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Abstract

Neural language models, particularly large-scale ones, have
been consistently proven to be most effective in predicting
brain neural activity across a range of studies. However, pre-
vious research overlooked the comparison of these models
with psychologically plausible ones. Moreover, evaluations
were reliant on limited, single-modality, and English cognitive
datasets. To address these questions, we conducted an analysis
comparing encoding performance of various neural language
models and psychologically plausible models. Our study
utilized extensive multi-modal cognitive datasets, examining
bilingual word and discourse levels. Surprisingly, our findings
revealed that psychologically plausible models outperformed
neural language models across diverse contexts, encompass-
ing different modalities such as fMRI and eye-tracking, and
spanning languages from English to Chinese. Among psycho-
logically plausible models, the one incorporating embodied
information emerged as particularly exceptional. This model
demonstrated superior performance at both word and discourse
levels, exhibiting robust prediction of brain activation across
numerous regions in both English and Chinese.
Keywords: Neural Language Models, Psychologically Plausi-
ble Models, Neural Encoding

Introduction
Neural language models, particularly large ones, exhibit re-
markable effectiveness in diverse downstream tasks and ex-
ceptional language understanding abilities. This success has
spurred the development of studies utilizing neural language
models to investigate how the human brain processes lan-
guages. Previous research utilizes representations generated
by distinct models to predict brain activation (Mitchell et
al., 2008; Huth, De Heer, Griffiths, Theunissen, & Gallant,
2016), assuming that the closer the representation aligns with
the brain’s semantic information, the better it captures brain
activation.

Recent research has compellingly demonstrated that neu-
ral language models excel in predicting brain neural activi-
ties (Schrimpf et al., 2021). However, existing studies have
overlooked the comparison with simple yet psychologically
plausible models, which possess mathematically transparent
computational mechanisms and do not necessitate extensive
hyperparameter tuning processes. Furthermore, these stud-
ies often rely on a single modality of brain activity data from
small cognitive datasets to evaluate models. These datasets
typically involve stimuli from a single paradigm and a single
language unit (e.g., word-level). Moreover, the focus of these
investigations has primarily been on Germanic languages,

particularly English, while Tibetan languages like Chinese re-
main largely unexplored.

Therefore, the effectiveness of neural language models in
predicting brain activations and their superiority over other
models, as well as their ability to capture the nuances of hu-
man language processing, remains uncertain. Comprehensive
studies are essential to understand the intricate relationship
between artificial intelligence and the brain’s cognitive func-
tions.

To bridge this gap, we conduct a comparative analysis,
evaluating the encoding performance of diverse neural lan-
guage models (NLMs) and psychologically plausible models
(PPMs) on eight multi-modal cognitive datasets in Chinese
and English, encompassing both word and discourse levels.
To investigate spatial difference of model encoding perfor-
mance, we perform a fine-grained analysis at both the re-
gion of interest (ROI) and voxelwise levels using fMRI data.
Our findings reveal that: (i) Simple PPMs outperform NLMs
across various contexts, encompassing diverse modalities like
fMRI and eye-tracking and spanning languages from English
to Chinese. (ii) PPMs integrating embodied and network-
topological information excel in word-level encoding, with
embodied models outperforming others at the discourse level.
PPMs incorporating local-statistical information are particu-
larly adept at fitting eye-tracking patterns. (iii) The shallow
layers of NLMs excel in word-level brain activation, whereas
middle layers are better at capturing discourse-level activa-
tion. (iv) The brain cortex encoding map reveals unique cor-
relations between different models and various brain regions,
implying distinct and exclusive information encoding within
different models.

Related Work
Evaluating Neural Language Models with Cognitive
Data
Previous research has attempted to identify models that more
effectively capture brain activation. Abnar, Ahmed, Mijn-
heer, and Zuidema (2017) evaluates seven NLMs, encom-
passing distributional, dependency-based, and one experien-
tial model, in predicting neural responses to 60 nouns pre-
sented by Mitchell et al. (2008). Beinborn, Abnar, and
Choenni (2019) evaluates the ability of ELMo to predict
brain responses on four small fMRI datasets. These studies
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Figure 1: [a] Stimuli examples from four paradigms: picture, sentence, and word cloud paradigms are employed in word-level
fMRI, while the audio paradigm is used in discourse-level fMRI. Sentence paradigm is utilized in eye-tracking data. [b] Neural
encoding method using representations generated by neural language models and psychologically plausible models.

