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Abstract

Linking computational natural language processing (NLP)
models and neural responses to language in the human brain
on the one hand facilitates the effort towards disentangling the
neural representations underpinning language perception, on
the other hand provides neurolinguistics evidence to evaluate
and improve NLP models. Mappings of an NLP model’s rep-
resentations of and the brain activities evoked by linguistic in-
put are typically deployed to reveal this symbiosis. However,
two critical problems limit its advancement: 1) The model’s
representations (artificial neurons, ANs) rely on layer-level
embeddings and thus lack fine-granularity; 2) The brain ac-
tivities (biological neurons, BNs) are limited to neural record-
ings of isolated cortical unit (i.e., voxel/region) and thus lack
integrations and interactions among brain functions. To ad-
dress those problems, in this study, we 1) define ANs with
fine-granularity in transformer-based NLP models (BERT in
this study) and measure their temporal activations to input
text sequences; 2) define BNs as functional brain networks
(FBNs) extracted from functional magnetic resonance imag-
ing (fMRI) data to capture functional interactions in the brain;
3) couple ANs and BNs by maximizing the synchroniza-
tion of their temporal activations. Our experimental results
demonstrate 1) The activations of ANs and BNs are signif-
icantly synchronized; 2) the ANs carry meaningful linguis-
tic/semantic information and anchor to their BN signatures;
3) the anchored BNs are interpretable in a neurolinguistic
context. Overall, our study introduces a novel, general, and
effective framework to link transformer-based NLP models
and neural activities in response to language and may pro-
vide novel insights for future studies such as brain-inspired
evaluation and development of NLP models.

Introduction
Linking computational natural language processing (NLP)
models and neural responses to language in the human brain
has attracted increasing interest recently. On the one hand,
computational NLP models facilitate the effort towards dis-
entangling the neural representations and cortical structures
underpinning language perception (Caucheteux and King
2021; Schrimpf et al. 2020; Goldstein et al. 2020). On the
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other hand, researchers have also attempted to leverage data
and evidence from neurolinguistics to evaluate and improve
NLP models (Schwartz, Toneva, and Wehbe 2019; Toneva
and Wehbe 2019; Marvin and Linzen 2018).

The relationship between NLP models and neural re-
sponses is typically established by building a mapping be-
tween the feature space and the brain activity space. The
feature space is spanned by the featural representations in
NLP models, referred to as the responses of artificial neu-
rons (ANs). The brain activity space describes the quantita-
tive brain activities extracted from functional neuroimaging
data, referred to as activations of biological neurons (BNs).

The successful deployment of such a framework leads to
fruitful discoveries in both neurolinguistics and computa-
tional NLP modeling. However, two critical problems re-
main: 1) The feature space is lacking in fine-granularity.
Most existing studies adopt layer-level embeddings as NLP
features. As argued in previous studies, a fine decomposition
of a model’s components and measurement of their internal
representations and operations are among the keys for map-
ping the elementary units of NLP to their neurobiological
counterparts(Hale et al. 2022); 2) The brain activity space
lacks of information about the integration and interaction
of brain functions. Most existing studies treat each voxel
or brain region as an independent brain activity unit, ignor-
ing the complex regional/systematical interactions (coacti-
vations or activation-deactivation) in the human brain that
have been widely observed in the process of language per-
ception (Xiong and Newman 2021; Saurabh et al. 2019).

We sought to address the following questions:
• How to define the ANs with fine-granularity in

transformed-based NLP models? How can their activa-
tions be quantified?

• Do those ANs carry meaningful linguistic/semantic in-
formation?

• Do those ANs anchor to their BN signatures that can re-
veal functional interaction in the brain? Are the BNs they
anchored interpretable in a neurolinguistic perspective?

To this end, we propose a general framework for coupling
the ANs in transformer-based NLP models and the BNs in
the human brain. We adopt the “Narrative” fMRI dataset
(Nastase et al. 2021) which were acquired while human sub-
jects listening to naturalistic spoken stories to implement the
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framework. In brief, we use the pre-trained BERT model
(Devlin et al. 2018) to embed the transcript of the stories.
We define each hidden dimension in the multi-head self-
attention module as a single AN. The temporal activation of
an AN is quantified according to the element-wise product
of the queries and keys. We then adopt the fMRI data de-
composition model based on sparse deep belief network to
identify BNs in the human brain and retrieve their temporal
activations. The coupling between ANs and BNs is achieved
by maximizing the correlations between their temporal acti-
vations. Finally, we provide neurolinguistic interpretation of
the coupled AN-BN pairs in terms of part-of-speech tags.

