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Abstract
How the human brain represents semantic information has long been a central
question in cognitive neuroscience. Traditional research has primarily employed
experimental methods that artificially manipulate stimulus properties or task
demands to localize brain regions involved in semantic representation. While
these approaches have yielded numerous achievements, they still suffer from
limitations such as the difficulty in quantifying semantic information and con-
textual effects in detail. Grounded in the distributed hypothesis of semantics,
natural language processing (NLP) techniques transform discrete, objectively
unquantifiable semantic information into a unified, computable vector repre-
sentation, substantially enhancing the precision of semantic characterization
and providing effective tools for quantifying contextual and syntactic informa-
tion. By utilizing NLP techniques to extract stimulus semantic information
and establishing mapping relationships between semantic vectors and brain ac-
tivity patterns through representational similarity analysis or linear regression,
researchers have discovered that neural structures representing semantic infor-
mation are widely distributed across multiple brain regions, including the tem-
poral lobe, frontal lobe, and occipital lobe. Future research may incorporate
more sophisticated semantic representation methods such as knowledge graphs
and multimodal fusion models, employ language models to evaluate language
abilities in special populations, or leverage cognitive neuroscience experiments
to enhance the interpretability of deep language models.
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Abstract: How the human brain represents semantic information has long
been a central question in cognitive neuroscience. Traditional research has pri-
marily employed experimental methods that manipulate stimulus properties
or task demands to localize semantic brain regions. While these approaches
have yielded numerous insights, they face challenges in quantifying semantic
information in detail and accounting for contextual effects. Based on the dis-
tributed hypothesis of semantics, natural language processing (NLP) technolo-
gies transform discrete, difficult-to-quantify semantic information into uniform,
computable vector representations, dramatically improving the precision of se-
mantic characterization and providing effective tools for quantifying contextual
and syntactic information. By extracting stimulus semantic information using
NLP techniques and establishing mapping relationships between semantic vec-
tors and brain activity patterns through representational similarity analysis or
linear regression, researchers have discovered that neural structures representing
semantic information are widely distributed across multiple brain regions includ-
ing the temporal, frontal, and occipital lobes. Future research may introduce
more complex semantic representation methods such as knowledge graphs and
multimodal fusion models, apply language models to assess language abilities
in special populations, or utilize cognitive neuroscience experiments to improve
the interpretability of deep language models.

Keywords: semantic representation, brain, natural language processing, lan-
guage model

Language, as an abstract symbolic system, represents humanity’s most im-
portant tool for expressing meaning and exchanging information. Through the
combination of a finite set of linguistic units, people can comprehend and express
infinite information encompassing knowledge, beliefs, intentions, emotions, and
more. Revealing how the human brain stores, accesses, and retrieves semantics
has remained one of the core questions in cognitive neuroscience. To investigate
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the neural basis of semantic representation and processing, researchers have
traditionally manipulated stimulus attributes or task requirements, comparing
brain activation patterns across different conditions. For example, studies have
contrasted brain activation differences between real words and pseudowords in
lexical decision tasks [?, ?], or compared brain activity during semantic versus
phonological judgment tasks for identical linguistic stimuli [?, ?]. While this
paradigm of strict experimental control and condition comparison has yielded
important findings, it suffers from several limitations when exploring the neural
representation and processing of semantics.

First, characterizing semantic features relies on manual ratings with coarse gran-
ularity. Daily communication contexts are complex and variable, yet people
only need to master a small vocabulary to meet conversational needs—for in-
stance, just 590 Chinese characters cover 80% of daily usage [?, ?]. A limited
set of characters can combine to express infinite meanings because people con-
struct rich mental representations for each lexical item, with subtle differences
across multiple dimensions. Based on psychological experiments or linguistic
classifications, current research on semantic relationships mostly remains at a
coarse-grained level, such as distinguishing nouns from verbs or living versus
non-living concepts. To refine semantic representation, recent researchers have
measured conceptual words along psychological dimensions, such as using 12
dimensions including time, space, quantity, and arousal to characterize abstract
conceptual words [?, ?], or employing 65 experiential dimensions encompassing
sensory, motor, temporal, spatial, and social cognitive components to represent
concepts [?, ?]. While this psychological-dimension approach can capture both
concepts themselves and inter-concept relationships with high interpretability,
it still has limitations. For instance, dimension selection is subjectively deter-
mined by researchers, whose reasonableness and completeness require validation.
Moreover, quantifying word meanings primarily through subjective participant
judgments renders results susceptible to individual knowledge and experience.
Finally, the rating method is time-consuming and labor-intensive, difficult to
generalize to all vocabulary, unable to comprehensively cover multiple meanings
of words across different contexts, and the varying word lists and dimensions
selected by different researchers increase the difficulty of comparing and inte-
grating findings.

Second, contextual effects are difficult to quantify. In language systems world-
wide, most characters or words can refer to multiple meanings—for example,
over 80% of English words exhibit polysemy [?, ?]. In real-world situations, the
meaning of a linguistic symbol activated in an individual depends heavily on
context; in other words, the representation and retrieval of linguistic meaning
is dynamic and context-dependent [?, ?]. For instance, mentioning “air condi-
tioner”in summer versus winter tends to evoke opposite functions. However,
due to the inherent complexity of context, it is difficult to objectively measure
contextual effects through experimental design. Consequently, most current
studies use highly controlled materials such as isolated linguistic stimuli or sen-
tences with scrambled syntax or semantics, which still differ substantially from
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everyday language use. Answering questions about how the brain represents and
processes context, and how semantic representations are dynamically influenced
by contextual information, remains a significant challenge.

Third, discourse-level thematic information is difficult to quantify. Discourse
(e.g., news reports, stories) consists of words and sentences connected through
complex relationships, with semantic associations between different parts that
express complete, coherent meaning (themes). To investigate the processing and
representation of discourse-level semantic information, psychology researchers
typically compare intact discourse with materials scrambled at different levels
(words, sentences, or paragraphs) [?, ?, ?, ?]. However, scrambled materials
present greater complexity and difficulty (potentially eliciting stronger brain
activation), and people tend to attempt reorganizing and integrating scrambled
materials to achieve semantic coherence. Therefore, subtraction methods may
not accurately detect processing specific to discourse-level semantics. Addition-
ally, this experimental approach cannot measure the semantic structural rela-
tionships within discourse or semantic distances between different discourses.