demonstrate NLMs’ effective prediction of brain activation.
Hollenstein, de la Torre, Langer, and Zhang (2019) evalu-
ates six NLMs consisting of four context-independent mod-
els and two context-aware models on relatively more cog-
nitive datasets. Moreover, Schrimpf et al. (2021) compares
multiple state-of-art models on relatively small sentence-level
datasets, from no more than 9 participants. These studies
conclude that context-aware models perform best in encod-
ing English cognitive data.

However, recent work has demonstrated that learning and
evaluation goals commonly utilized with NLMs, like masked
or next-word prediction, are inconsistent with the brain’s lan-
guage understanding mechanisms (Pasquiou, Lakretz, Hale,
Thirion, & Pallier, 2022; Antonello & Huth, 2022). There-
fore, NLMs may not be the optimal model for capturing brain
activity. Moreover, cognitive datasets used in these stud-
ies are either too small or only contain stimuli from single
paradigm and single language unit. Furthermore, these stud-
ies have predominantly centered around Germanic languages,
particularly English, while Tibetan languages, such as Chi-
nese, remain largely unexplored. Investigating the relation-
ship between model representations and brain activation in
diverse languages can enrich our comprehension of brain lan-
guage representations (Wang et al., 2024).

Psychologically Plausible Models

In psycholinguistics, three distinct types of computational
principles are considered as candidates for the semantic rep-
resentational algorithm in the human brain.

The first type is local-statistical system, such as simple
co-occurrence, whose variations can be detected by humans
during language acquisition (Saffran, Senghas, & Trueswell,
2001; Conway & Christiansen, 2005). Several studies have
found that co-occurrence information in language corpora
predicts various human semantic phenomena (Roelke et al.,

2018; Hofmann et al., 2018; Frank & Willems, 2017), indi-
cating that co-occurrence information likely plays a pivotal
role in shaping human semantic organization.

The second type is global-network-topological system. In
network sciences, language can be conceptualized as a com-
plex network, with words as nodes and their correlations
as edges, displaying rich topological properties. Numerous
studies have shown that humans implicitly infer these topo-
logical properties during various structural learning tasks, in-
cluding motor sequence learning (Lynn, Kahn, Nyema, &
Bassett, 2020), object relation learning (Garvert, Dolan, &
Behrens, 2017), visual event segmentation (Schapiro, Rogers,
Cordova, Turk-Browne, & Botvinick, 2013), and picture
naming (Fu et al., 2023).

The third type is embodied-based system. It is motivated
by grounded semantics, where experiential information from
diverse modality-specific systems, such as visual, motor, and
social, is re-encoded into semantic representations stored in
memory. Several studies have found that embodied-based
system partly reflects conceptual knowledge in human brain
(Damasio, 1989; Glenberg, 1997; Binder & Desai, 2011; Fer-
nandino, Tong, Conant, Humphries, & Binder, 2022).

The aforementioned studies primarily investigate the rela-
tionship between PPMs and brain’s neural representations at
word level. It remains unclear to what extent PPMs encode
the brain’s neural representations of sentences and discourse,
along with behavioral signals like eye-tracking. Furthermore,
these studies do not incorporate NLMs for a comprehensive
comparison and analysis.

Cognitive Datasets
We introduce the sources of English and Chinese cognitive
datasets (See Table 1 for details.). For word-level fMRI
data, we preprocess it using fMRIPrep (Esteban et al., 2019)
and conduct first-level analysis to obtain t-value images rep-
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Language Modality Source Paradigm Subject Unit Tokens

English

Word fMRI Pereira et al. (2018) Picture 15 Word 180
Word fMRI Pereira et al. (2018) Text 15 Word 180
Word fMRI Pereira et al. (2018) Word Cloud 15 Word 180

Discourse fMRI Y. Zhang, Han, Worth, and Liu (2020) Audio 19 Discourse 47,356
Eye-tracking Hollenstein et al. (2018) Text 12 Sentence 36,767

