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ABSTRACT

Deep learning has recently allowed substantial progress in language tasks such as translation and
completion. Do such models process language similarly to humans, and is this similarity driven by
systematic structural, functional and learning principles? To address these issues, we tested whether
the activations of 7,400 artificial neural networks trained on image, word and sentence processing
linearly map onto the hierarchy of human brain responses elicited during a reading task, using
source-localized magneto-encephalography (MEG) recordings of one hundred and four subjects. Our
results confirm that visual, word and language models sequentially correlate with distinct areas of the
left-lateralized cortical hierarchy of reading. However, only specific subsets of these models converge
towards brain-like representations during their training. Specifically, when the algorithms are trained
10 on language modeling, their middle layers become increasingly similar to the late responses of the
language network in the brain. By contrast, input and output word embedding layers often diverge
12 away from brain activity during training. These differences are primarily rooted in the sustained
13 and bilateral responses of the temporal and frontal cortices. Together, these results suggest that
14 the compositional - but not the lexical - representations of modern language models converge to a
15 brain-like solution.
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17 1 Introduction

18 Deep neural networks trained on "language modeling" (i.e. guessing masked words in a given text) have recently led
19 to substantial progress (Vaswani et al.,[2017} |Devlin et al.| 2018; Lample and Conneaul, 2019) on tasks traditionally
20 associated with human intelligence (Turing, |2009; Chomskyl 2006). While still limited (Loula et al., |2018), the
21 improvements in translation, dialogue and summarization allowed by these models, lead to a simple question: do these
22 artificial neural networks tend to process language similarly to humans, or do they just superficially mimic our behavior?

23 This question is all-the-more challenging that the neurobiology of language remains in its infancy: the transformation of
24 sensory input into phonemic and orthographic representations are becoming increasingly understood (Mesgarani et al.,
25 |2014}|Dehaene and Cohen, |2011; Hickok and Poeppel, [2007; D1 Liberto et al., 2015} [Tang et al., 2017 [Donhauser and
26 |Baillet, 2019). However, the large inter-individual variability and the distributed nature of high-level representations
27 (Fedorenko et al.| 2010; Pricel 2010; [Fedorenko et al., 2020) have limited the study of lexical (how individual words
28 are represented) and compositional representations (i.e. how words are combined with one another) to piecemeal
29 investigations (Binder et al., 1997} |Pylkkidnen and Marantz, 2003} |Binder et al., 2009; Pricel 2010; |[Fedorenko et al.,
so [2010; [Pallier et al.,|2011; [Fedorenko et al.,|[2016; [Blank et al., [2016; Brennan et al., 2016; Brennan and Pylkkinen,
st [2017;|Pylkkanen and Brennan, 2019; Hagoort, |2019).

32 Reading, for example, depends on a cortical hierarchy that originates in the primary visual cortex (V1), continues
33 within the visual word form area (in the fusiform gyrus - where letters and strings are identified, and reaches the angular
34 gyrus, the anterior temporal lobe and the middle temporal gyrus - associated with word meaning (Pricel |2010; [Dehaene
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Figure 1: A. Hypotheses. An artificial neural network is said to converge to brain-like representations if training makes
its activations become increasingly correlated with those of the brain, and vice versa if it diverges. Because artificial
neural networks are high dimensional, part of a random network could significantly correlate with brain activity, and
thus lead to a "fortunate relationship" between the brain and the algorithm. In this schema, each dot represents one
artificial neural network frozen at a given training step. B. To quantify the similarity between an artificial neural network
and the brain, a linear regression can be fit from the model’s activations (X) to the brain response (Y') to the same
stimulus sequence (here: "once upon a’). The resulting "brain score" [Yamins et al.| (2014) is independent of the training
objective of the model (e.g. predicting the next word). C. Average (absolute) MEG responses to word onset in various
regions of the cortical network associated with reading, normalized by their maximum amplitudes to highlight their
relative onsets and peaks (top ticks). See Movie 1 for additional results.

35 jand Cohen| [2011}; [Hickok and Poeppell 2007; [Huth et al., 2016). This hierarchical pathway and a parallel motor
36 route - responsible for articulatory codes (Hickok and Poeppel, 2007) together connect with the inferior frontal gyrus,

a7 repeatedly associated with the compositional processes of language (Dehaene and Cohenl 2011} [Hickok and Poeppel,
38 [2007; [Hagoort, 2005; Mollica et al.; [Fedorenko et al.}[2020)). However, the precise nature, format and dynamics of
39 each of these language regions remain largely unknown (Fedorenko et al., 2020} [Dehaene and Cohenl, 2011} [Hagoort,

40 [2019} [Hickok and Poeppel, [2007).

