dataset of 8 million web pages.

To extract the activations elicited by a sequence
w of M words from layer [, we proceed as follows:
we tokenize the sequence into sub-words called

'mttp://datasets.datalad.org/?dir=/labs/
hasson/narratives

“Byte Pair Encoding” (BPE) (Sennrich et al., 2016)
using the GPT-2 tokenizer provided by Hugging-
face. Then, we feed the network with the A’ BPE
tokens (M’ > M, up to 256 tokens in memory) and
extract the corresponding activations from layer [,
of shape (M’ x D) with D = 758. Then, we sum
the activations over the BPEs of each word to obtain
a vector of size (M x D).

All our analyses are based on the eighth layer
of GPT-2. We choose GPT-2 because it has been
shown to best encode the brain activity elicited by
language stimuli (Caucheteux et al., 2021; Schrimpf
et al., 2020). We choose its eighth layer because
the intermediate layers of transformers have shown
to encode relevant linguistic features (Jawahar
et al., 2019; Manning et al., 2020) and to better
encode brain activity than input and output layers
(Caucheteux and King, 2020; Toneva and Wehbe,
2019). Our results successfully generalize to two
other architectures as well as to the other interme-
diate layers of GPT-2 (Appendix F).

Computing z* for the word, sentence and para-
graph conditions For each of the word, sen-
tence and paragraph conditions, we compute x*:
a context-free representation of x. In short, x* are
the activations of GPT-2, averaged over several
scrambled contexts. For clarity, we focus on the
sentence level to detail the approach.

To build the sentence-level representation x* of
the stimulus, we use the approximation introduced
in equation (5). For each sentence s of one story
w, we 1) generate K=10 sequences ending with s,
but with scrambled previous context. The scram-
bled context is uniformly sampled from the other
sentences in the same story w. Then, ii) we extract
the K corresponding activations from GPT-2 (as
described in the previous section) and iii) average
the activations across the K samples. GPT-2 acti-
vations are extracted for each word. Thus, for each
of the M words of sentence s, we obtain a vector
x: of shape M x D. We concatenate these vectors
to obtain ¥, a sentence-level representation of the
whole story w, of shape M x D. This method is
adapted from (Caucheteux et al., 2021), in which
we computed the average over GPT-2’s activations
to extract syntactic representations from the input
sequence.

Acoustic features GPT-2 takes words as input
and not sounds. To build z* at the acoustic level,
we simply use non-contextual acoustic features:
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the word rate (D = 1), phoneme rate (D = 1)
phonemes, stress, and tone (categorical, D = 117).
For the latter, we use the annotations provided the
original Narratives dataset (Nastase et al., 2020).

4 Results

The results are displayed in Figure 2B. The hierar-
chy of temporal receptive fields (TRFs) typically
associated with acoustic, word, sentence and para-
graph processing along the temporo-parietal axis
is remarkably well replicated in both hemispheres
(Figure 2B). Notably, both the model-free and
model-based methods evidence that the precuneus,
the superior frontal gyrus and sulcus are character-
ized by sentence- and paragraph-level TRFs (Figure
2A and B).

Our results differ from Lerner et al.’s in several
ways. First, the acoustic TRFs are slightly more
inferior with the model-based method. Second,
frontal regions are detected to be associated not only
with sentences and paragraphs, but also with words
(consistent with (Huth et al., 2016; Caucheteux
et al., 2021; Goldstein et al., 2021)). Given that
Lerner et al’s dataset is not public, it is difficult to
quantify these differences and determine whether
they reflect an improved sensitivity, or, more sim-
ply, inter-individual differences.

Our model-based method can, in principle, be
applied to any natural stories. To test this predic-
tion, we extend our analyses to 305 subjects listen-
ing to 4.1 hours of fifteen narratives (Figure 2C).
Our model-based approach recovers the hierarchy
of TRFs, and further reveals additional word- and
sentence-level representations in the precuneus and
prefrontal regions.

5 Discussion

Here, we leverage the modeling power of deep lan-
guage models to show that the seminal results of
Lerner et al. can be retrieved without having sub-
jects listening to multiple scrambled stimuli. Criti-
cally, we formalize the assumptions under which
‘model-based’ and ‘model-free’ approaches can be
linked (Lerner et al., 2011).

Our model-based method recovers the hierarchy
of TRFs evidenced by Lerner et al., in the brain of
an unusually large cohort of 305 subjects. Thus,
our study complements the recent work of (Jain
and Huth, 2018; Toneva and Wehbe, 2019; Toneva
et al., 2020) who predict brain responses to speech
from language models input with variably-long con-

texts. Specifically, we show that previous model-
based results unravel the same mechanisms that was
previously identified with model-free approaches.