Given the limitations of traditional psychological experimental methods, an
increasing number of psychology researchers have recently introduced natural
language processing (NLP) techniques from artificial intelligence, particularly
neural network-based and deep learning language models, to measure the se-
mantics and semantic relationships of experimental stimuli. Combining NLP
models with brain imaging experimental data is becoming an important trend
in neurolinguistics. Some domestic and international researchers have recently
summarized and prospectively reviewed the application of computational lin-
guistic methods in cognitive linguistics and brain science. For example, Wang
et al. (2022b) summarized the application of emerging computational linguistic
methods to questions concerning the units and dimensions of linguistic infor-
mation, brain network localization of different types of linguistic information,
temporal dynamics and control of linguistic information processing, and the
neural encoding forms and computational mechanisms of linguistic information,
covering multiple aspects including phonology, semantics, and syntactic struc-
ture. In another article [?, ?], the authors systematically discussed the research
questions, methods, and limitations of cognitive linguistics and computational
linguistics from a macro perspective, offering profound insights into how these
two fields might integrate. Other researchers have conducted in-depth compar-
isons between modern distributed semantic computational models and two tra-
ditional semantic models in cognitive psychology (feature-based semantic mod-
els and connection network-based semantic models) regarding knowledge rep-
resentation, learning mechanisms, and semantic disambiguation, and explored
pathways for combining modern semantic computational models with these two
traditional approaches [?, ?].

While the aforementioned studies have broadly overviewed the extensive appli-
cations of computational linguistic methods in language cognition, they have
not systematically summarized or elaborated on specific issues. This review
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focuses on one of the core issues in language cognition and brain science—the
representation of semantic information in the human brain—and summarizes
and prospects the application of NLP models to this question. This review will
first introduce the principles and techniques of semantic representation in NLP
models and two methods for combining language models with brain imaging
data. On this basis, it will systematically elaborate on the application of NLP
techniques in research on human brain semantic representation, including word-
level semantics, sentence-level (and contextual) semantics, and discourse-level
semantics, and compare these with the limitations of traditional psychological
methods for measuring semantics. Finally, it will discuss potential pitfalls, chal-
lenges, and future directions in applying NLP language models to investigate
human brain semantic representation.

2. Algorithmic Principles and Advances in NLP Semantic
Representation
How to enable computers to automatically capture semantics from text is a
core question in computational linguistics. Early researchers proposed logic
rule-based approaches to model natural language [?, ?, ?], hoping computers
could understand word meanings based on syntax, word order, and collocation
rules like humans do. Although this approach achieved high precision, it heav-
ily relied on manually compiled linguistic grammars, making it unsuitable for
processing large-scale real-world texts (especially in the Internet era with in-
creasingly frequent new word usages and meanings), and rules varied across
different languages. Later, due to many problems with rule-based representa-
tion, the statistical school proposed the vector space model of semantics [?, ?]
based on the distributed semantic hypothesis that “words appearing in similar
contexts have similar meanings”[?, ?], which has become the mainstream guid-
ing ideology in the NLP field for over a decade—distributed representation. This
idea maps discrete symbols (local representation) like words into a dense vector
space, using a relatively low-dimensional vector (e.g., 300 dimensions) instead of
a sparse one-hot vector of hundreds of thousands of dimensions [?, ?]. For exam-
ple, the local representation of colors is “red, orange, yellow, gray, Chinese red
⋯”([1,0,0,0,0], [0,1,0,0,0], [0,0,1,0,0], [0,0,0,1,0], [0,0,0,0,1]), whereas distributed
representation can unify all colors into a three-dimensional RGB vector (e.g.,
gray can be represented as [125, 125, 125]), greatly reducing vector dimensions.
In distributed representation, semantic information is implicitly encoded in var-
ious dimensions of word vectors, and semantic relationships between words are
primarily reflected by their spatial positional relationships: the closer two word
vectors are, the higher their semantic similarity.

Regarding the construction of semantic spaces and acquisition of word vectors,
there are currently two main approaches. One is statistical-based semantic rep-
resentation methods, which primarily rely on corpus statistics of co-occurrence
relationships between “word-word”or “word-document”pairs, including algo-
rithms such as Latent Semantic Analysis (LSA) [?, ?, ?], Non-negative Matrix
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Factorization (NMF) [?, ?], and N-gram based on Markov assumptions [?, ?].
Taking LSA as an example, this method establishes a “word-document”co-
occurrence matrix through statistical analysis of text corpora, where the matrix
is the number of documents, then performs singular value decomposition on
the co-occurrence matrix ����×�� to build a latent semantic space and achieve di-
mensionality reduction (the formula represents the dimensionality of the latent
semantic space). In the matrix decomposition ����×�� = ����×�����×������×��, each
row represents the latent semantic representation of a word (i.e., word vector),
each column in the matrix represents the latent semantic representation of a
document, and the singular values in the matrix reflect the importance of each
latent semantic dimension. In this way, both words and documents are mapped
into a unified latent semantic space with condensed information, enabling repre-
sentation of both word semantics and document semantics. Statistical-based se-
mantic representation methods can effectively cluster semantically similar words
or documents and have achieved good performance in tasks such as seman-
tic similarity analysis, word/document clustering, and information extraction
[?, ?, ?]. However, this method also has obvious limitations: for example, the
distribution of word (or document) vectors may not conform to the normal dis-
tribution required by probabilistic model assumptions; matrix decomposition
has high computational complexity, and when new documents are added, the
model must be retrained; it fails to adequately consider word order information
in sentences; and it cannot resolve polysemy.