41 Recently, several neuroimaging studies have directly linked the representations of language models to those of the
42 brain. In this view, the word embeddings developed for natural language processing (Bengio et al.} 2003} [Mikolov et al.}
43 [2013}[Pennington et al.| 2014} [Bojanowski et al.l 2016) have been shown to linearly correlate with the brain responses
44 elicited by words presented in isolation (Mitchell et al., 2008} [Anderson et al.l [2019; [Sassenhagen and Fiebachl [2019)
45 or within narratives (Reddy Oota et al., 2018} Abnar et al., 2017; |Ruan et al., 2016; Brodbeck et al., 2018; |Gauthier and|
46 [2018). Furthermore, contextualized word embeddings significantly improve such correlations in the prefrontal,
47 temporal and parietal cortices (Tain and Huth} 2018}, [Athanasiou et al.| 2018} [Toneva and Wehbe), 2019). However, these
48 important findings call for a principled investigation: do modern language models systematically (1) converge to, (2)
49 anecdotally correlate with, or (3) even diverge away from the sequence of computations the brain implements to process
so language (Figure[]]A-B)? On the contrary, do some language models better correlate with brain activity than simply
51 because (i) they are higher dimensional, (ii) they are trained on different texts, (iii) they naturally express a large variety
52 of non-linear dynamics etc?

53 To address this issue, we assessed whether the activations of 7,400 artificial neural networks varying in their architectures,
54 objectives, training and performances, linearly correlate with source-localized magneto-encephalography (MEG)
55 recordings of 104 subjects reading words sequentially presented in random word lists or arranged into meaningful
s6 sentences. The results reveal the functional organization of the reading cortical network with a remarkable spatio-
57 temporal clarity (Videos 1 and 2). Critically, the extensive comparison across models reveal that, during training, the
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Figure 2: A. Average brain scores across time (0 - 1 sec after word onset) and subjects for the deep CNN trained on
character recognition (top), Word2Vec (middle) and the difference between the two (bottom) in response to words
presented in random word lists. B. Average brain scores within each region-of-interest (panels) obtained with the
CNN (gray) and with Word2Vec (W2V). The coloured area indicate when W2V is higher than CNN. C. Second-level
statistical comparison across subjects of the brain scores obtained within each region-of-interest (averaged from O - 1 s)
with the CNN (gray) and W2V (color), resulting from a two-sided Wilcoxon signed-rank test. Error bars are the 95%
confidence intervals of the scores’ distribution across subjects.

58 middle - but not the outer - layers of deep language models systematically converge to the sustained representations of
s9 the bilateral frontal and temporal cortices.

0 2 Results

61 Towards a spatio-temporal decomposition of the reading network

62 In spite of substantial individual variability, our MEG source reconstructions were consistent with the anatomy of
63 the reading network (Dehaene and Cohen, 2011): on average, written words elicited a sequence of brain responses
64 originating in V1 around ~100 ms and continuing within the left posterior fusiform gyrus around 200 ms, the superior
65 and middle temporal gyri, as well as the pre-motor and infero-frontal cortices between 150 and 500 ms after word onset
6 (Figure[I]C, Video 1).

67 Some of these brain responses likely represent non-linguistic features (e.g. visual onsets, width of the words etc).
8  Following previous works (Kriegeskorte| 2015} |Gii¢lii and van Gervenl 2015}, [Eickenberg et al., 2017; [Yamins and|
69 2016), we thus tested whether single-trial MEG responses linearly correlated with the activations of the last
70 layer of a deep convolutional neural network (CNN) trained on character recognition 2019). Specifically,
71 we input the CNN with 100x32 pixels images of each the words presented to the subjects in order to convert them into
72 888-dimensional visual embedding vectors. We then fitted a ridge-regularized linear regression across these visual
73 embeddings to predict the MEG responses to the corresponding words presented within random lists. Finally, we
74 estimated the precision of this model-to-brain mapping on out-of-vocabulary predictions with a Pearson R correlation
75 score, hereafter referred to as "brain score".

