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Abstract
To decipher the algorithm underlying the human
brain’s language representation, previous work
probed brain responses to language input with pre-
trained artificial neural network (ANN) models
fine-tuned on NLU tasks. However, full fine-tuning
generally updates the entire parametric space and
distorts pre-trained features, cognitively inconsis-
tent with the brain’s robust multi-task learning abil-
ity. Prompt-tuning, in contrast, protects pre-trained
weights and learns task-specific embeddings to fit
a task. Could prompt-tuning generate representa-
tions that better account for the brain’s language
representations than fine-tuning? If so, what kind
of NLU task leads a pre-trained model to better
decode the information represented in the human
brain? We investigate these questions by compar-
ing prompt-tuned and fine-tuned representations in
neural decoding, that is predicting the linguistic
stimulus from the brain activities evoked by the
stimulus. We find that on none of the 10 NLU tasks,
full fine-tuning significantly outperforms prompt-
tuning in neural decoding, implicating that a more
brain-consistent tuning method yields representa-
tions that better correlate with brain data. More-
over, we identify that tasks dealing with fine-
grained concept meaning yield representations that
better decode brain activation patterns than other
tasks, especially the syntactic chunking task. This
indicates that our brain encodes more fine-grained
concept information than shallow syntactic infor-
mation when representing languages.

1 Introduction
To decipher the mechanism underlying human language rep-
resentation by analyzing brain activation patterns is a funda-
mental goal of language neurobiology[Schrimpf et al., 2021;
Huth et al., 2016]. The recent upsurge of ANNs for language
processing, exemplified by the Transformer [Vaswani et al.,
2017; Devlin et al., 2018] and its mutants [Ouyang et al.,
2022; Kojima et al., 2022], has yielded significant advances
in solving a wide range of downstream NLP tasks. It is log-
ical to investigate the potential of ANNs to assist in reverse-

engineering the algorithms that underlie language representa-
tion in the human brain.

Existing studies have employed representations produced
by ANN models to explain the brain activities related to lan-
guage processing [Anderson et al., 2016; Sun et al., 2019].
Some of the best-performing models such as GPT-2 [Rad-
ford et al., 2019] are found to account for more than 99%
of explainable variance in neural responses for a correspond-
ing linguistic stimulus [Schrimpf et al., 2021]. Transformer-
based large-scale language models show a consistent advan-
tage over other models for predicting and deciphering brain
activities [Sun et al., 2020b]. Among these works, unsuper-
vised methods optimized for language modeling or similar
context-predicting goals take a major part in the evaluated
ANN models, while supervised models are far less explored.
Could additional information learned from task supervision
lead to better candidate models to account for the brain’s lan-
guage representation?

To study this question, previous work mostly exclusively
fine-tuned pre-trained models, producing supervised repre-
sentations to match with brain activation patterns [Gauthier
and Levy, 2019; Oota et al., 2022]. To fit a new NLU task, the
full fine-tuning generally updates the entire parameter space
of the model which has been proven to distort the pre-traind
features [Kumar et al., 2022]. However, this is potentially in-
consistent with the human brain’s mechanism which does not
require a reformation of the entire brain’s language network
to learn a single new task.

In this study, we propose to link the human brain and
task-supervised artificial representations with prompt-tuning.
We take 10 NLU tasks involving diverse linguistic-cognitive
skills from widely used NLU benchmarks such as GLUE
[Wang et al., 2018] and SuperGLUE [Sarlin et al., 2020].
A pre-trained BERT model is tuned on the 10 tasks with
full fine-tuning and prompt-tuning, respectively. The super-
vised representations generated by the tuned models are then
employed to decipher the brain activation patterns through
neural decoding. We comprehensively compare the prompt-
tuned against the fine-tuned representations. We also demon-
strate which task leads to representations that are better at
decoding the brain responses. We find that:

(i) On the regions of interest (ROIs) comprising the brain
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language and semantic network1, prompt-tuned repre-
sentations consistently and significantly outperform the
fully fine-tuned peers in decoding accuracy.

(ii) Tuning on tasks dealing with fine-grained concept
meaning including Word Sense Disambiguation and
Co-reference Resolution yields representations that are
better at neural decoding than tuning on other tasks with
both fine-tuning and prompt-tuning.

The proposed prompt-tuning-based framework helps a bet-
ter understanding of the relationship between supervised arti-
ficial and brain language representations: the more similar to
the brain working mechanism, the better correlated with the
brain data. Furthermore, our experimental findings contribute
to deciphering the mechanism supporting the human brain’s
language processing.

2 Related Work
2.1 Fine-tuning and Prompt-tuning
In recent years, there have been significant developments
in pre-trained language models [Brown et al., 2020; Sun et
al., 2020a], resulting in remarkable enhancements in perfor-
mance across various NLP tasks. One widely used technique,
known as full fine-tuning, involves updating all model param-
eters for a specific task, as depicted in Figure 1[a]. While full
fine-tuning generally yields good task performance, it can be
computationally intensive due to the requirement of storing
gradients and optimizer states for all parameters. Moreover,
the cognitive plausibility of fine-tuning can be hindered by
its potential distortion of general domain knowledge acquired
during pre-training. To address these concerns, an approach
called discrete prompting has been developed as an alterna-
tive of fine-tuning [Liu et al., 2022a]. With discrete prompt-
ing, the parameters of a pre-trained model are fixed, and an
NLP task is solved by querying the model with a discrete
natural language prompt. For example, in machine transla-
tion, one might prepend a sample like ”A lovely day” with
a prompt such as ”Translate it to Chinese” and ask the pre-
trained language model to predict the subsequent tokens.