Different from statistical-based methods, the other approach uses neural net-
works to learn semantic representation by adjusting model parameters based
on differences between predicted and actual values (for other classification stan-
dards of semantic modeling methods, please refer to [?, ?]). Artificial Neural
Networks (ANN, hereafter referred to as neural networks) are mathematical
models constructed by simulating the complex information processing mecha-
nisms of the human nervous system [?, ?]. Neural networks consist of neurons
(nodes) interconnected by edges, primarily comprising an input layer, hidden
layers, and an output layer in sequence. The input layer mainly receives and
activates signals (e.g., extracting word vectors corresponding to words, analo-
gous to external stimuli eliciting electrophysiological activity in primary sen-
sory areas); hidden layers are the core of neural networks, performing complex
processes such as signal processing, integration, and abstraction (analogous to
interneurons, association cortices, and high-level decision-making cortices in the
brain); the output layer receives signals processed by hidden layers and produces
final responses according to task demands (e.g., classifying words by emotion,
analogous to the brain’s articulatory and motor cortices). Similar to the char-
acteristics of neuronal action potentials in the brain, neurons in hidden layers of
artificial neural networks receive signals from multiple upstream neurons (analo-
gous to dendrites), perform weighted summation according to different weights
(analogous to the cell body), and then decide whether to transmit signals down-
stream and with what intensity based on whether the aggregated signal exceeds
an activation threshold (generally completed through non-linear activation func-
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tions like sigmoid or ReLU), with subsequent hidden layers working similarly.
Notably, the information weights between each neuron in hidden layers and var-
ious upstream neurons differ, and these parameters are continuously adjusted
through backpropagation algorithms based on errors between network outputs
and actual values. Through multiple training iterations that progressively re-
duce the gap between predicted and actual values, neural networks establish
mapping relationships between original input signals and target outputs, with
final learning outcomes reflected in the parameters of individual neurons.

Regarding word vector representation, neural networks typically use large-scale
corpora to train network weights, inputting sentence materials to learn rela-
tionships between words and contextual environments. Taking the classic Con-
tinuous Bag-of-Words (CBOW) model in Word2Vec as an example [?, ?], this
model is designed based on the distributed hypothesis (words with similar con-
texts have similar meanings), predicting the target word in the middle given
a total of context words before and after it. The input layer consists of one-
hot encoded vectors of words, extracting word vectors through weight matrices
between the input and hidden layers, then performing dot product multiplica-
tion with the weight matrix between the hidden and output layers, followed by
softmax normalization to obtain probabilities of each word in the vocabulary
appearing, selecting the word with the highest probability as the prediction re-
sult (see Figure 1 [Figure 1: see original paper]). By calculating differences
between predicted and actual word vectors and adjusting parameters through
backpropagation, the weights between the input and hidden layers (i.e., word
vectors) are continuously updated. Additionally, Word2Vec can be trained us-
ing the skip-gram model, which predicts the context (a total of words before
and after) given a target word. Word2Vec-derived word vectors align well with
the distributed hypothesis, produce reasonable clustering results, and can effec-
tively reflect semantic similarity [?, ?, ?]. For example, calculating the vector
��(��) = �� − �� + �� ��(��) yields the highest cosine similarity with word vectors of
related words such as.

Following the proposal of the Word2Vec model, the NLP field witnessed a surge
in word vector computation and optimization research. Subsequent researchers
designed a series of neural network language models with more complex architec-
tures that consider contextual information when computing word vectors, better
aligning with the human brain’s cognitive mode of context integration. Newly
developed neural network models can also model sentence and discourse seman-
tics, with representative models including: Recursive Neural Networks (RecNN)
that can capture sentence structural information [?, ?]; Recurrent Neural Net-
works (RNN) [?, ?, ?] and their optimized version Long Short-Term Memory
networks (LSTM) [?, ?, ?], which treat sentences as sequential time series and
integrate upstream (downstream) context information into current word vector
representations [?, ?]; and Convolutional Neural Networks (CNN), which extract
multi-level semantic information and possess more efficient parallel computing
capabilities [?, ?, ?]. In addition to words, neural network-based algorithms can
also represent paragraph or discourse semantics. For example, Doc2Vec adds a
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paragraph vector that is shared within paragraphs but independent across para-
graphs for training on top of the Word2Vec model, thereby obtaining vectorized
semantic representations of paragraphs [?, ?]. Other approaches include hier-
archical feature extraction, such as first computing semantic representations of
each sentence within a paragraph to obtain sentence vectors, then using sentence
vectors as input units to obtain paragraph vectors.

Later, Google proposed the Transformer architecture [?, ?], which addressed the
limitations of long-distance dependencies and inefficient serial training in RNNs
and their variants, becoming the mainstream network backbone for recent NLP
models. The Transformer architecture consists of encoders and decoders, each
containing multi-head self-attention layers and fully connected layers. The self-
attention layer integrates contextual information by calculating and weighted
summing similarities between target words and context words, followed by fea-
ture extraction through fully connected layers. The self-attention mechanism in
Transformer replaces the serial memory units in RNN structures, enabling high-
speed parallelization of computations, and the architecture enhances text feature
extraction and abstraction effects through stacking multiple encoders and de-
coders. Representative language models based on the Transformer architecture
include BERT (Bidirectional Encoder Representation from Transformers) [?, ?]
and GPT (Generative Pre-trained Transformer) [?, ?, ?], which have achieved
significant improvements in many natural language processing tasks. Deep neu-
ral network-based semantic modeling methods have enormous parameters (e.g.,
the BERT-large model has 300 million parameters to train, while GPT-3 has as
many as 175 billion parameters), requiring high demands on corpus data volume
and computer performance. Therefore, pre-training has become the mainstream
usage method for large-scale language models, training the model extensively
on a language task (e.g., cloze tests) to obtain model parameters, with research
teams using this set of model parameters as a foundation for downstream tasks.
Pre-trained models reduce the technical and time costs of model training for
research teams and enhance the comparability and reproducibility of language
cognition research.

Compared with traditional statistical-based semantic representation methods,
neural network models can capture richer text features with stronger generaliz-
ability, demonstrating superior performance in various complex language tasks
such as cloze tests, sentiment analysis, abstract generation, and translation
[?, ?, ?]. Moreover, large-scale pre-trained models (e.g., BERT) encode various
types of linguistic information within their parameters, allowing researchers to
fine-tune pre-trained models according to their needs, thereby obtaining bet-
ter model performance for specialized tasks with lower resource consumption.
With continuous improvements in computing power, these advantages and per-
formance have enabled neural network models to gradually replace traditional
statistical-based text representation methods as one of the core technologies in
the NLP field. For more detailed introductions to text representation methods
in NLP, please refer to [?, ?].
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3.1 Methods for Combining NLP Language Models with
Brain Imaging Data
NLP language models provide effective tools for objectively measuring and com-
puting text semantics. Using these tools, neurolinguistics researchers can further
analyze the extent to which semantic information explains variations in brain
activity patterns, thereby inferring which brain regions participate in seman-
tic representation and processing. Notably, word vectors derived from NLP
language models and brain activity data come from different models and modal-
ities, with completely different data dimensions and meanings. For example,
vectors from BERT’s output layer are 768-dimensional (BERT-base) or 1024-
dimensional (BERT-large), with unclear meanings for each dimension. Brain
activity data dimensions vary according to selected brain region sizes, ranging
from one dimension (voxel level), hundreds (ROI level), thousands (network
level), to tens of thousands (whole-brain level). How to effectively model these
two types of multivariate data with different dimensions is a challenging prob-
lem, with two commonly used methods currently: Representational Similarity
Analysis (RSA) and linear regression.