Chinese
Word fMRI Wang, Zhang, Zhang, Sun, et al. (2022) Picture 11 Word 672

Discourse fMRI Wang, Zhang, Zhang, and Zong (2022) Audio 12 Discourse 52,269
Eye-tracking G. Zhang et al. (2022) Text 1718 Sentence 170,331

Table 1: Details of the cognitive datasets used in our experiments.

resenting neural activation for each word. Discourse-level
fMRI data is preprocessed using the Human Connectome
Project (HCP) pipeline. To align word representations with
fMRI data, the representations are convolved with the hemo-
dynamic response function (HRF) and down-sampled to the
discourse-fMRI sampling rate. In eye-tracking data, four key
word-level features are extracted, encompassing the entire
reading process. These features, categorized into total read-
ing time (TRT) and gaze duration (GD), number of fixations
(nFixations), and first fixation duration (FFD), capture vari-
ous aspects of processing.

Method
In this section, we demonstrate how the representations pro-
duced by neural language models and psychologically plau-
sible models are used to encode cognitive data.

Neural Language Models
We adopt six typical neural language models that can be di-
vided into two groups: one is context-independent models in-
cluding GloVe (Pennington, Socher, & Manning, 2014) and
Word2Vec (Mikolov, Chen, Corrado, & Dean, 2013), where
GloVe is a count-based method that performs a dimension-
ality reduction on the co-occurrence matrix, and Word2Vec
employs a shallow neural network to map words from a large
corpus into continuous vector spaces. The other is context-
aware models including GPT2ori, GPT2med, BERTbase and
BERTlar, where GPT2 is an auto-regressive language model,
trained to predict the next token based on preceding text, and
BERT is an auto-encoder language model, trained bidirec-
tionally to predict masked tokens.

To obtain word embeddings, we train GloVe and Word2Vec
on large-scale corpora, the Xinhua News corpus (19.7 GB)1

for Chinese and the Wikipedia corpus (13 GB)2 for English,
using identical model parameters, including the Skip-Gram
architecture, a negative number of 15 for Word2Vec, a win-
dow width of 2, and embedding dimensions of 300. GPT2ori
and BERTbase have 12 hidden layers, GPT2med and BERTlarge
have 24 hidden layers, and we take word representations
from each hidden layer. We derive each word’s representa-
tion by averaging sub-word embeddings for discourse stimuli

1http://www.xinhuanet.com/whxw.htm
2https://dumps.wikimedia.org/enwiki/latest

and adopt Chersoni, Santus, Huang, Lenci, et al. (2021) and
Y. Zhang, Li, Zhang, Dong, and Wang (2023)’s methods to
extract word representations for word stimuli.

Psychologically Plausible Models
We developed three psychologically plausible models, each
based on a unique computational principle for semantic rep-
resentation in the human brain.
Local-Statistical Model (LSM) Following previous studies
(Fu et al., 2023; Frank & Willems, 2017), we construct the
local-statistical model by calculating a co-occurrence matrix
weighted by Positive Pointwise Mutual Information and re-
ducing it with Singular Value Decomposition. Finally, we
obtain a 300-dimensional representation for each word.
Network-Topological Model (NTM) Inspired by previous
studies (Newman-Griffis & Fosler-Lussier, 2017), we first
calculate the one-order similarity coefficients (e.g., cosine
similarity) among words. Then, we construct a graph, where
each node is a word and each edge is cosine similarity coef-
ficients. Finally, we use random walks and dimensionality
reduction techniques to generate network-topological word
representations.
Embodied-Based Model (EBM) Word representations with
six semantic dimensions were obtained from a prior study
(Wang et al., 2023), which represent various aspects of
word meanings, such as vision, motor, socialness, emotion,
time, and space, in alignment with neural processing systems
(Binder et al., 2016). We obtain a 6-dimensional representa-
tion encompassing both sensory-motor and abstract semantic
information for each word.