The replication is not perfect: the acoustic and
word TRFs slightly differ between the two methods.
This may be explained by individual subject’s vari-
ability, which is only captured by the model-based
approach. Further research, using the non-public
data from Lerner et al. should investigate these
remaining differences.

In line with previous work (Brennan, 2016; Bren-
nan and Hale, 2019; Gauthier and Levy, 2019;
Schrimpf et al., 2020), our study demonstrates that
deep neural networks build constructs that predict
brain activity, accurately enough to recover the hi-
erarchy of language processing in the brain. The
success of replication thus reinforces the idea that
naturalistic stimuli and deep neural networks form
a powerful couple to study the neural bases of lan-
guage (Hamilton and Huth, 2020).

Acknowledgements

This work was supported by the French ANR-20-
CHIA-0016 and the European Research Council
Starting Grant SLAB ERC-YStG-676943 to AG,
and by the French ANR-17-EURE-0017 and the
Fyssen Foundation to JRK for his work at PSL.

References

Idan Blank, Zuzanna Balewski, Kyle Mahowald, and
Evelina Fedorenko. 2016. Syntactic processing is

distributed across the language system. Neurolmage,
127:307-323.

Jonathan Brennan. 2016. Naturalistic sentence compre-
hension in the brain. Language and Linguistics Com-
pass, 10(7):299-313.

Jonathan Brennan, Yuval Nir, Uri Hasson, Rafael
Malach, David J Heeger, and Liina Pylkkdnen. 2012.
Syntactic structure building in the anterior temporal
lobe during natural story listening. Brain and lan-
guage, 120(2):163-173.

Jonathan R Brennan and John T Hale. 2019. Hierarchi-
cal structure guides rapid linguistic predictions dur-
ing naturalistic listening. PloS one, 14(1):¢0207741.

Charlotte Caucheteux, Alexandre Gramfort, and Jean-
Remi King. 2021. Decomposing lexical and com-
positional syntax and semantics with deep language
models.  arXiv:2103.01620 [cs, g-bio]. ArXiv:
2103.01620.

Charlotte Caucheteux and Jean-Rémi King. 2020. Lan-
guage processing in brains and deep neural networks:
computational convergence and its limits. BioRxiv.

3639


https://doi.org/10.1016/j.neuroimage.2015.11.069
https://doi.org/10.1016/j.neuroimage.2015.11.069

Christophe Destrieux, Bruce Fischl, Anders Dale, and
Eric Halgren. 2010. Automatic parcellation of hu-
man cortical gyri and sulci using standard anatomical
nomenclature. Neurolmage, 53(1):1-15.

Evelina Fedorenko, Terri Scott, Peter Brunner, William
Coon, Brianna Pritchett, Gerwin Schalk, and Nancy
Kanwisher. 2016. Neural correlate of the construc-
tion of sentence meaning. Proceedings of the Na-
tional Academy of Sciences of the United States of
America, 113.

Jon Gauthier and Roger Levy. 2019. Linking artifi-
cial and human neural representations of language.
In Proceedings of the 2019 Conference on Empir-
ical Methods in Natural Language Processing and
the 9th International Joint Conference on Natu-
ral Language Processing (EMNLP-IJCNLP), pages
529-539, Hong Kong, China. Association for Com-
putational Linguistics.

Ariel Goldstein, Zaid Zada, Eliav Buchnik, Mariano
Schain, Amy Price, Bobbi Aubrey, Samuel A Nas-
tase, Amir Feder, Dotan Emanuel, Alon Cohen, et al.
2021. Thinking ahead: prediction in context as
a keystone of language in humans and machines.
bioRxiv, pages 2020—12.

Liberty S Hamilton and Alexander G Huth. 2020. The
revolution will not be controlled: natural stimuli in
speech neuroscience. Language, Cognition and Neu-
roscience, 35(5):573-582.

Matthew Honnibal, Ines Montani, Sofie Van Lan-
deghem, and Adriane Boyd. 2020. spaCy:
Industrial-strength Natural Language Processing in
Python.

Alexander G. Huth, Wendy A. de Heer, Thomas L.
Griffiths, Frédéric E. Theunissen, and Jack L. Gal-
lant. 2016.  Natural speech reveals the seman-

tic maps that tile human cerebral cortex. Nature,
532(7600):453-458.
Shailee Jain and Alexander G Huth. 2018. Incorpo-

rating Context into Language Encoding Models for
fMRI. preprint, Neuroscience.