RSA establishes relationships between two types of data by analyzing the shared
structure between semantic similarity matrices and brain activity similarity ma-
trices [?, ?]. When conducting RSA, it is first necessary to extract represen-
tations of various stimuli (e.g., words) from both the human brain and NLP
language models, where brain representations can be expressed as activity in-
tensity data of a set of voxels elicited by a given word, and NLP model represen-
tations can be expressed as word vectors for that word from Word2Vec (or other
models). Then, the representational similarity within the human brain and lan-
guage models for different stimuli is calculated separately (using metrics such as
correlation coefficients, Euclidean distance, or Mahalanobis distance), thereby
constructing Representation Dissimilarity Matrices (RDM). RDMs reflect dif-
ferences in how the same model represents different stimuli. By calculating
Spearman similarity between two RDMs, the resulting correlation coefficient
reflects the degree of similarity in internal representations of the same set of
stimuli between the human brain and language models (see Figure 2 [Figure 2:
see original paper]).

Linear regression is another method for associating different types of high-
dimensional data. Its basic idea is to find a set of parameters that fit the
relationship between two datasets, thereby “predicting”brain responses based
on stimulus features or model output vectors (encoding), or “predicting”what
content participants are currently processing based on brain activity patterns
(decoding). Among various linear regression methods, ridge regression is the
most commonly used, as it can address problems such as overfitting and mul-
ticollinearity. Many recent studies have found that NLP model vectors can
establish mapping relationships with brain activity through ridge regression for
the same linguistic information [?, ?, ?, ?, ?, ?, ?, ?, ?]. If the model and hu-
man brain share similar representational information, there will be significant
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correlation between ridge regression predictions and actual values.

Both RSA and ridge regression can compare relationships between different
models and brain representations, but they differ in principle and function [?, ?].
RSA measures the similarity degree between NLP model response patterns and
patterns of a set of voxels (or brain regions) in the brain, while ridge regres-
sion aims to establish regression relationships between features (or model vec-
tors) and activity of individual voxels (or brain regions). The RSA method
does not require parameter fitting, thus having lower computational costs and
relatively low data requirements. However, this method treats all features as
a whole and cannot estimate the contribution of individual features to brain
activity. Ridge regression can obtain weight values of individual features on
brain activity, thereby predicting activation patterns for new stimuli based on
their features, which is more common in tasks using continuous natural stimuli.
However, this method requires estimating many free parameters and often ne-
cessitates grid search for penalty coefficients, resulting in higher computational
costs and greater data requirements. Addressing the respective advantages and
disadvantages of RSA and ridge regression, Anderson et al. (2016) proposed the
representational similarity encoding method. Based on the idea that “similar
stimuli evoke similar brain activities,”this method first calculates feature sim-
ilarities between the target to be predicted and all known targets, then uses
similarity metrics as weights to perform weighted averaging of brain activity
values evoked by known targets, thereby obtaining predicted brain activity val-
ues for the target. This method utilizes similarity information between stimuli
for prediction, avoiding model parameter estimation, enabling fast computation,
and producing parameters (similarities) in the regression model with strong in-
terpretability and significant application value [?, ?, ?].

Notably, interpretation of correlation coefficients between predicted and actual
values in RSA or ridge regression requires caution. Significant correlation coeffi-
cients only indicate that model and brain representations share similar informa-
tion and cannot directly infer that their underlying mechanisms are identical,
especially when correlation coefficients are low [?, ?, ?].

3.2.1 Word-Level Semantic Representation
As the carrier of thought, which brain regions process the meaningful informa-
tion contained in language and how they process it has always been a concern
in cognitive neuroscience. Early semantic representation research primarily in-
vestigated which brain regions process words or concepts by comparing brain
activation differences when participants received different stimuli or performed
different tasks, such as contrasts between real and pseudowords [?, ?], word cate-
gories [?, ?, ?], parts of speech [?, ?, ?], and semantic versus phonological tasks
[?, ?]. The condition-contrast paradigm and activation analysis have yielded
many important findings, but characterization of semantic information remains
at a coarse-grained level and is difficult to quantify. NLP techniques enable
researchers to quantitatively measure semantic information of materials and
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explore associations between semantic information and brain representation.

In early work, Mitchell et al. (2008) selected noun stimuli and used their co-
occurrence frequencies with 25 representative verbs as semantic vector represen-
tations to predict brain activity during noun processing through linear regres-
sion. Results showed that bilateral occipital lobes, parietal lobes, and middle
frontal gyri could all distinguish words, suggesting that brain representation of
concrete nouns is partly based on sensory-motor features, with effects in the oc-
cipital lobe possibly due to participants’associations with action scenes related
to the nouns. This study pioneered the combination of NLP and brain imaging
techniques, providing a new approach beyond condition-contrast paradigms for
semantic brain representation research. Recent researchers have begun apply-
ing NLP methods to semantic analysis of natural continuous linguistic materials
(e.g., stories or movie audio) [?, ?, ?]. Compared with traditional laboratory
methods (artificially compiling or selecting small amounts of specific linguistic
stimuli), these natural continuous materials contain larger and more diverse
vocabularies, potentially yielding results that better reflect real human brain se-
mantic representation. For example, in Huth et al. (2016), participants listened
to a two-hour story while undergoing simultaneous fMRI scanning. Researchers
first marked stimuli appearing within each TR (repetition time), extracted word
co-occurrence vectors corresponding to these stimuli as semantic representations
for that TR, then built ridge regression prediction models using semantic repre-
sentation vectors to predict activity in each brain voxel. If a voxel’s prediction
correlation remained significant after multiple comparison correction, its activ-
ity was considered to contain semantic information, meaning it participated in
semantic representation. Results showed that semantic information representa-
tion in the brain covered multiple brain regions including the medial prefrontal
cortex, middle temporal gyrus, and temporoparietal junction, highly overlap-
ping with the semantic network identified through meta-analysis [?, ?]. These
findings demonstrate that NLP-based semantic representation can be effectively
applied to complex natural stimuli and further support the distributed represen-
tation view of semantics [?, ?, ?], where multiple brain regions jointly process
and represent semantics rather than being concentrated in a single local area.