76 A spatio-temporal summary of the brain scores obtained with the CNN are displayed in Figure[2] Overall, our results
77 confirm that single-trial brain responses can be linearly predicted by the activations of a deep CNN, with a peak brain
78 score of R=8.4% + .46% (standard error of the mean across subjects) in the early visual cortex at 150 ms. Note that
79 the present MEG brain scores are substantially lower than those reported with analogies fMRI and electrophysiology
8o studies (Yamins et al}, 2014} Jain and Huth| 2018} [Huth et all, 2016), partly because we here predict individual recording
g1 samples rather than averaged responses or noise-corrected repetitions. These effects are nonetheless robust across
g2 subjects (Supplementary Figure 1).
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Figure 3: A. Brain scores of a 256-dimensional CBOW Word2Vec embedding, trained with a context size of 5 words
at different training stages (full corpus size: 278M words from Wikipedia), as a function of time (averaged across
MEG senors). B Same as (A) using a Skip-gram Word2Vec. C. Averaged brain scores obtained across time, space
(all MEG channels) and subjects (y-axis), for each of the word embedding of CBOW Word2Vec embeddings (dots,
n=6,889 models in total) as a function of their training (x-axis) and performance on the training task (color) (see
methods for details). D. Same as (C) using a Skip-gram Word2Vec. E-G. Averaged Brain scores obtained as a function
of the objective (CBOW vs Skipgram), context size and dimensionality, irrespective of other properties (e.g. training,
performance etc). Error bars indicate the 95% confidence interval. H. Feature importance estimated from a random
forest regressor fitted for each subject separately (dots, n=95) to predict the brain scores (averaged across time and
space) of an embedding model given its loss, training step, objective, context size and dimensionality. Overall, the
performance of word embedding has a modest and non-monotonic impact on brain scores.

83 Word embeddings specifically correlate with late, distributed and lateralized brain responses to words

s+ Visual embeddings cannot capture the arbitrary meanings of written words. Word semantics, however, is partially
85 captured by algorithms trained to predict word vectors from their context (CBOW) or vice versa (Skipgram, (Mikolov|
86 2013)). We thus applied the above brain score analysis with Word2Vec embeddings, in order to identify where
g7 and when semantic representations may account for brain responses above and beyond low-level visual features.

88 Word2Vec (Mikolov et al), 2013)) trained with a CBOW objective better predicted brain responses than the visual
ss embeddings of the CNN from ~ 200ms, and with a peak difference around 400ms (mean AR = 1.6% across sources
o and subjects) especially in the left-lateralized temporal and prefrontal responses (statistics summarized in Figure 2C).
91 These results confirm that the corresponding brain regions specifically generate lexical representations.

92 Word embeddings do not systematically converge towards brain-like representations

93 To test whether the similarity between word embeddings and cortical responses is fortunate or principled, we trained
94 18 word embeddings varying in random seeds , dimensionality (n € 128,256, 512), context sizes (n € 2,4, 6) and
95 learning objectives (Skipgram vs CBOW). We then estimated for each of them, how their brain score (averaged over
96 time and independently of brain location) varied as a function of their training steps (cf. Methods) and performance on
97 the training task (log-likelihood on a test set, cf.SI-2-4). Note that, because losses between architectures are hardly
98 comparable because their training tasks differ, we here focus on their relative performance (%): i.e. the loss at a current
9o step divided by the final loss. Figure [3|summarizes how the average brain scores vary with each structural and functional
100 properties word embeddings’.

101 We then used the feature-importance analysis of random forests 2001), in order to quantify the independent
102 impact of each model property (relative performance, context size, dimensionality, CBOW or Skipgram objective and
108 training step) on the final brain scores (cf. Methods). The dimensionality (AR? = 7% £ 0.8%, p < 10716, as estimated
104 with a second-level Wilcoxon test across subjects), the context size (10% =+ 0.6%, p < 10~16) and the performance of
105 the model (AR? = 6% =+ 0.7%, p < 10716) significantly but modestly varied the extent to which a word embedding
106 linearly correlates with brain responses to words. By contrast, the amount of training (AR? = 64% + 2%, p < 10716)
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Figure 4: A. Average brain scores across time (0 - 2 sec after word onset) and subjects for Word2Vec (top), the
ninth layer of a 13-layer Causal Language Transformer (CLT, middle) and the difference between the two (bottom) in
response to words presented within sentences. B. Average brain scores within each region-of-interest (panels) obtained
with the CNN (gray), Word2Vec (color) and the CLT (black). C. Second-level statistical comparison across subjects of
the brain scores obtained within each region-of-interest (averaged from O - 2 s) with Word2Vec (color) and the CLT
(black), resulting from a two-sided Wilcoxon signed-rank test. Error bars are the 95% confidence intervals of the scores’
distribution across subjects. See Movie 2 for additional results.

107 and the learning objective (CBOW vs Skipgram) (AR? = 50% =+ 3%, p < 10716 ) appeared to be important predictors
108 of whether an embedding would linearly correlate with brain responses to words.

109 To our surprise, however, brain scores did not vary monotonically with the training and performance of word embeddings.
110 For example, the brain scores of CBOW-trained Word2Vec steeply increased at the beginning of training, decreased
111 after 60 training steps (i.e. after having been exposed to 3M words and 155,000 distinct words), and finally reached
112 a plateau after 3,000 training steps ( 150M words and 750,000 distinct words). (Fig. [3]C). Similarly, the Word2Vec
113 embeddings trained with a skip-gram objective reached a plateau around only five training steps (i.e. /250,000 words).