Ganesh Jawahar, Benoit Sagot, and Djamé Seddah.
2019. What Does BERT Learn about the Structure
of Language? In Proceedings of the 57th Annual
Meeting of the Association for Computational Lin-
guistics, pages 3651-3657, Florence, Italy. Associa-
tion for Computational Linguistics.

Y. Lerner, C. J. Honey, L. J. Silbert, and U. Hasson.
2011. Topographic Mapping of a Hierarchy of Tem-
poral Receptive Windows Using a Narrated Story.
Journal of Neuroscience, 31(8):2906-2915.

Christopher D. Manning, Kevin Clark, John Hewitt, Ur-
vashi Khandelwal, and Omer Levy. 2020. Emer-
gent linguistic structure in artificial neural networks
trained by self-supervision. Proceedings of the Na-
tional Academy of Sciences, page 201907367.

Francis Mollica, Evgeniia Diachek, Zachary Mineroff,
Hope Kean, Matthew Siegelman, Steven T. Pianta-
dosi, Richard Futrell, Peng Qian, and Evelina Fe-
dorenko. 2019. Composition is the core driver of the
language-selective network. bioRxiv, page 436204.
Publisher: Cold Spring Harbor Laboratory Section:
New Results.

Samuel A. Nastase, Yun-Fei Liu, Hanna Hillman,
Asieh Zadbood, Liat Hasenfratz, Neggin Ke-
shavarzian, Janice Chen, Christopher J. Honey,
Yaara Yeshurun, Mor Regev, Mai Nguyen, Claire
H. C. Chang, Christopher Baldassano, Olga Losit-
sky, Erez Simony, Michael A. Chow, Yuan Chang
Leong, Paula P. Brooks, Emily Micciche, Gina Choe,
Ariel Goldstein, Tamara Vanderwal, Yaroslav O.
Halchenko, Kenneth A. Norman, and Uri Hasson.
2020. Narratives: fMRI data for evaluating models
of naturalistic language comprehension. preprint,
Neuroscience.

F. Pedregosa, G. Varoquaux, A. Gramfort, V. Michel,
B. Thirion, O. Grisel, M. Blondel, P. Prettenhofer,
R. Weiss, V. Dubourg, J. Vanderplas, A. Passos,
D. Cournapeau, M. Brucher, M. Perrot, and E. Duch-
esnay. 2011.  Scikit-learn: Machine learning in
Python. Journal of Machine Learning Research,
12:2825-2830.

Martin Schrimpf, Idan A. Blank, Greta Tuckute, Ca-
rina Kauf, Eghbal A. Hosseini, Nancy G. Kanwisher,
Joshua B. Tenenbaum, and Evelina Fedorenko. 2020.
Artificial Neural Networks Accurately Predict Lan-
guage Processing in the Brain.  bioRxiv, page
2020.06.26.174482. Publisher: Cold Spring Harbor
Laboratory Section: New Results.

Rico Sennrich, Barry Haddow, and Alexandra Birch.
2016. Neural Machine Translation of Rare Words
with Subword Units. arXiv:1508.07909 [cs].
ArXiv: 1508.07909.

Mariya Toneva, Tom M. Mitchell, and Leila Wehbe.
2020. Combining computational controls with natu-
ral text reveals new aspects of meaning composition.
bioRxiv, page 2020.09.28.316935. Publisher: Cold
Spring Harbor Laboratory Section: New Results.

Mariya Toneva and Leila Wehbe. 2019. Interpret-
ing and improving natural-language processing (in
machines) with natural language-processing (in the
brain).  arXiv:1905.11833 [cs, g-bio]. ArXiv:
1905.11833.

Thomas Wolf, Lysandre Debut, Victor Sanh, Julien
Chaumond, Clement Delangue, Anthony Moi, Pier-
ric Cistac, Tim Rault, Rémi Louf, Morgan Fun-
towicz, Joe Davison, Sam Shleifer, Patrick von
Platen, Clara Ma, Yacine Jernite, Julien Plu, Can-
wen Xu, Teven Le Scao, Sylvain Gugger, Mariama
Drame, Quentin Lhoest, and Alexander M. Rush.
2020. Transformers: State-of-the-art natural lan-
guage processing. In Proceedings of the 2020 Con-
ference on Empirical Methods in Natural Language
Processing: System Demonstrations, pages 3845,
Online. Association for Computational Linguistics.