Furthermore, the quantification function of NLP techniques for lexical seman-
tics enables researchers to examine semantic representation from finer-grained
perspectives, broadening research scope. For example, Kivisaari et al. (2019)
investigated the relationship between people’s representation of concepts and
concept features. In the study, participants were presented with three feature
words for each target concept (e.g., “a fruit,”“peeled,”“monkeys eat it”), and
they needed to guess the corresponding concept (e.g.,“banana”) based on these
features. Researchers decoded feature words or target words from brain voxel
activity patterns and compared decoding accuracy rates for word vectors con-
taining different information. Results showed that although participants only
saw three feature words, adding all features of the target concept (including un-
presented features) yielded the highest decoding accuracy, significantly higher
than for presented feature words and the target concept alone, indicating that
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the human brain constructs complete semantic representations of target objects
using limited information fragments and activates other associated conceptual
feature information.

3.2.2 The Influence of Contextual Information and
Sentence-Level Semantic Representation
When investigating semantic representation in the brain, many studies present
words or target stimuli in isolation, hoping to obtain semantic representations
without interference from other information. However, semantic representation
is dynamic [?, ?], and the same word can express different meanings and produce
different psychological feelings in different contexts. For example, the mental
representation evoked by the word “women’s volleyball”differs from that of
“Chinese women’s volleyball,”with the latter potentially activating additional
information such as pride and specific character images within the “Chinese”
context. Research has shown that brain regions including the anterior temporal
lobe and frontoparietal network integrate and update current semantic infor-
mation [?, ?, ?, ?, ?], further demonstrating the dynamic nature of semantic
representation. Context-independent experimental designs or static word vec-
tors cannot fully capture semantic representations in rich contexts, especially
when facing polysemy.

NLP techniques provide various deep language models capable of integrating
context, such as ELMo [?, ?], InferSent [?, ?], and BERT, where semantic
vectors for the same word can change with different contexts. Leveraging this
characteristic, some researchers have compared representations of isolated words
versus context-integrated words in the human brain [?, ?]. In the experiment,
each trial contained two sequentially presented English words, and participants
needed to judge whether they were semantically related. Researchers first used
the Word2Vec model to extract semantic vectors, which provide relatively fixed
semantic representations for words unaffected by contextual words, thus reflect-
ing isolated semantics. Simultaneously, for the same words, researchers also
used the ELMo model to extract semantic vectors, which employs a bidirec-
tional recurrent neural network structure and outputs word vectors that fully
integrate contextual information (i.e., the preceding word). By using RSA to
compare internal representational similarity between the human brain and lan-
guage models for the same set of stimuli, researchers found that isolated se-
mantic representation was primarily handled by the supramarginal gyrus, while
context-dependent semantic representation was mainly associated with the left
prefrontal cortex, angular gyrus, and ventral temporal lobe.

By using self-attention mechanisms to integrate contextual information, NLP
techniques also provide metrics for representing sentence-level semantics (e.g.,
output vectors from the InferSent model or CLS vectors from BERT output).
Sentence-level vector representations consider not only individual word seman-
tics but also combinatorial relationships between words. In a recent study,
participants viewed sentences composed of 4-9 words while undergoing fMRI
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scanning. Researchers first used the InferSent model to extract sentence seman-
tic representations, then established predictive relationships between sentence
semantic features and brain activity patterns through ridge regression. Results
showed that brain regions representing sentence meaning were distributed across
extensive areas including the inferior frontal gyrus, middle frontal gyrus, supe-
rior temporal gyrus, middle temporal gyrus, and middle occipital gyrus [?, ?].
In another study, participants watched movies while undergoing fMRI scanning.
Researchers segmented movies into multiple clips, provided text annotations for
each clip (approximately 15 words per annotation), then used NLP models to
convert annotations into semantic vectors as semantic features for movie clips,
and finally predicted text annotation semantic features for each clip based on
brain activity data. The study showed that brain activity patterns in the default
mode network, language network, and occipital lobe could accurately predict
clip semantic features and distinguish different clips [?, ?]. Consistent with these
results, Acunzo et al. (2022) first trained a convolutional neural network for topic
classification to enable model vectors to better capture topic information, then
extracted output layer vectors from this model as sentence topic vector repre-
sentations. Representational similarity analysis between topic vectors and brain
activity revealed that the anterior temporal lobe, default mode network, and
other regions participated in topic-level information representation, supporting
the view that the default mode network has meaning construction functions
involving abstraction and integration of long-term information [?, ?, ?].

3.2.3 Separating Syntax and Semantics
Successful communication of linguistic information depends not only on word
semantics and background information provided by context but also on appropri-
ate organizational structures between words, namely syntax. Classic syntactic
research paradigms primarily adopt contrastive approaches attempting to iso-
late syntactic processing components, such as jabberwocky sentences replacing
content words like nouns and adjectives with pseudowords [?, ?, ?], syntactic
violations [?, ?, ?], syntactic adaptation [?, ?], and phrase combination [?, ?].
However, traditional syntactic processing research methods have limitations:
for instance, brain regions for syntactic processing obtained from different tasks
show considerable variation, and since semantics and syntax always co-occur,
changing syntax without altering semantics is difficult [?, ?]. Therefore, syn-
tactically scrambled sentences largely destroy semantic information, making it
difficult for traditional experiments to isolate fine-grained syntactic processing
[?, ?].