Encoding Brain Activation
As shown in Figure 1[b], to map representations yielded by
different models (NLMs and PPMs) to brain activations, for
each cognitive dataset, we train encoding models to predict
fMRI or eye-tracking signals from text stimuli for each sub-
ject. Specifically, we follow K-fold (K=10) cross-validation.
All data samples from K-1 folds were utilized for training,
while the model is tested on the remaining fold. Following
previous works (Oota et al., 2022), we employ sklearn’s ridge
regression, 10-fold cross-validation, mean squared error loss
function. Moreover, we perform a group-level paired t-test
with false discovery rate (FDR) correction to assess the sig-
nificance of comparison results.
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Figure 2: Pearson correlation coefficients between predicted and true values were computed for English and Chinese in word-
level fMRI, discourse-level fMRI, and eye-tracking data using both NLMs and PPMs. Results are averaged across all subjects.
To facilitate comparison, we average results from the picture paradigm, sentence paradigm, and word cloud paradigm to obtain
the English word-level results. As for context-aware models, we select the layer with the best performance.

Result and Discussion
Figure 2 illustrates the mean encoding performance of NLMs
and PPMs across subjects for selected brain networks in Chi-
nese and English, covering word-level fMRI, discourse-level
fMRI and eye-tracking data. Figure 3 displays the mean per-
formance of each layer within context-aware models across
whole brain for both Chinese and English in word-level and
discourse-level fMRI. Figure 4 shows distribution of top-
performing model for each voxel across whole brain.

Comparison between Neural Language Models and
Psychologically Plausible Models

Figure 2 illustrates that at the word level, PPMs signifi-
cantly outperform NLMs across various brain networks and
languages like English and Chinese (p < 0.05, FDR cor-

rected). At the discourse level, PPMs show superior aver-
age performance across most brain networks (p < 0.05, FDR
corrected). However, in brain networks with less emphasis
on language processing (Audition and Attention), NLMs ex-
hibit comparable performance to PPMs in English. In eye-
tracking, PPMs have comparable performance to NLMs on
average (p > 0.05, FDR corrected). Moreover, Figure 3 indi-
cates that at the word level, PPMs outperform each layer of
context-aware models (p < 0.05, FDR corrected). In the dis-
course level, PPMs on average outperform NLMs across the
entire brain. In summary, PPMs prove to be more effective in
predicting brain activation than NLMs.

In word level, the better performance in PPMs supports
popular research views that network-topological and embod-
ied properties explain certain aspects of the brain’s concep-
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Figure 3: Mean Pearson correlation coefficients were calculated for each layer of context-aware models in English and Chinese
word-level and discourse-level fMRI data across the entire brain. A circle marks the layer with the best encoding performance
for each model.

tual representation mechanism, respectively (Fu et al., 2023;
Fernandino et al., 2022). The lower performance in NLMs
may be attributed to the learning and evaluation goals fre-
quently used with NLMs, such as masked or next-word pre-
diction, which are inconsistent with the brain’s language com-
prehension mechanisms. Consequently, NLM-generated rep-
resentations lack similarity to human brain semantic informa-
tion. Furthermore, the performance of context-aware models
is relatively close to PPMs at the discourse level compared to
the word level. It’s probably because context-aware models
can obtain the specific meaning of a word within its context.
Therefore, they encode brain activation for complex language
unit containing context, such as discourse, more effectively.

Comparison within Psychologically Plausible
Models

Word Level Both EBM and NTM obtain best performance
in predicting word-level brain activation in English and Chi-
nese. And in Figure 2[a], LSM performs similarly to NTM
and EBM in the English paradigm but lags behind in the Chi-
nese paradigm. Compared to English, Chinese has more intri-
cate grammar and text structure (Tang, 2021). Therefore, the
simple local-statistical model like LSM struggles to capture
word-level brain activation from Chinese text corpus.
Discourse Level Figure 2[b] illustrates EBM’s superior en-
coding performance in various brain networks. This can be

attributed to the situational nature of discourse-level tasks
(Speelman & Kirsner, 1990), which require higher-order cog-
nitive functions like imaginative scenario construction and
benefit from more sensory-motor information involvement.
Moreover, LSM obtains the lowest performance in PPMs,
indicating that local-statistical representations can not effec-
tively capture brain activation during comprehending content
at discourse level.
Eye-Tracking As shown in Figure 2[c], LSM outperforms
other PPMs on nearly all eye-tracking features, in line with
psychological research indicating that local statistical pat-
terns, such as co-occurrence, can predict reading behavior,
which is measured using eye-tracking data (McDonald &
Shillcock, 2003). Moreover, NTM and EBM achieve rela-
tively low encoding performance, suggesting that effectively
modeling brain activation may not achieve the same effect for
behavioral signals.