3640


https://doi.org/10.1016/j.neuroimage.2010.06.010
https://doi.org/10.1016/j.neuroimage.2010.06.010
https://doi.org/10.1016/j.neuroimage.2010.06.010
https://doi.org/10.1073/pnas.1612132113
https://doi.org/10.1073/pnas.1612132113
https://doi.org/10.18653/v1/D19-1050
https://doi.org/10.18653/v1/D19-1050
https://doi.org/10.5281/zenodo.1212303
https://doi.org/10.5281/zenodo.1212303
https://doi.org/10.5281/zenodo.1212303
https://doi.org/10.1038/nature17637
https://doi.org/10.1038/nature17637
https://doi.org/10.1101/327601
https://doi.org/10.1101/327601
https://doi.org/10.1101/327601
https://doi.org/10.18653/v1/P19-1356
https://doi.org/10.18653/v1/P19-1356
https://doi.org/10.1523/JNEUROSCI.3684-10.2011
https://doi.org/10.1523/JNEUROSCI.3684-10.2011
https://doi.org/10.1073/pnas.1907367117
https://doi.org/10.1073/pnas.1907367117
https://doi.org/10.1073/pnas.1907367117
https://doi.org/10.1101/436204
https://doi.org/10.1101/436204
https://doi.org/10.1101/2020.12.23.424091
https://doi.org/10.1101/2020.12.23.424091
https://doi.org/10.1101/2020.09.28.316935
https://doi.org/10.1101/2020.09.28.316935

Zhilin Yang, Zihang Dai, Yiming Yang, Jaime Car-
bonell, Ruslan Salakhutdinov, and Quoc V. Le. 2020.
XLNet: Generalized Autoregressive Pretraining for
Language Understanding. arXiv:1906.08237 [cs].
ArXiv: 1906.08237.

3641



Appendix

To replicate Lerner et al.’s findings, we compute
the model-to-brain correlation (c¢f. Section 2):

R =p(y, fo(z¥)) ,

for the acoustic, word, sentence and paragraph level
respectively. Here, we provide additional details
on how to extract the brain signals y and estimate
the mapping function fy in order to reproduce the
experimental setting used in Section 3.

A Brain signals

Functional MRI dataset We use the fMRI
recordings of the Narratives dataset (Nastase et al.,
2020)?, a publicly available dataset gathering the
brain recordings of 305 subjects listening to nar-
ratives. We use the unsmoothed version of the
fMRI recordings, already preprocessed in the orig-
inal dataset. As suggested in the original paper,
we reject subject / narrative pairs because of noisy
recordings, resulting in 617 unique (story, subject)
pairs and 4.1 hours of audio stimulus in total. To
replicate the results of Lerner et al. (2011), we re-
strict the analyses to the 75 subjects listening to the
‘Pieman’ story (7 min long), including the seven
subjects analysed in the original paper (only the data
for non-scrambled stimuli are publicly available).
Then, we extend the analyses to the brain record-
ings of 305 subjects listening to fifteen narratives
(from 3 min to 57 min), from the same dataset (Nas-
tase et al., 2020). For both analyses, we only have
access and thus use the brain recordings elicited by
regular —i.e non scrambled— version of the stimuli.

B Encoding features

Deep language models’ activations In Sec-
tion 3, we extract the activations of GPT-2 (&3),
a deep neural language model trained to predict
a word given its past context. It consists of 12
transformer layers of dimensionality 768, 8 heads,
and has 1.5 billion parameters in total. We use the
model provided by Huggingface (Wolf et al., 2020),
trained on a dataset of 8 million web pages.

To extract the activations elicited by a sequence
w of M words from a layer [, we proceed as fol-
lows: we tokenize the sequence into sub-words
called “Byte Pair Encoding” (BPE) (Sennrich et al.,

’http://datasets.datalad.org/?dir=/labs/
hasson/narratives

2016) using the GPT-2 tokenizer provided by Hug-
gingface. Then, we feed the network with the M’
BPE tokens (M’ > M, up to 256 tokens in mem-
ory) and extract the corresponding activations from
layer [, of shape (M’ x D) with D = 758. Then,
we sum the activations over the BPEs of each word
to obtain a vector of size (M x D).

All our analyses are based on the eighth layer
of GPT-2. We choose GPT-2 because it has been
shown to best encode the brain activity elicited
by language stimuli (Schrimpf et al., 2020). We
choose its eighth layer because the intermediate
layers of transformers have shown to encode rele-
vant linguistic features (Jawahar et al., 2019; Man-
ning et al., 2020) and to better encode brain activity
than input and output layers (Caucheteux and King,
2020; Toneva and Wehbe, 2019).

Scrambling the stimulus at the word, sentence
and paragraphlevel Words and sentences of the
stimulus are delimited using Spacy tokenizer (Hon-
nibal et al., 2020). Note that punctuation marks
are not considered as words (e.g., ‘time.” forms
one token, not two). We define paragraphs as con-
tiguous chunks of eight sentences. To ‘scramble’
a sequence at the word (resp. sentence, paragraph)
level, we uniformly shuffle the indices of its words
(resp. sentences, paragraphs) and form the new
sequence accordingly.