114 Together, these results suggest that training word embedding algorithms does not make them systematically converge to
115 brain-like representations.

116 Contextualized word embeddings specifically correlate with the delayed responses of the bilateral prefrontal
117 and temporal cortices

118 Word embeddings are not contextualized: i.e. words are associated with a unique vector, independently of the context in
119 which they are used. Yet, the meaning of a sentence depends not only on the meaning of its words, but also on the rules
120 used to combine them (Dummett, |1981). To test whether modern language models systematically combine words into
121 representations that linearly correlate with those of the human brain, we applied the above brain score analyses with the
122 contextualized word representations generated by a variety of transformers (Devlin et al., 2018} [Vaswani et al., 2017
123 |Radford et al.,|2019) - state-of-the art deep neural networks trained to predict words given a context. To make sure that
124 the models, like the brain, process and combine words sequentially, we restrict our analyses to causal transformers (i.e.
125 unidirectional, from left to right) (CLT), and now focus on the brain responses to words presented within isolated but
126 meaningful sentences.

127 Figure[d summarizes the brain scores obtained with visual, word and contextualized word embeddings, generated by the
128 visual CNN, a representative Word2Vec embedding and the ninth layer of a representative 13-layer CLT, respectively.
129 Video 2 displays the brain scores obtained with the visual CNN (blue), as well as the gain in brain scores obtained with
130 the Word2Vec embedding (green) and the gain in brain scores obtained with the ninth layer of a CLT (red). Overall, the
131 spatio-temporal brain scores obtained with visual and word embeddings in the context of sentences were largely similar
132 to those obtained in the context of random word lists: the former peaked around 100 ms in the primary visual cortex and
133 rapidly propagated across the reading network, whereas the latter peaked around 400 ms and were primarily distributed
134 over the left temporal and frontal cortices (Figure[d Video 2). The contextualized word embeddings led to significantly
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Figure 5: A. Gain in brain score (y-axis) between the representation extracted from each layer of a 13-layer CLT
(x-axis) and its input layer (average across all time samples). Each line depicts a subject. B. Same as (A) showing the
average effect across subjects for clarity (left), as well as the average gain in brain scores obtained with 8-layer and
4-layer CLT. C. Brain scores averaged over time and models as a function of their dimensionality (left), number attention
heads (middle) and total number of layers (right) D. Brain scores (averaged time and subjects, y-axis) for the first
(non-contextualized) layer of 594 CLTs (18 architectures x 33 color-coded training steps). Each dot corresponds to the
averaged brain score of a frozen model. E. Same as D using the middle layers of the CLTs (% < layer < 2%).
F. Same as D using the deepest layers of the CLTs (layer > 2%). G. Feature importance estimated, for each subject
separately (dots, n=95), with a random forest fitted to predict the average brain score from the model’s hyperparameters
(number of attention heads, total number of layers, and dimensionality of its layers), training step and performance, as
well as from the layer relative depth of the layer used to compute this brain score. Error bars are the 95% confidence

intervals of the scores’ distribution across subjects.

135 higher brain scores than word embeddings especially one second after word onset. These improvements in brain scores
136 peaked in the bilateral temporal and prefrontal cortices, especially around the infero-frontal cortex, anterior temporal
137 lobe and middle and superior temporal gyrus. Overall these results show that we can precisely track the formation of
138 visual, lexical and compositional representations in the expected brain regions (Price}, 2010; [Dehaene and Cohen, 2011}
139 |Hagoort, [2019).

140 Middle layers converge towards brain responses while outer layers diverge away from them

141 Is the gain in brain score obtained with the middle layer of a 13-layer CLT fortunate or, on the contrary, does it reflect a
142 convergence of these modern language models towards brain-like representations? To address this issue, we trained 18
143 CLT varying in dimensionality (n € 128, 256, 512), number of attention heads (n € 4, 8) and total number of layers
144 (n € 4,8,12) but all trained on the same Wikipedia corpus. We froze each of these networks at different training
145 stages (cf. Methods), input them with the word sequences that were presented to the subjects, and extracted their
146 representations from each of their layers in order to estimate the corresponding brain scores.

147 First, we observed that, at the end of training, the middle layers weakly but systematically outperformed outer layers
148 (e.g. first and last): e.g. the difference in brain scores between the middle and output layers of a 13-layer CLT
149 was above chance (AR = 1%, +0.06 across subjects, p < 10729) and this difference holds across architectures
150 (AR = 0.75% = 0.15 across architectures, p < 10~ as assessed with a second-level Wilcoxon test across subjects,
151 Figure[5A-B).