Comparison within Neural Language Models
Word Level As shown in Figure 2[a], we observe that
context-aware models have better encoding performance than
that of context-independent models in the English paradigm,
while context-independent models excel in context-aware
models in the Chinese paradigm. In psycholinguistics, the
holistic view suggests that due to the prevalence of homo-
graphic and homophonic morphemes in Chinese, holistic pro-
cessing of compound words is more efficient (Packard, 1999).
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Figure 4: Distribution of top-performing model for each voxel across the entire brain in English (left) and Chinese (right)
discourse-level fMRI. ROIs related to semantic processing are marked.

And neuroimaging studies have highlighted the brain’s re-
liance on holistic word-level processing during Chinese se-
mantic learning (Tsang & Zou, 2022). Therefore, BERT
and GPT2 models in Chinese acquire semantic information
through character-level training, diverging from human brain
processing. Yet Word2Vec in Chinese learns word-level rep-
resentations from the large-scale corpus, which have better
encoding performance than context-aware models.

As shown in Figure 3[a], in the Chinese paradigm, context-
aware models show consistent encoding performance across
various layer depths, whereas in the English paradigm, they
exhibit significant variation across various layer depths. This
result suggests that, in English context-aware models, more
semantic information akin to the human brain is present in
shallow layers, whereas in Chinese context-aware models, it
is evenly distributed across layers. Furthermore, GPT2med
and BERTlarge has better performance than GPT2origin and
BERTbase. This result suggests that context-aware models
with more parameters capture additional word-level seman-
tic information akin to the human brain.
Discourse Level As observed in Figure 2[b], context-aware
models outperform context-independent models in English,
while the context-independent model (Word2Vec) excels
context-aware models in Chinese, in line with word-level
findings.

As shown in Fig 3[b], context-aware models show a rise
followed by a decline in performance as the layer rises, which
is similar on English and Chinese datasets. However, the
shallow layers of context-aware models have higher perfor-
mance than the deep layers on English word-level datasets.
These language-unit differences between layers suggest that,
in context-aware models, shallow layers encode simple lin-
guistic units, while middle layers capture richer semantic in-
formation related to more complex linguistic units (Y. Zhang,
Zhang, Li, Wang, & Zong, 2024).
Eye-Tracking It can be noticed from Figure 2[c] that in En-
glish, context-independent models outperform context-aware
models, contrary to fMRI results. It indicates that effectively
modeling brain activation may not yield the same impact on
behavioral signals.

Moreover, NLMs accurately predict TRT and FFD in En-
glish, while they predict TRT better than FFD in Chinese,
which may indicate that Chinese models capture the informa-
tion of late-stage semantic integration better than early pro-
cessing stages of lexical access.

Encoding Performance on Each Voxel
To thoroughly explore encoding performance across various
models, we label each voxel using the model exhibiting the
best performance for that voxel. As illustrated in Figure 4,
EBM consistently achieves superior encoding performance in
nearly all ROIs related to semantic processing, highlighting
its ability to capture brain activation during language com-
prehension. Furthermore, we observe that distinct models
capture activation from different brain regions. For example,
GPT2med captures activation in regions such as the lateral oc-
cipital cortex (LocG), insular gyrus (INS), and superior pari-
etal lobule (SPL), while BERTbase captures activation in re-
gions including the angular gyrus (AG), middle frontal gyrus
(MFG), posterior superior temporal sulcus (pSTS), middle
temporal gyrus (MTG), and precentral gyrus (PrG). The corti-
cal encoding map indicates unique correlations between spe-
cific models and various brain regions, suggesting distinct
and exclusive information encoding within these models.

Conclusion
Analyzing multi-modal cognitive data across diverse contexts
and languages, our study shows that psychologically plau-
sible models outperform neural language models in brain
encoding performance, challenging current claims of neural
models’ excellence in predicting brain activation during lan-
guage processing. Moreover, our results replicate existing
findings regarding the encoding performance of neural lan-
guage models with English cognitive data, as well as dis-
cover the prominent contribution of embodied and network-
topological information to brain activation prediction in both
English and Chinese.

Our findings offer valuable insights for selecting compu-
tational models in diverse cognitive tasks, shedding light on
language processing across languages and contexts, guiding
future research.
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