Our experimental results show: 1) The ANs of BERT de-
fined in this study carry meaningful linguistic information;
2) The ANs well synchronize to BNs and thus anchor to
their BN signatures; 3) The coupled AN-BN pairs are inter-
pretable in a neurolinguistic context.

Related Works
Linking NLP Models and Neural Responses
Despite the fundamental difference from the neural architec-
tures of the human brain, computational NLP models have
been found to show considerable representational alignment
to neural responses (Caucheteux and King 2021; Schrimpf
et al. 2020; Goldstein et al. 2020; Fedorenko et al. 2020),
suggesting that NLP models may serve as potential tools
to explore the representation and neural circuits underpin-
ning linguistic cognition. A linear transformation is typically
trained to map between computational representations of
NLP models and neural responses to the same set of stimuli.
Fitness of the model, also known as “brain score”(Mitchell
et al. 2008), is used to establish the correspondence between
them. Here we briefly summarize related works and a com-
prehensive review is referred to (Abdou 2022).

Early studies focused on linking models’ representa-
tions (e.g, frequency of co-occurrence and concept-relation-
feature triple) of and neural response to isolated word or
phrase (Mitchell et al. 2008; Devereux, Kelly, and Ko-
rhonen 2010; Gauthier and Ivanova 2018; Beinborn, Ab-
nar, and Choenni 2019). Later on, researchers used NLP
models (e.g., context-free grammars, (Levy 2008; Reitter,
Keller, and Moore 2011), n-gram Markov chain (Parviz
et al. 2011), syntactic surprisal estimation (Frank et al. 2015;
Brennan and Hale 2019), recurrent neural network gram-
mar (RNNG,(Hale et al. 2018) and subgraph embeddings
(Reddy and Wehbe 2021), just name a few) to build syn-
tactic features to explore how the brain represents syntactic
structure. NLP models such as auto-regressive RNN (We-
hbe et al. 2014), word embedding built from co-occurrence
statistics (Huth et al. 2016) have been used to depict multi-
levels of perceptual and linguistic abstraction.

The recently advanced NLP models have led to both bet-
ter performance on various linguistics tasks and improved
prediction of neural responses. Schrimpf et al. (Schrimpf
et al. 2020) evaluated a wide variety of NLP models, rang-
ing from simple word embedding to the ones built on self-
attention, based on their predictiveness of neural response
and self-paced reading patterns. Similarly, Caucheteux et al.

(Caucheteux and King 2021) tested even a larger model set
including 7400 models. Subsequently, the authors in (An-
tonello et al. 2021) described the relationships between rep-
resentations derived from 100 different NLP models by us-
ing an encoder-decoder framework to measure the transfer-
ability between different models.

Researchers have also applied computational controls on
models for neurolinguistic studies. Those controls include
varying the input context length (Jain and Huth 2018; Ab-
nar et al. 2019), finetuning a baseline model on a suit
of linguistic tasks and comparing the representations be-
fore and after finetuning (Gauthier and Levy 2019; Abdou
et al. 2021), disentangling composed-from individual-word
meaning (Toneva, Mitchell, and Wehbe 2022) and factor-
izing distributed representations into specific linguistic fac-
tors (e.g., syntax vs. semantics and lexical vs. composi-
tional)(Caucheteux, Gramfort, and King 2021).

Despite the fruitful outcomes, the existing studies that link
self-attention based NLP models to neural responses face
two limitations. First, in most studies the model’s repre-
sentation rely on layer-level embeddings. In spite of lack-
ing an explicit definition of ANs in computational mod-
els, those studies implicitly treat each layer as a single AN.
However, the layer-level representations are derived through
complex internal operations and transformations in multi-
head self-attention (MSA) module. And ”multi-head” itself
originates from the multiple types of attentional relation-
ships among input sequence. Thus, regarding a layer as a
single AN is lacking in fine-granularity. Defining ANs with
fine-granularity and measuring their internal operations are
desired to advance the mapping between the elementary
units of NLP to their neurobiological counterparts, which
is a key objective of this work. Second, the quantification of
neural responses (biological neurons, BNs) in exiting stud-
ies is limited to isolated units of brain voxles or regions.
However, the brain is intrinsically organized in complex
networked systems and brain functions essentially depend
on functional interactions among voxels/regions. Neural re-
sponse quantification that can capture inter-regional interac-
tions is expected to disentangle the neurobiological counter-
parts of NLP models’ elementary units.