152 Second, we investigated how the brain score of each layer varied with the training and the accuracy of the artificial
153 neural network, to predict the word following a context (cf. Methods, Supplementary Figure 3). On average, the
154 brain scores of the input layer increased within the 400k first training steps (= 800/ processed words), but ultimately
155 presented a steady decrease over training steps (Figure[3): Pearson correlation between training steps and brain scores:
156 R=-63% +3.1%p < 10734, FigureD). The brain scores of the deepest layers (layer above the 66" percentile of
157 the model’s depth) also rapidly started to decrease with training:—35% =+ 2.6% correlation after 2 epochs, p < 102!
158 (Figure [5|F). By contrast, the brain scores of the middle layers (layer in between the 33t" and the 66" percentile of the
159 model’s depth) systematically increased with the training of the model (R = 33% % 1.5%, p < 10735, FigureE).
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160 To summarize how brain scores are independently modulated by the models architecture, their training and the relative
161 depth of their representations, we implemented a feature analysis across models based on a random forest (Figure
162 ). These results confirmed that the relative depth of the extracted representation (AR? = 120% =+ 3%, p < 10716),
163 the performance of the models on language modeling (AR? = 59% =+ 2%, p < 10~'¢) and the network’s amount
164 of training (AR? = 2% + 0.4%, p < 10715) had each a major impact on brain scores (Figure ). By contrast, the
165 dimensionality of the layers and total number of layers modestly influenced the brain scores (AR* < 0.3%).

166 Overall, these results suggest that, beyond the marginal effects of the models’ architectures, the middle - but not the
167 outer - layers of deep language models systematically converge towards brain-like representations.

s 3 Discussion

169 Whether modern A.IL algorithms converge to the computational solutions of the human brain, or whether they simply
170 find far-out tricks to superficially mimic human behavior is largely unknown. Following recent achievements in
171 electrophysiology (Yamins et al.,[2014; Tang et al.,|2018)) and neuroimaging (Khaligh-Razavi and Kriegeskortel 2014;
172 [Kriegeskorte, |2015} |Giiclii and van Gerven, [2015; [Eickenberg et al., [2017; Huth et al., 2016} [Toneva and Wehbel [2019;
173 |Kell et al., [2018)), we here tackled this challenge on the restricted issue of word and sentence processing by assessing
174 how brain responses to random word lists (Figure 2] [3)) and meaningful sentences (Figures[d and[5} Video 2) variably
175 correlated with different (parts of) artificial neural networks depending on their architectures, training and language
176 performances.

177 Our results reveal how and when the reading network transforms written words into visual, lexical and compositional
178 representations. In particular, the sequential recruitment of the early visual cortex and of the fusiform gyrus match and
179 extend previous fMRI and electro-cortigography studies (Dehaene and Cohenl [2011; Hermes et al., 2017). Furthermore,
180 the brain scores obtained with word embeddings delineate a neural code of word semantics distributed over the frontal,
181 temporal and parietal cortices similarly to what has been reported in recent fMRI studies (Mitchell et al.| 2008}, Jain and
182 |Huth|, 2018} [Toneva and Wehbel, 2019)). Finally, the compositional representations of deep language models peaked
183 precisely in the brain regions traditionally associated with high-level sentence processing (Pallier et al.,[2011; [Hickok
184 |and Poeppel, [2007; [Brennan and Pylkkénen| 2017). As expected (Fedorenko et al.| 2010; (Cogan et al.,|2014), most
185 of these effects appeared left-lateralized, but significantly recruited both hemispheres. As usual, such MEG source
186 estimates, however, should be considered with parsimony (Baillet, 2017). In particular, the ventro-medial prefrontal and
187 anterior cingulate cortices presently observed (Video 2) are specific to language processing. Their responses could thus
188 relate to cognitive processes, that are not specific to language, such as emotional evaluation and working memory load.

189 Critically, we found that the middle - but not the outer - layers of modern deep language models become increasingly
190 similar to brain activity as they learn to accurately predict the word that should follow a given context. This suggests
191 that the way language models learn to combine - as opposed to represent - words converges to a brain-like solution.
192 We should stress, however, that this convergence is almost certainly partial. First, current language models are still far
193 from human-level performance on a variety of tasks such as dialogue, summarization, and systematic generalization
194 (Loula et al.| [2018}; |Zellers et al., 2019). In addition, they can be disrupted by adversarial examples (Nie et al., 2019).
195 Finally, the architecture of the popular transformer network (Vaswani et al., 2017) is in many ways not biologically
196 plausible: while the brain has been repeatedly associated with a predictive coding architecture, where prediction errors
197 are computed at each level of an interconnected hierarchy of recurrent networks (Friston, [2010), transformers access an
198 unreasonably large buffer of words through an attentionally-gated set of "duplicated" feedforward networks, which
199 together only compute prediction errors at their final layer. In light of these major architectural differences, it is thus
200 remarkable to see that the brain and the middle layers of these models find a partially common solution to language
201 processing.