Word order structures in natural language texts contain rich linguistic informa-
tion. Even without explicit syntactic relationships, NLP models with context
integration capabilities learn syntactic relationships during training—for exam-
ple,“I,”“love,”and“you”appear in the order“I love you”rather than“I you love.”
Deep language models (e.g., BERT) have approached or even surpassed human
performance on various syntactic tasks including subject-verb agreement and re-
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flexive pronoun anaphora [?, ?, ?], indicating their ability to accurately acquire
syntactic information from text. Adopting the “subtraction”approach from
experimental design, NLP models can be used to separately extract syntactic
and semantic information from sentences, stripping syntactic information from
vectors to investigate brain regions processing syntactic information [?, ?, ?, ?].
Research results show that both bilateral temporal lobes and inferior frontal
gyri process syntactic information, with brain region distributions similar to
previous experimental studies [?, ?].

Recently, some researchers have used feature elimination methods to more finely
separate syntactic information (e.g., part of speech, named entities, word depen-
dencies, semantic roles) and investigate various syntactic processes when par-
ticipants listen to stories [?, ?]. Results showed that although brain region dis-
tributions for different syntactic features had minor differences, the distributed
regions were roughly the same, concentrated in semantic network areas such as
the superior temporal gyrus, middle temporal gyrus, and angular gyrus [?, ?].

NLP models can effectively separate semantic and syntactic information and
enable investigation of brain processing mechanisms in less constrained natural
tasks, indicating great potential for brain representation research [?, ?, ?]. How-
ever, current research using NLP models to investigate brain syntactic process-
ing is limited, and the syntactic processing brain regions identified are broader
than those found with traditional research methods. Whether this phenomenon
reflects the true distributed processing mechanism of syntactic information or
stems from errors in mapping between NLP models and brain imaging data
requires further analysis in future research.

3.2.4 Representation of Discourse Topic Information and
Discourse Semantic Structure
Discourse (paragraph) comprehension builds upon semantic analysis of words
and sentences, forming representations of core topic information (or situation
models) by identifying semantic structural relationships between different parts
of discourse and integrating contextual information [?, ?]. Traditional exper-
imental methods typically compare intact discourse with scrambled materials
[?, ?, ?, ?], but scrambled materials increase memory and integration difficulty
for participants, so detected differences may not be entirely driven by processing
specific to discourse-level semantics. Moreover, this method does not quantify
discourse information, making it difficult to measure semantic distances and
relationships between discourses, and is unsuitable for research using different
discourse materials.

In recent years, researchers have begun using NLP techniques to model dis-
course semantics and investigate human brain processing and representation of
continuous natural language stimuli (e.g., stories or movies). A recent study
combined fMRI technology with LSA methods to explore how complex narra-
tive information presented in different modalities is represented in the human
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brain [?, ?]. During fMRI scanning, one group of participants watched silent
films while another group listened to voice narrations corresponding to the film
content. After scanning, participants described story content in their own words.
Researchers used LSA for semantic analysis and found that regardless of whether
participants watched silent films or listened to voice narrations, higher semantic
similarity in their described content was associated with higher similarity in neu-
ral activity in the default mode network and executive control network. This
result reveals the function of the default mode network (DMN) in cross-modal
representation of thematic semantic information. Another study examined the
consistency of brain representation of topic information between speech produc-
tion and comprehension processes [?, ?]. During fMRI scanning, participants
orally described a series of topics and listened to other topics described by
another participant. Researchers used LSA to calculate semantic distances be-
tween descriptions and computed brain representational dissimilarity matrices
for both speech comprehension and production tasks, then calculated similar-
ity between semantic and brain representational dissimilarity matrices (RSA
analysis). Results showed that activity patterns in bilateral extensive brain
regions including the inferior frontal gyrus, medial prefrontal cortex, temporal
pole, middle temporal gyrus, angular gyrus, and precuneus were associated with
semantic content in both speech comprehension and production. This study,
the first to analyze discourse-level semantics in speech production, revealed a
shared network for high-level discourse semantic information representation be-
tween speech production and comprehension processes. These studies, through
analysis of discourse-level semantic information, further support the role of the
default mode network in meaning construction [?, ?, ?].

Discourse materials can also be investigated from network topology properties
to explore how semantic structure affects brain processing, learning, and mem-
ory. In natural stimuli such as text and video, sentences and events are inter-
connected within a theme—for example, a story typically unfolds around sev-
eral core topic sentences or plots. Using semantic similarity as edge weights
to construct topological networks for discourse can reflect discourse semantic
organizational structure information. Some researchers have investigated the
relationship between movie narrative rhythm and audience ratings [?, ?], using
semantic similarity between adjacent clips as an indicator of plot development
rate, with higher similarity between adjacent clips indicating slower plot develop-
ment. Results showed that movies with slow beginnings and slightly faster end-
ings received higher ratings, indicating that discourse semantic structure affects
people’s feelings and engagement. Another recent brain imaging study examined
how discourse semantic structure affects memory [?, ?]. Researchers segmented
video clips, extracted semantic vectors from text descriptions of each clip using
NLP techniques, and constructed a video semantic structure topological net-
work with clips as nodes and semantic similarities between clips as edge weights.
Results showed that clips with higher centrality (reflecting stronger associations
with other nodes) produced better memory effects and elicited stronger activa-
tion and higher inter-subject consistency in brain regions related to episodic

chinarxiv.org/items/chinaxiv-202301.00155 Machine Translation

https://chinarxiv.org/items/chinaxiv-202301.00155


memory (the default mode network), indicating that human brain processing
and memory of events are related to their positions in semantic organizational
structure.

These results demonstrate that discourse semantic organizational structure af-
fects people’s subjective feelings, memory effects, and brain activity. However,
current research using NLP on brain semantic representation mostly approaches
from stimulus encoding, paying less attention to semantic organizational struc-
ture and relationships in continuous stimuli. Future research could start from
semantic structure in natural stimuli to further explore its associations with
brain processing, learning, and memory effects, such as the neural basis of con-
spiracy theory and rumor identification [?, ?] and narrative preferences [?, ?].