Interpretation of Transformer-Based NLP Models
Our study is related to and inspired by the studies that in-
terpret transformer-based NLP models based on visualiza-
tions. Different aspects of the model have been visualized,
for example, the attention maps(Vig 2019; Clark et al. 2019;
Aken et al. 2020), the relationship between attention and
model outputs (Jain and Wallace 2019), attention flow (Ab-
nar and Zuidema 2020), evolution of representations(Voita,
Sennrich, and Titov 2019), the analysis of captured linguis-
tic information via probing (Tenney, Das, and Pavlick 2019),
and multilinguality(Dufter and Schütze 2020). In particular,
some visualization tools (Vig 2019; Clark et al. 2019; Aken
et al. 2020) explore views at different levels of granular-
ity, the attention-head view visualizing the attention patterns
generated by one or more attention heads in a given layer,
the model view visualizing attention across all of the layers
and heads, and the neuron view visualizing the individual
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dimension in the query and key vectors. The neuron view
inspired us to define fine-granularity ANs in transformer-
based NLP models, however, measuring the temporal acti-
vations of ANs has rarely been formulated, which motivated
us to explore new methodologies in this work.

Functional Brain Networks in fMRI
Functional brain network (FBN) is widely used to ex-
plore the segregational and integrational organizations of the
brain(Park and Friston 2013). Numerous approaches have
been proposed to identify FBNs in fMRI data, among which
data-driven latent variable learning methods based on deep
neural networks (DNNs) have proven superb performance
compared to those built on conventional shallow matrix fac-
torization models(Hjelm et al. 2014; Hu et al. 2018; Zhang
et al. 2019; Huang et al. 2018). The latent variables to learn
are either spatial maps that cover brain voxels exhibiting
similar temporal fluctuations or time courses that are rep-
resentative fluctuation patterns, depending on volumetric or
time serial input strategy.

Methods
Formulation of the Framework
The basic idea to link the ANs in transformed-based NLP
models and the BNs in the human brain is to synchronize
their temporal activations that respond to the same set of
external stimuli (Fig. 1). Let F:S→Ya represents ANs, and
fi(S) represents the temporal activation of neuron fi with
respect to external stimulus S. Similarly, let G:S→Yb rep-
resents BNs, and gj(S) denotes the temporal activation of
neuron gj to S. The BN that is anchored by an AN fi is
identified according to Eq. 1.

Sync(fi, G) = argmax
gj∈G

δ(fi, gj) (1)

where δ(·) is a function measuring the synchronization be-
tween the two temporal activations. The AN that is anchored
by a BN gi is identified similarly according to Eq. 2.

Sync(gi, F ) = argmax
fj∈G

δ(gi, fj) (2)

We use the Pearson correlation coefficient (PCC) as a simple
but effective δ(·) to measure the synchronization. We define
ANs and BNs, as well as their temporal activations that re-
sponse to input sequence in the following sections.

ANs and Their Temporal Activations
A key component in transformer-based NLP model is
the multi-head self-attention (MSA) module. The atten-
tion score matrix A = softmax(QTK/

√
d) character-

izes how the model attends to different parts of the input
(Fig. 2a), where Q = {q1, q2, · · · , qn} is the query set,
K = {k1, k2, · · · , kn} is the key set, d is the embedding di-
mension in MSA, and n is the number of tokens in the input
sequence. After removing the softmax operation for simpli-
fication, a single entry in the attention matrix is formulated
as aij = qi · kj =

∑d
1 qi · ×kj (Fig. 2b), where ·× denotes

Figure 1: The framework for coupling artificial neurons in
BERT and biological neurons in the brain.

element-wise product. It is straightforward that each dimen-
sion of the element-wise product of qi and kj contributes
differently to the dot product and hence attention. Thus, we
define each dimension of the query/key vector in the MSA
as an individual AN in the BERT model (Fig. 2c). In this
way, we can define NL ×NH × d (e.g., 9216 in BERT) ANs
in transformer-based NLP models, where NH and NH are
the numbers of layers and heads, respectively.