202 The reason why outer layers fail to converge to brain-like representations surprised us, as word embedding have been
203 repeatedly used to model brain activity (Mitchell et al., 2008; Sassenhagen and Fiebach,|2019; Huth et al., 2016). We
204 can speculate that this phenomenon results from the way language models are trained. Specifically, language models
205 aim to predict words from other words. Presumably, this artificial task is best achieved by learning syntax, pragmatics
206 as well as general knowledge, which, together can help transform a series of words into a meaningful construct -
207 meaningful construct which can then be used to constrain the probability of subsequent words. By contrast, the human
208 brain may use a different objective (Richards et al.; Friston, 2010): e.g. maximizing the information exchange during
209 dialogue, predicting the trajectory of a narrative or minimizing surprise at each the level of representational hierarchy -
210 as opposed to minimizing lexical surprise. These alternative objectives may happen to also necessitate words to be
211 combined into meaningful constructs: i.e. to necessitate going through representations that are similar to the networks’.
212 While speculative, this issue highlights the necessity, both for A.I. and cognitive neuroscience, to explore further what
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213 the brain aims to achieve during language processing (i.e. finding the learning objective), rather than how it achieves it
214 (i.e. finding the representations necessary to achieve this goal).

215 Finally, the present study only starts to elucidate the precise nature of linguistic representations in the brains and
216 artificial neural network. Similarly, it only starts to unravel the complex interplay between the regions of the language
217 network. How the mind builds and organizes its lexicon and how it parses and manipulate sentences thus remain open
218 questions. We hope that the present workwill serve as a stepping stone to progress on these historical questions.

219 4 Methods

220 4.1 Models

221 We aimed to compare brain activity to three families of models, targeting visual, lexical and compositional representa-
222 tions, respectively.

223 Visual Network

224 To model visual representations, every word presented to the subjects were rendered on a gray 100 x 32 pixel background
225 with a centered black Arial font, and input to a VGG network pretrained to recognize words from images (Baek et al.|
226 [2019), resulting in 888-dimensional embeddings. These embeddings aim to replicate previous work on the similarity
227 between visual neural networks and brain activity in response to images (e.g. (Yamins et al., 2014; |Kriegeskorte, [2015;
228 |Gucli and van Gerven, 2015))) while ensuring that the stimuli input to the network are similar to those used for their
229 fraining.

230 Word embedding networks

231 To model lexical representations, every word presented to the subjects was lower-cased and input to Word2Vec models
232 (Mikolov et al.l |2013)). Word2Vec consists of a one-hidden-layer neural network stacked on a look-up-table (also
233 called embedding layer). Depending on the learning objective, they were trained to predict the current word w; given
234 its context wy_g, ... Wy—2, Wr—1, Wet1, Wy, ... W4 (Continuous Bag-Of-Words, CBOW), or the context given the
25 current word (a.k.a Skip-gram). The models were trained using Gensim implementation (Rehtifek and Sojkal 2010)
236 (hyper-parameters: batch size of 50,000 words, 0.001 sampling, hierarchical soft-max, i.e without negative sampling),
237 on 288,450,116 lower-cased, tokenized (regexp tokenizer from Gensim) words from Wikipedia, without punctuation.
238 We restricted the vocabulary to the stimuli words used in the present MEG study and to the words that appeared at least
239 5 times in the training corpus (resulting in & 820K distinct vocabulary words in total).

240 To evaluate the networks’ performance, we computed their loss (negative-log-likelihood) on a test dataset of 458,622
241 words from Wikipedia. Losses between CBOW and Skip-Gram with various context sizes are hardly comparable
242 because the training task differ. We thus reported (3), for each network, its performance stage (%), from worst (0%) to
243 the best performance (100%).

244 In total, we investigated 18 Word2Vec architectures varying in learning objective (Skipgram vs CBOW), dimensionality
245 (€ [128,256,512]) and context size during training (k € [2, 4, 6]) for three different random seeds. We froze each
246 network at different training stages: 130 steps between initialisation and epoch 1,000. Networks were stopped after 3
247 days of training on 6 CPUs independently of their training stages, resulting in 6,889 models of non-contextualized word
248 embeddings in total (see Supplementary Information for model details).