Computation of =* for the word, sentence and
paragraph conditions In Section 2, we compute
a context-free representation ™ for the word, sen-
tence and paragraph condition. In short, x* are the
activations of GPT-2, averaged over several scram-
bled contexts. For clarity, we focus on the sentence
level to detail the approach. To build the sentence-
level representation x* of the stimulus, we use the
approximation introduced in equation (5). For each
sentence s of one story w, we i) generate K=10
sequences ending with s, but with scrambled pre-
vious context. The scrambled context is uniformly
sampled from the other sentences in the same story
w. Then, ii) we extract the K corresponding acti-
vations from GPT-2 (as described in the previous
section) and iii) average the activations across the
K samples. GPT-2 activations are extracted for
each word. Thus, for each of the M, words of sen-
tence s, we obtain a vector x; of shape My x D. We
concatenate these vectors to obtain x*, a sentence-
level representation of the whole story w, of shape
M x D. This method is adapted from (Caucheteux
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B. XLNet

o0 oa

C. DistilGPT-2

Figure 3: Replication to two other architectures. Same as Figure 2.C but using the intermediate layers of XLNet
and Distilgpt2 causal architectures (I = 4 for Distilgpt2, out of 6 layers in total and [ = 8 for XLNet, out of 12
layers in total). As in Figure 2.C, the significance threshold is set to p < 1072°.

et al., 2021), in which the authors compute the av-
erage over GPT-2 activations to extract syntactic
representations from the input sequence.

Acoustic features GPT-2 takes words as input
and not sounds. To build =* at the acoustic level,
we simply use non-contextual acoustic features:
the word rate (D = 1), phoneme rate (D = 1)
phonemes, stress, and tone (categorical, D = 117).
For the latter, we use the annotations provided the
original Narratives dataset (Nastase et al., 2020).

C Mapping z* onto the brain

The linear function fy maps x* onto y, the fMRI
recordings of one subject at one voxel. Vector y
is of length 7', the number of fMRI time samples,
whereas x* is of length M, the number of words
(or phonemes for acoustic features) in the story. To
align the two time domains, we apply the function
g : RMXD y RT>X5D that i) sums the features z*
between the successive fMRI time samples, and ii)
uses a Finite-Impulse Response model (FIR) with
five delays. Thus, fy = f) o g, with fp a linear
function whose parameters 6 are learned, and g a
temporal alignment function.

To estimate 6, we fit an /5-penalized linear re-
gression to predict y given g(x*) on a training set
of time samples. 6 thus minimizes

argmin [[yain — for © 9(2igain) I + AO]1*
0'€®

with A the regularization parameter. We assess the
mapping with a Pearson correlation score evaluated
on the left out times samples:

R = p(ytesta f0 o g(q"rest)) :

In practice, x* and g(x*) are standardized (0-
mean, 1-std) and brain signals y are scaled based

on quantiles using scikit-learn RobustScaler (Pe-
dregosa et al., 2011) with quantile range (.01, .99).
We use the RidgeCV implementation of scikit-learn
with a pool of twenty possible penalization param-
eters between 1073 and 10°. We learn f5 on 90%
of the 7" time samples, and compute the correlation
scores R on the 10% left out data. We repeat the
procedure on 10 test folds using a cross-validation
setting, following the KFold implementation of
scikit-learn without shuffling. Finally, we aver-
age the R over the 10 folds to obtain one model-
to-brain correlation score per subject, voxel and
feature space x*.

D Brain parcellation

In Figure 2, we use a subdivision of Destrieux’ atlas
(Destrieux et al., 2010). Regions of more than 200
vertices are split into smaller regions, so that each
region contains at most 200 vertices. Thus, from the
75 regions of Destrieux’ atlas (in each hemisphere),
we obtain a parcellation of 465 brain regions per
hemisphere.

E Significance

In Figure 2, we test whether the model-to-brain
correlations (R) are significantly different from
zero. To this aim, we use a two-sided Wilcoxon test
across subjects (N = 75 in Figure 2B, N = 305 in
Figure 2A), corrected using False Discovery Rate
(FDR) across the 465 region of interests in each
hemisphere.

F Generalization to other transformer
architectures

In Figure 3 (B and C), we replicate our results (Fig-
ure 2.C) on the activations of two other causal trans-
former architectures: XLNet (Yang et al., 2020)
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and Distilgpt2 (Figure 3.C), using the implementa-
tion from Huggingface’.

3https://huggingface.co/
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