We then quantify the temporal activation of an AN to
external stimuli. Aligning the temporal activations of ANs
and BNs is a prerequisite to measure the synchronization
between them. To this end, the input text sequence is to-
kenized and partitioned into subsets according to the tem-
poral resolution (repetition time, TR=1.5s in this study)
of fMRI sequence. Let {t1, t2, · · · , tm} denote the m to-
kens in the j-th subset (corresponding to the j-th time
point in fMRI), Ql,h

j = {ql,h1 , ql,h2 , · · · , ql,hm } and Kl,h
j =

{kl,h1 , kl,h2 , · · · , kl,hm } denote the queries and keys in the h-th
head and l-th layer of BERT, respectively. The i-th dimen-
sion of the corresponding element-wise product EPl,h,i

j ∈
Rm×m (Fig. 2) measures how a single dimension in the
query/key vector (a single AN) contributes to the calcula-
tion of attentional relationship among all the m queries and
m keys. In other words, the attention matrix can be factor-
ized into d independent components (Fig. 2c). Thus, we de-
fine the activation of a single AN at time point j as the mean
of the entries in EPl,h,i

j . The temporal activations of an AN
is derived by iterating through all the token subsets (time
points), followed by convolution with a canonical hemody-
namic response function (HRF) implemented in SPM1 to
count for compensation for hemodynamic latency.

BNs and Their Temporal Activations
We treat an FBN as a single BN. We adopt a well-established
fMRI analytical approach, namely, the volumetric sparse
deep belief network (VS-DBN)2 to identify FBNs in fMRI
data (Dong et al. 2019). In brief, the VS-DBN takes a vol-
ume of the fMRI sequence as a feature and each time frame
as a sample (Fig. 3a). The VS-DBN model consists of three
layers of restricted Boltzmann Machines (RBMs).The first
RBM is with N visible units, where N is the number of

1https://www.fil.ion.ucl.ac.uk/spm/
2https://github.com/QinglinDong/vsDBN
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Figure 2: The definitions of AN and its activation in BERT.
(a) The simplified attention matrix by removing the soft-
max operations. (b) The contribution of each dimension
in query/key to the attention matrix. (c) The element-wise
product of queries and keys. (d) The AN’s activation is mea-
sured by each dimension of the element-wise product.

valid voxels in the fMRI volume (Fig. 3b). The VS-DBN
is trained to discover a set of latent spatial maps, each of
which consists of voxels exhibiting similar fluctuation pat-
terns over time and represents the spatial distribution of an
FBN. The weights in RBMs are trained layer-wisely with
an L1 penalty to enforce sparsity. The linear combination
approach that performs successive multiplication of weights
from the third to the first RBM (Fig. 3c) is used to generate
the global latent variables W. Each column in W represents
a spatial map (Fig. 3d). The number of FBNs is determined
by the number of hidden units (m) in the third RBM layer.
The responses of a single hidden unit in the third RBM (Fig.
3e) to the entire input fMRI sequence is the corresponding
time series of an FBN and thus is regarded as the temporal
activation of an FBN (Fig. 3f).

Experiments
Dataset and Preprocessing
We use the “Narratives” fMRI dataset (Nastase et al. 2021)
in this study. The fMRI data were acquired while human
subjects listened to 27 diverse naturalistic spoken stories.
The ”Narrative” fMRI dataset was released with various pre-
processed versions. We use the AFNI-smooth version of two
fMRI sessions, the “Pie man” (duration 7:20, word count
957, 282 fMRI volumes, spatial resolution 3 × 3 × 4mm3,
randomly selected 75 subjects from the 82 subjects in total)
and “Shapes” (duration 6:45, word count 910, 270 fMRI vol-
umes, spatial resolution 3× 3× 4mm3, all the 59 subjects).
For the fMRI sequence of a subject, the volumes before the
onset and after the end of the story stimuli are discarded.
The time series of each voxel is normalized to have zero
mean and unit standard deviation.