249 Causal Language Transformer

250 To model compositional representations (in the sense of non-linear interactions between words), we extracted the
251 contextualized word representation of a variety of transformers trained on language modeling (Vaswani et al.,|2017).
252 We restricted our analyses to causal networks (i.e unidirectional, processing words from left to right) to facilitate the
253 interpretation of the model-to-brain mapping. For example, given the sentence "THE CAT IS ON THE MAT", the brain
254 responses to "ON’ are solely compared to the activations of CLT input with "THE CAT IS ON’. CLT representations
255 were generated for every word, by generating word sequences from the three previous sentences. We did not observe
256 qualitatively different results when using longer contexts. Note that sentences were isolated, and were not part of a
257 narrative.

258 Algorithms were trained on a language modelling task using XLM implementation (see Supplementary Information for
259  details on the hyper-parameters) (Lample and Conneau,2019), on the same Wikipedia corpus of 278,386,651 Wikipedia
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260 words extracted using WikiExtractorE]and pre-processed using Moses tokenizer (Koehn et al.), with punctuation. We
261 restricted the vocab to the 50,000 most frequent words, concatenated with all of the words used in the study (50,341
262 vocabulary words in total). These design choices enforces that the difference in brain scores observed across models
263 cannot be explained by differences in corpora and text preprocessing.

264 To evaluate the networks’ performance on language modeling, we computed their perplexity (exponential of the entropy)
265 and their accuracy (accuracy at predicting the current word given previous words) on a test dataset of 180,883 words
266 from Wikipedia. Note that we had to use a larger test dataset to evaluate Word2Vec networks because of the loss was
267 not stable.

268 In total, we investigated 18 distinct CLT architectures varying in dimensionality (€ [128, 256, 512]), number of layers
269 (€ [4,8,12]) and attention heads (€ [4, 8]). We froze the networks at 33 training stages between initialisation and epoch
270 200. The CLTs were stopped after 3 days of training on 8 GPUs, resulting in 579 CLT models in total, and 5,223
271 contextualized word representations (one per layer).

272 4.2 Magneto-encephalography

273 One-hundred and two subjects performed a one-hour-long reading task while being recorded with a 257 CTF magneto-
274 encephalography (MEG) scanner by Schoffolen and colleagues (Schoffelen et al.2019). Words were flashed one at a
275 time to the subjects, and grouped into sequences of 9 - 15 words ("word sequences"), for a total of approximately 2,700
276 words per subject. The inter-stimulus interval varied between 300 ms and 1,400 ms, and the inter-sequence interval
277 consisted of 5s-long blank screen. Word sequences were either meaningful sentences, or random word lists. Sentences
278 and word lists were blocked into five sequences. Twenty percents of the sequences were followed by a yes/no question
279 about the content of the previous sentences (e.g. "Did grandma give a cookie to the girl?) and word lists (e.g. Was the
280 word ‘grandma’ mentioned?) to ensure that subjects were paying attention.

281 The 257 MEG time series were pre-processed using the Python library MNE (Gramfort et al.} 2014). Signals were
282 band-passed filter between 0.1 and 40 Hz filtered using MNE default parameters and segmented between -0.5s to 2s
283 relative to word onset.

284 Seven subjects were excluded from the analyses because of difficulties processing metadata.

285 4.2.1 Brain score

286 To assess the linear relationship between the MEG signals of one subject and the activations of one artificial neural
287 network (e.g a word embedding, or the activations of the first layer of a CLT), we split the subject’s MEG samples into
288 K train-test folds (test folds=20% of words, K=5). For the analyses of word lists (section[2] 2 [2), train and test sets
289 contained separate words (out-of-vocabulary cross-validation). For the analyses of "sentences’ (section [2] [2), train and
200 test sets contained separate sentences. For each train fold, |T'| cross-validated ridge regressions were fitted to predict
201 the MEG signal elicited ¢ seconds after the word onset, given the corresponding word embedding as input (¢t € T', |T|
202 varies between 6 and 180 depending on the experiment, cf. [4.3.T). We used the RidgeCV regressor from scikit-learn
293 (Pedregosa et al.l 2011), with penalization parameter varying between 102 and 108 (20 values, logarithmically scaled)
294 to reliably optimize hyperparameters on each training set.

205 We then evaluated the performance of the K « |T| ridge regressions fits by computing the Pearson’s correlation between
206 predicted and actual MEG on test folds. We obtained K x |T'| correlation scores, corresponding to the ability the
297 network’s activations to correlate with brain activity at time step ¢, for fold k. We call "brain scores" the correlation
298 scores averaged across folds.

209 4.2.2 Source reconstruction

soo To evaluate the anatomical location of these effects, we performed the brain scores on source-reconstructed MEG
301 signals, by correlating the single-trial source estimates ("true" source) with the single-trial source predictions generated
302 by the model-to-brain mapping regressions.