3.2.5 Summary
The use of NLP technology transforms language from symbolic representation to
vector representation, overcoming to some extent the difficulties of discreteness,
quantification, and unified representation of words, making semantic computa-
tion and comparison possible. Meanwhile, multivariate analysis methods such as
representational similarity analysis and linear regression bridge different modal-
ities of data. With the development of deep language models, NLP models
can now integrate contextual information into vector representations, improv-
ing language representation precision and enabling real-time characterization
of semantic dynamics across different contextual backgrounds. Based on this,
researchers use word vectors extracted by NLP as semantic representations,
reducing the need for artificial control of stimulus materials or experimental
tasks, and making the exploration of semantic brain representation no longer
dependent on comparisons between different types of stimuli or processing tasks.
Additionally, NLP, as a computational language model, has high flexibility—in-
putting different types of text yields corresponding information. Researchers
can analyze information types or processing characteristics of certain brain re-
gions by comparing how well model vector representations of different text types
(e.g., context-containing versus context-free word vectors) match brain represen-
tations [?, ?], such as the human brain’s mechanism for predicting future words
[?, ?, ?] and the influence of prior beliefs on text comprehension [?, ?]. By shift-
ing the focus of experimental design from brain activity to computational mod-
els, NLP technology can be used to separate different information components
and effectively reduce requirements for participant numbers and experiments.
Finally, the use of natural stimuli and low-constraint tasks is gradually becom-
ing a trend in brain imaging research [?, ?, ?], yet traditional psychological
experimental methods struggle to track continuously input word semantics and
integrate previous contextual information into current words. NLP technology
provides modeling methods for representing multi-level semantic information
including characters, words, sentences, and discourse, playing an increasingly
important role in exploring the neural basis of natural language processing.

Using NLP technology to extract semantic features of stimuli and establish
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mapping relationships with brain activity, recent researchers have consistently
observed that neural structures related to semantic representation are widely dis-
tributed across multiple brain regions including the frontal, temporal, and occip-
ital lobes. This result is not entirely consistent with conclusions from traditional
psychological experimental methods and brain lesion patients that revealed lo-
calized brain regions for semantic representation. One possible reason is that
language models trained on large text corpora have more fully captured multiple
semantic information of linguistic symbols, while traditional psychological ex-
periments using specific tasks (e.g., semantic association judgment) selectively
activate one aspect of linguistic symbol semantics, thus previously detecting
only partial brain region involvement. Notably, many theoretical models have
also proposed that neural representations of semantic memory are distributed
across extensive brain regions including sensory-motor and association cortices
[?, ?, ?, ?, ?]. For example, the“hub-and-spoke”theory of conceptual representa-
tion [?, ?, ?] proposes that cross-modal linguistic and non-linguistic experiences
constitute the core components of concepts (the hub), primarily represented and
integrated by the anterior temporal lobe, while the initial source information
appearing during concept acquisition (the spokes, including visual, auditory,
emotional valence, etc.) is distributed across various modality-specific cortices.
Additionally, dual coding theory divides knowledge representation into two cat-
egories: sensorimotor-derived systems and language-derived systems, where the
knowledge representation system supporting sensorimotor coding is mainly dis-
tributed across modality-specific sensory-motor cortices and association cortices,
while the system supporting linguistic coding is mainly distributed in the dor-
sal anterior temporal lobe (dATL) and its extended regions (including classic
language brain regions such as the inferior frontal gyrus and middle temporal
gyrus). The broad semantic-sensitive brain regions revealed by NLP technology
suggest that vector spaces representing semantics may simultaneously capture
both abstract, cross-modal components and modality-specific components of
natural language, yet establishing definitive associations between these findings
and cognitive theoretical models still faces numerous challenges (for more in-
depth discussion of this issue, please refer to: [?, ?, ?]).

4. Summary and Outlook
Compared with traditional psychological experimental methods, using natural
language processing (NLP) technology to characterize semantics has several ad-
vantages: (1) It enables objective quantification and computation of semantic
information at multiple levels including words, sentences, and discourse, provid-
ing metrics for semantics; (2) It can integrate contextual information and adjust
word vector outputs according to context, thereby achieving more accurate rep-
resentation of semantics in context; (3) Word vectors output by NLP models
contain rich information, and through ablation experiments or inputting differ-
ent types of stimuli, researchers can extract or remove certain information (e.g.,
syntactic information) to examine brain semantic representation from different
information perspectives; (4) Word vector acquisition is fast and convenient,
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less subject to subjective factors, and can greatly reduce material rating costs.

Through methods such as representational similarity and linear regression, re-
searchers have attempted to use semantic information extracted from language
models to explain changes in brain activity, achieving many new discoveries
regarding distributed semantic representation, the influence of contextual infor-
mation on semantic representation, separation of syntactic and semantic pro-
cessing regions, and discourse semantic representation.

However, natural language processing technology also has certain limitations
when answering questions about language cognition and its neural mechanisms.
First is the interpretability issue of NLP models. In recent years, language mod-
els based on neural networks and deep learning have become increasingly com-
plex and large in internal structure—for example, the recent GPT-3 model has
175 billion parameters [?, ?]. Despite good performance on language tasks, the
huge parameter count and complex structure make model interpretability poor:
What linguistic features are reflected in model output word vectors? What key
steps does the model use to obtain these features? These questions currently
have no definitive answers. While model comparison approaches (e.g., eliminat-
ing or preserving contextual information, using random vectors instead of word
vectors) can be used to investigate brain processing of certain information, low
interpretability still somewhat limits the explanatory power and application po-
tential of NLP in language cognition research. Second, the number and types of
models are growing rapidly, with differences across models in training materials,
network architecture, parameter count, and training tasks, leading to different
output word vectors. When establishing mapping relationships between word
vectors and brain activity, the sources of performance differences between mod-
els become unclear. Even using the same pre-trained model to obtain identical
model parameters, issues such as model sampling error remain. Additionally,
the construction of NLP models differs from how humans acquire semantics,
and their internal computational and processing mechanisms may fundamen-
tally differ from the human brain. Human language acquisition is a process of
continuous multimodal interaction with the world environment, whereas most
current mainstream NLP models have only text modality and cannot learn new
knowledge or change existing concepts based on just a few feedback instances
like humans. On the other hand, despite increasingly large training corpora
and complex structures, NLP models still perform poorly on advanced language
tasks such as logical reasoning and knowledge transfer, raising the question of
whether NLP truly learns language. Therefore, the extent to which NLP models
can explain semantic representation mechanisms in the human brain requires
deeper future research. Given these limitations, when applying language mod-
els to extract stimulus features, researchers need to select appropriate models
according to research questions, test model effectiveness through experimental
design, and interpret results cautiously.