Figure 3: The definitions of BN and its activation in fMRI.
(a) The model input is fMRI volumes. (b) The VS-DBN con-
sisits of three RBM layers. (c) The global latent variable W .
(d) The spatial distribution of FBNs. (e) The temporal acti-
vations of FBNs.

The ”Pie man” is a story about a journalist writing re-
ports of a man with supernatural abilities. The ”Shapes” is
about using two-dimensional geometric shapes to tell a story
of a boy who dreams about a monster. It is noteworthy that
the spoken story ”Shapes” is intended to convey intention-
ality in the animated shapes (Nastase et al. 2021). The spo-
ken story stimuli are released with time-stamped word-level
transcripts. It helps to align text tokens with fMRI volumes.
We tag the part-of-speech (15 categories of part-of-speech,
and two additional categories of [CLS] and [SEP]) for each
token in the transcripts via spaCy3.

Implementation Details
We use the pre-trained BERT model (BERT-base, 12 layers,
12 heads, hidden size 768) maintained by HuggingFace4 in
this study to implement the proposed framework. Each of
the tokenized transcripts is separated into three disjoint seg-
ments by balancing the limit of maximum number of tokens
(512) in BERT and the completeness of sentences. There
are 505-468-254/411-416-268 tokens in the three segments
of “Pie man”/“Shapes”.

All the volumes in the two sessions are aggregated to train
the VS-DBN with the following parameters: 512/256/128
hidden units in the 1st/2nd/3rd RBM layer, Gaussian (zero-
mean and a standard deviation of 0.01) initialization, learn-
ing rate 0.001/0.0005/0.0005, batch-size 20, L1 weight-
decay rate 0.001/0.00005/0.00005, 100 training epochs,
batch normalization. Model training is performed on a work-
station with 10 GeForce 1080Ti GPUs. The FBNs in the two
fMRI sessions share the same set of spatial maps but have
their own temporal activations for each subject. The session-
specific temporal activations are averaged over subjects.

3https://spacy.io
4https://huggingface.co/docs/transformers/model-doc/bert
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Figure 4: (a) The distribution of the ANs’ maximum PCC to
BNs. (b) The average PCC in each layer. (c-d) The percent-
age of ANs with PCC below 0.25 in each layer.

Results
Synchronized Activations between ANs and BNs
We identify the BN that is anchored by an AN using Eq.
1. The distribution of the ANs’ maximum PCC to BNs are
shown in Fig 4(a). The PCCs are statistically significant
(p < 0.01, permutation test with 5000 randomizations, FDR
corrected) for 9176/9097 (99.57%/98.71%) ANs in “Pie-
man”/“Shapes”. The average PCC of ANs in each layer (Fig.
2b) approximately increases linearly, indicating the ANs in
deeper BERT layers better synchronize to BNs. Meanwhile,
the number of ANs with PCC below 0.25 on each layer ex-
hibits a decreasing trend in both sessions (Fig. 2c-d).

We identify the AN that is anchored by a BN using Eq. 2.
The PCCs (mean±std: 0.4364±0.0473 in “Pie man”, Fig. 5a;
0.4422±0.0592 in “Shapes”, Fig. 5b) are statistically signifi-
cant (p = 0, permutation test with 5000 randomizations) for
all the 128 BNs in both sessions. The number of ANs that are
anchored by BNs in each layer (Fig. 5c-d) show that ANs on
deeper BERT layers (10-12) are more frequently anchored
by BNs compared to the ones in shallower layers.

The Most Frequently Anchored BN by ANs
With a PCC threshold 0.25, we count the times that a BN
is anchored by ANs and identify the BN that is anchored
the most frequently in the two sessions separately. The BN
#89/#57 is with the largest number of anchored ANs in “Pie
man”/“Shapes” (Fig. 6a). The BN #89 (Fig. 6b) mainly en-
compasses activations of the left-lateralized Broca’s area
and its counterpart on the right hemisphere (yellow arrows),
bilateral visual word fusiform areas (VWFA, red arrow) that
are consistently active in reading, and bilateral middle oc-

Figure 5: (a-b) The BNs’ maximum PCCs to ANs in the two
sessions. (c-d) The number of ANs that are anchored by BNs
in each layer.