303 To this aim, Freesurfer (Fischl,2012) was used to automatically segment the T1-weighted anatomical MRI of individual
304 subjects, using the recon-all’ pipeline. We then manually co-referenced the subjects’ segmented skull with the head-
sos markers digitized prior to the MEG acquisition. A single-layer forward model was made using MNE-Python’s default
so6 parameters (Gramfort et al.,2014). Because of lack of empty-room recordings, the noise covariance matrix used for the
307 inverse operator was estimated from the zero-centered 200ms of baseline MEG activity preceding word onset.

"https://github.com/attardi/wikiextractor
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a8 The average brain responses of Figure[I|C were computed as the square of the source-reconstruction of the average
309 evoked related field across all words for each subject separately, then averaged across subjects and finally divided by
310 their respective maxima, in order to highlight temporal differences. Region-of-interest analyses were selected from
311 the PALS Brodmann’ area atlas (Van Essen, [2005) and the Destrieux Atlas segmentation (Destrieux et al., [2010) to
312 summarize these large-dimensional effects. Movie 1 displays the non-normalized sources. The model-to-brain mapping
313 regressions fitted across the baseline-corrected sensors Y27 °°"® were used to generated single-trial predictions at
314 the sensors levels Y5279°7¢. Then, both Y2759 and Y 5575°"¢ were projected onto the subjects’ source space using
315 a dSPM inverse operator with default parameters (e.g. fixed orientation, depth=0.8 and lambda2=1). Finally, the

316 brain-score was computed from the correlation between Y7217°¢® and Y 5207¢°,

317 4.3 Statistics

sie 4.3.1 Convergence analysis

19 All neural networks but the visual CNN were trained from scratch on the same corpus (cf|.1]and[4.T)) and systematically
320 computed the brain scores of their activations on each subject, sensor and time sample independently. For computational
s21 reasons, we restricted ourselves to six representative time samples regularly distributed between € [—400, 1, 600]ms.
322 Brain scores were then averaged across channels, time samples and subjects to obtain the results in Figure [3|and[5] To
323 evaluate the convergence of a model, we computed, for each subject, the Pearson’s correlation between the brain scores
s24 of the network and its performance and/or its training step.

325 4.3.2 Feature importance

326 To systematically quantify how the architecture, the performance and the learning of the artificial neural networks
327 impacted their ability to linearly correlate with brain activity, we fitted, for each subject separately, a random forest
328 across the models’ properties (e.g. dimensionality, training stage) to predict their brain scores, using scikit-learn’s
329 RandomPForest (Breiman, |[2001; Pedregosa et al.,[2011). The performance of the random forests (R?) was evaluated
330 with a 5-fold cross-validation across models for each subject separately.

a3t For Word2Vec embeddings (Figure[3), we used the learning objective (skip-gram versus continuous-bag-of-words),
s32 the context size during training (€ {2,4, 6}, the dimensionality (€ {128, 256,512}), the performance stage the model
sz (€ [0, 1], cf. Word embedding networks) and its training stage (epochs), as the input data to the random forest.

s34 For CLT embeddings (Figure , we used the number of attention heads (€ [4, 8]), total number of layers (€ [4, 8, 12]), di-
335 mensionality (€ [128, 256, 512]), training step (epochs, € [0, 200]), accuracy and the relative depth of the representation

sse (between 0 and 1, depth = nl’“ﬁ), as the input data to the random forest.
layers

337 In both case, we implemented a "feature importance" analyses to assess the contribution of each characteristic on
ass  brain-score. Feature importance measures AR?: the decrease in R? when shuffling one feature repeatedly (here,
339 Npepeats = 100). For each subject, we reported the average decrease across the cross-validation folds (Figure@,@). The
340 resulting importance score (A R?) observed per feature, are expected to be centered around 0 if the model property does
341 not impact on brain-score, and positive otherwise. Note that the decrease in R2 can be greater than one when the model
a2 performs worse than chance (with negative R2) when shuffling a feature.

a3 4.3.3 Population statistics

344 For clarity, most figures report average effect sizes obtained across subjects. To estimate the robustness of these
345 estimates, we systematically performed second-level analyses across subjects. Specifically, we applied Wilcoxon
s46  signed-rank tests across subjects’ estimates to evaluate whether the effect under consideration was systematically
s47  different from chance level.

348 Error bars and =+ refer to standard of the mean intervals.

s49 4.4 Ethics

350 This study was conducted in compliance with the Helsinki Declaration. No experiments on living beings were performed
ss51  for this study. These data were provided (in part) by the Donders Institute for Brain, Cognition and Behaviour after
352 having been approved by the local ethics committee (CMO - the local “Committee on Research Involving Human
353 Subjects” in the Arnhem-Nijmegen region).
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