Notably, NLP models are not always the only or optimal solution for semantic
representation. Other current psychological semantic representation methods

chinarxiv.org/items/chinaxiv-202301.00155 Machine Translation

https://chinarxiv.org/items/chinaxiv-202301.00155


have also achieved good performance in some cases and have strong interpretabil-
ity. For example, feature listing methods can intuitively reflect the salience
of different concept features in memory [?, ?]; feature rating methods can ob-
tain attribute strengths of concepts across multiple dimensions (e.g., perception,
emotion) and perform similarity calculations using distributed representations
[?, ?]; network models can clearly reflect hierarchical and relational structures
between concepts [?, ?, ?]. NLP models trained purely on text may not nec-
essarily fully capture human semantic knowledge and processing characteristics
(e.g., reasoning, association, multimodality). For example, recent research on
conceptual semantic brain representation found that compared with NLP mod-
els, feature ratings based on experiential attributes showed higher representa-
tional similarity with the brain, and after controlling for shared information
using partial correlation, experiential attributes still showed significant repre-
sentational similarity with the brain, while NLP models did not, indicating that
human brain representation of concepts contains multimodal information not
yet learned by NLP models [?, ?, ?]. Therefore, there is no absolute superi-
ority between NLP models and traditional psychological semantic representa-
tion methods; they provide complementary information and functions [?, ?]:
In small-scale corpora, although traditional methods are coarse-grained, their
high interpretability helps verify research theories and hypotheses; in large-scale
corpora and natural stimuli, although the low interpretability of NLP models
makes vector dimension meanings unclear, they can conveniently obtain con-
textualized semantic representations and examine different information content
through model comparisons.

Next, researchers can further expand the application of NLP technology in neu-
rolinguistics from the following aspects:

(1) Introducing graph-based semantic representation methods. In
addition to text representation methods based on distributed hypothesis,
graph models are also mature techniques in NLP for representing text re-
lationships (e.g., knowledge graphs). In graph models, network nodes rep-
resent linguistic elements (words, concepts, entities, sentences, discourse,
etc.), and network edges represent relationships between linguistic ele-
ments. Taking knowledge graphs as an example, graph model construction
fully utilizes attribute relationships between linguistic elements, linguis-
tic prior knowledge, and world knowledge, offering higher interpretability
than neural network models with clear semantic relationships that facil-
itate commonsense reasoning tasks. However, the data structures used
by graph models to represent semantics are relatively complex, making it
difficult to directly model brain activity data using graph model semantic
representations. Researchers can adopt indirect approaches, extracting
semantic relationship or distance information from graph models, then
using RSA and other methods to examine brain processing of semantic re-
lationships. Using WordNet as an example, this database organizes words
in tree structures based on semantic relationships (e.g., hierarchical re-
lationships). Semantic distance between two words in WordNet can be
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measured by the shortest path connecting them [?, ?, ?, ?]. For example,
reaching the node for “mouse”from the node for “cat”requires the fol-
lowing path: cat—feline—carnivore—placental mammal—rodent—mouse, so
the relational distance between these two words is 5.

(2) Applying multimodal fusion deep language models. In natural
communication contexts, people’s information processing and understand-
ing often integrate multiple modalities such as sound, images, and text,
and processing single concepts often extracts multimodal information [?,
?]. However, traditional experimental methods and pure text-based NLP
models struggle to fuse and quantify multimodal information and cannot
comprehensively describe content of human brain concept representation
[?, ?, ?]. The artificial intelligence field has developed multimodal fusion
deep semantic representation methods [?, ?, ?, ?]. Using multimodal lan-
guage models can further investigate brain processing mechanisms for dif-
ferent modality information, such as the representation distribution and
patterns, role status, and integration methods and degrees of language-
based versus experience-based information [?, ?, ?] in the brain.

(3) Using language models to assess language abilities in special
populations. For example, performing text analysis on language pro-
duction from normal individuals and patients with aphasia (or autism,
schizophrenia, etc.) to obtain features such as semantic categories, se-
mantic ambiguity, word frequency distribution, and semantic structure
[?, ?, ?]. Building classification or prediction models based on these fea-
tures can help improve the accuracy or acceptability of language ability
and disease assessment [?, ?, ?] and reduce time and labor costs required
for evaluation.

(4) Using brain activity data to enhance understanding or improve
deep language models. Current deep language models can complete
various language tasks, yet people still lack clear understanding of their
internal implementation mechanisms. The human brain is the only pro-
cessing system in the world that can truly understand natural language.
One approach to understanding deep models is to compare them with
the human brain. Some studies have begun using the “brain-likeness”of
deep models to infer internal operating mechanisms or explain differences
between models. For example, in one study, researchers investigated the
contextual integration capabilities of different language models and differ-
ent hidden layers within the same model [?, ?]. Researchers used fMRI to
collect brain activity while participants read stories (with each word pre-
sented separately on screen), simultaneously extracting vector representa-
tions for each word in the story from each hidden layer of different NLP
models, then calculating the prediction degree of model output word vec-
tors on activity in multiple important language brain areas through ridge
regression and classification tasks. Results showed that when shorter con-
texts (fewer than 10 words) were used to compute word vectors, middle
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layers of BERT and Transformer T-XL models predicted brain activity
better than shallower input layers, reflecting hidden layers’contextual in-
tegration capabilities. When contextual information exceeded 10 words,
BERT’s brain activity prediction effect declined with increasing context
word count, while Transformer T-XL’s prediction effect continued to show
a slow upward trend. Researchers speculated that the context length cor-
responding to optimal brain activity prediction might reflect the model’s
(or hidden layer’s) ability to integrate contextual information, showing
that Transformer T-XL is better at integrating long-distance contextual
information than BERT, which was indeed one of Transformer T-XL’s
original design goals. Similar work has also found significant positive corre-
lations between NLP models’language task performance and brain activity
prediction ability [?, ?, ?]. Furthermore, some researchers have fine-tuned
models and found that improving brain activity prediction ability (making
models more “brain-like”) significantly enhanced model performance on
multiple language tasks [?, ?, ?].

These studies indicate that comparing deep language models with human brain
cognitive and neural processing has great potential for understanding and even
improving deep language models. However, due to the covert nature of hu-
man thinking and limitations of current brain imaging technology in temporal
and spatial resolution as well as low signal-to-noise ratio, “brain-like”analysis
or investigation of internal cognitive mechanisms of NLP models still requires
using strict experimental controls and prior knowledge to constrain results or
cooperating with other model interpretation methods to make inferences [?, ?].
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