cipital gyri (green arrow). The Broca’s area is well-known
as one of the core regions in the language network in the hu-
man brain. The VWFA has a specific role in decoding writ-
ten forms of words (Dehaene and Cohen 2011) while recent
studies have shown a multiplex model of VWFA function
characterized by distinct circuits for integrating language
and attention (Chen et al. 2019; Sani et al. 2021). In addition,
the activation of the primary visual cortex in language pro-
cessing has been widely observed and discussed (Seydell-
Greenwald et al. 2021; Pennartz et al. 2019). The BN #57
(Fig. 6c) encompasses the working memory network (WM,
red arrows), the salience network (green arrows) and the de-
fault mode network (DMN, yellow arrows).

We then interpret this difference in a linguistics context.
Using the part-of-speech tagging of tokens, we tag the part-
of-speech for an AN. More specifically, for each AN we
identify 500 query-key pairs that have top element-wise
product in each segment of the tokenized transcript, result-
ing in 1500 query-key pairs. The 17 part-of-speech tags
of tokens determine 17 × 17 part-of-speech categories for
query-key pairs. We then count the number of query-key
pairs falling into each category. An AN is tagged by the cat-
egory having the most query-key pairs.

We summarize the distribution of AN tags in Fig.
7(a-b) for the two sessions, and their difference (“Pie-
man”–“Shapes”) in Fig. 7(c). More ANs in “Pie man”
are tagged as “Determiner↔Noun”, “Verb↔Noun”
and “Verb↔Verb” (red). In comparison, more ANs
in “Shapes” are tagged as “Pronoun↔Pronoun”,
“Punctuation↔Punctuation”, “Pronoun↔Punctuation”,
“Pronoun↔Verb” (blue). Thus, it is reasonable that the
most frequently anchored BN in “Pie man” is #89, which
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Figure 6: (a) The number of ANs that are anchored by a
BN. (b) The spatial distribution of BN#89. (c) The spatial
distribution of BN#57.

Figure 7: The distributions of part-of-speech tags of ANs in
“Pie man” (a) and “Shapes” (b). (c) The difference between
(a) and (b).

falls into the functionally specialized brain regions that fo-
cus on lexicons/concepts; and the most frequently anchored
BN in “Shapes” is #57, which falls into the domain-general
brain regions that are sensitive to syntactic/context evolving
over time. For example, fMRI studies using dynamic nat-
uralistic stimuli (including the auditory story in this study)
suggested that the DMN plays a central role in integrating
incoming extrinsic information (temporarily stored in the
WM) with prior intrinsic information over relatively long
timescales to form context dependent models (Yeshurun,
Nguyen, and Hasson 2021).

The Best Synchronized BN-AN Pair in Each Layer
We identify the BN-AN pair with the largest PCC in each
layer, as shown in Fig. 8 for the “Pieman” session. The
corresponding BNs in the first four layers commonly cover
activations in the auditory-language network (including the
Heschl’s gurus, the Broca’s area and the Wernick’s area)

Figure 8: The best synchronized BN-AN pair in each layer
in “Pie man”). The number in the brackets is the PCC.
L1H8D59 represents dimension 59 in head 8 in layer 1.

and its counterpart on the right hemisphere, and the dor-
sal/ventral visual areas. The BNs in the middle layers of
L5-L7 show common activations in the primary dorsal vi-
sual areas and the somatosensory network. The BN in layer
8, where the PCC is maximized globally, exhibits coactiva-
tions of the language network and DMN. In deeper layers
of L9-L12, common activations in the high-level ventral vi-
sual cortex (mainly the fusiform gyrus) and some subcorti-
cal/limbic structures (e.g., putamen, caudate and insula, re-
sponsive to high-order cognitive processes such as emotion)
are observed.

In “Shapes” (Fig. 9), the BNs in multiple layers includ-
ing L1, L2, L5, L7, L8 and L10 are identical (#57) and are
associated with domain-general brain regions including the
DMN, WM and salience network as illustrated in Fig. 6(c).
We also observe the activation/deactivation of the DMN in
the BNs in L3, L6, L11 and L12. The activations of the lan-
guage network and its counterpart on the right hemisphere
are present in the BNs in L4 and L9.

We further look into the details of the internal representa-
tions of the corresponding ANs in each layer in terms of
part-of-language tags. We illustrate several exemplar BN-
AN pairs in “Pie man”. The part-of-speech tag distribution
for the rest of BN-AN pairs in ”Pie man” is referred to
Supplementary Fig. 1, and those in ”Shapes” are referred
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Figure 9: The best synchronized BN-AN pair in each layer
in “Shapes”). The number in the brackets is the PCC.

Figure 10: The distribution of part-of-speech for three exem-
plar ANs in “Pie man”.

to Supplementary Fig. 2. The first example is the globally
best synchronized BN-AN pair (AN#L8H2D51-BN#126).
The part-of-speech tag distribution of those query-token
pairs is shown in Fig. 10(a). The “Noun→Pronoun”,
“Noun→Punctuation”, “Noun→Coordinating conjunction”,
“Verb→Punctuation”, “Verb→Pronoun” are among the top
six tag categories. Queries of Noun (30.20%) and Verb
(20.27%) and keys of Pronoun (23.07%) and Punctuation
(21.53%) are predominant. Thus, the resolution of pronoun
may recruit domain-general brain regions (i.e., the DMN
here) that assemble memory retrieval (Li et al. 2020).

The second example is the BN-AN pair (AN#L1H8D59-
BN#121) in the first layer. The distribution (Fig. 10b)
shows that the category of Noun-Noun dominates (13.53%)
the tags of query-key pairs. And intriguingly, the acti-
vation of functionally specialized auditory-language net-
work is observed. The third example is the BN-AN pair
(AN#L3H9D43-BN#121) on the third layer. The tags dis-
tribute (Fig. 10c) more diversely compared to those in the
two examples presented above, indicating that the AN is as-
sociated with general language processing and activates the
primary auditory-language network.

For an ease reference, we also use the text attention

heatmap visualization tool5 to provide visualizations of the
top 1500 query-key pairs overlayed on the transcript for the
AN-BN pairs in each layer for the two sessions in Supple-
mentary Fig. 3 and Fig. 4, respectively. In the visualizations,
red color encodes queries and blue color encodes keys. The
color is coded according to the magnitude of the element-
wise product of queries and keys.

Conclusion
In the current study, we proposed a framework to couple ar-
tificial neurons (ANs) in transformer-based NLP models and
biological neurons (BNs) in the human brain. Compared to
existing studies that treat each layer in the model as an AN,
we improved the granularity of ANs by defining each dimen-
sion in the embedding in each layer as a single AN. Mean-
while, we defined functional brain networks (FBNs) as BNs
to reveal complex functional interactions in the brain when it
was exposed to naturalistic linguistic stimuli. Then, the cor-
respondences between ANs and BNs were established by
maximizing their temporal activations. Our experimental re-
sults demonstrated that the temporal activations of the ANs
and BNs defined in this study were significantly synchro-
nized. We also partly demonstrated that the ANs carry mean-
ingful linguistic features and the BNs that anchored by ANs
were interpretable in a neurolinguistic context. The frame-
work proposed in this study may serve as a brain-based test-
bed to evaluate and interpret transformer-based NLP mod-
els.

The present study is considered with respect to some lim-
itations. First, we used the pre-trained bidirectional BERT
model. However, the human brain attends unidirectionally.
Meanwhile, the parameters of the pre-trained BERT would
be updated by downstream tasks. Thus, it would be inter-
esting in future studies to explore whether there are consis-
tent AN-BN coupling patterns across different NLP models,
for example unidirectional GPT3 (Brown et al. 2020) and
the ones that are fine-tuned by downstream tasks. Second,
a strong baseline control experiment (e.g., fMRI acquired
using shuffled spoken stories) is further necessary to con-
firm the coupling between ANs and BNs. Third, we used the
mean entries in the element-wise product of query and key
to measure the activation of ANs, which may face the risk of
information loss. Some alternatives such as maximum/min-
imum are worth to try. At last, the neurolinguistic interpre-
tation is bounded to a limited number of ANs and BNs and
by a single linguistic attribute of part-of-speech tagging. In
the future, it is desirable to perform systematical analysis to
explore the linguistic and semantic information carried by
the ANs and link them to their symbiosis of BNs.
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