While discrete prompting does not require additional train-
ing and only necessitates storing a single set of model param-
eters, its task performance can be highly dependent on the
design of the prompt template. As a result, it may be sub-
optimal compared to fine-tuning in certain cases [Qiu et al.,
2020; Lester et al., 2021]. Due to this limitation, we do not
adopt discrete prompting as a baseline in this paper. Prompt-
tuning, an extension of discrete prompting, has been intro-
duced as a technique that fixes the parameters of a pre-trained
model while learning continuous prompt embeddings [Qin
and Eisner, 2021]. An example of prompt-tuning is prefix-
tuning [Li and Liang, 2021], which involves adding trainable
embeddings called prefixes to the original input word embed-
dings and optimizing them for downstream tasks. Prompt-
tuning has shown superior performance compared to discrete
prompting on multiple tasks [Chen et al., 2022] and achieves

1A brain functional network is a collection of brain regions that
consistently show coordinated activities for certain cognitive func-
tions or during behavioral tasks.

performance levels close to fine-tuning. In this paper, we
leverage the characteristics of prompt-tuning to preserve the
knowledge learned by a pre-trained model. This enables us
to investigate whether the additional supervised information
obtained from downstream tasks improves neural decoding
performance or not. Specifically, we employ the P-tuning V2
method, as illustrated in Figure 1[b] [Liu et al., 2022b], which
is an optimized version of prefix-tuning claiming comparable
performance to fine-tuning across a range of natural language
understanding tasks.

2.2 Matching Artificial and Neural
Representations of Language

The use of artificial neural network (ANN) representations
has proven successful in encoding and decoding neural re-
sponses to linguistic stimuli [Pereira et al., 2018; Caucheteux
et al., 2021]. Early studies have demonstrated their ability
to recover simple verbal stimuli, such as words [Pereira et
al., 2011; Handjaras et al., 2016], as well as phrases [Fyshe,
2015; Huth et al., 2016], from brain activation patterns
recorded by functional magnetic resonance imaging (fMRI).
More recent work have expanded such capability to decod-
ing sentences using similar methods [Matsuo et al., 2016;
Oota et al., 2018; Pereira et al., 2018; Wang et al., 2022].

The majority of ANN models evaluated in previous studies
have focused on unsupervised representations optimized for
language modeling or context-predicting tasks, while super-
vised models have received comparatively less attention. One
relevant research [Oota et al., 2022] fine-tuned a pre-trained
BERT model on a series of downstream tasks and compared
their neural encoding performances. However, since fine-
tuning differs from how the human brain adapts to new tasks,
we question whether fine-tuning is the most suitable frame-
work for obtaining supervised representations to probe the
human brain. To investigate this, we conduct a comprehen-
sive comparison of experiments using fine-tuned and prompt-
tuned representations for neural decoding. It’s important to
note that our focus in this paper is more on deciphering the
information represented in the human brain for language un-
derstanding, so we do not conduct neural encoding experi-
ments as done in [Oota et al., 2022].

3 Methods
In the following subsections, we will first introduce how
prompt-tuning with the P-tuning method works. We then
demonstrate how the representations produced by prompt-
tuned models are used to build a neural decoder.

3.1 Prompt-Tuning
We build upon the P-tuning method [Liu et al., 2022b] to
prompt-tune a pre-trained model on downstream tasks. In
Figure 1, we illustrate the mechanism of P-tuning with a
Transformer-based language model. P-tuning prepends a
continuous trainable prefix to different layers of an ANN to
guide its fitting on downstream tasks.

We now explain the mechanism of P-tuning, with tuning a
Transformer-based language model on a conditional genera-
tion task as an example, following [Li and Liang, 2021]. For
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emb([CLS]) emb(fabulous) emb(music)

Transformer (frozen)Prefix 

[CLS] fabulous music

… … ………

Prediction LabelOptimization

emb([CLS]) emb(fabulous) emb(music)

Transformer (learnable)

[CLS] fabulous music

… … …

Prediction LabelOptimization

(a) Fine-tuning (b) Prompt-tuning

Figure 1: Tuning Transformer on downstream tasks [a] with fine-tuning [b] with prompt-tuning.

a given conditional generation task, where the input context
is denoted as x and the output token sequence is denoted as
y, we consider a language model LM = pϕ(y|x), which is
parameterized by ϕ. To facilitate the P-tuning process, we
define the variable z as the concatenation of x and y, and we
represent the corresponding sequence of indices for x and y
as idx and idy , respectively. At each time step i, the acti-
vation is denoted as hi, which is obtained by concatenating
the activation layers at that specific time step, represented
as hi = [h1

i , h
2
i , ...h

n
i ]. Here, hj

i refers to the activation
of the j-th Transformer layer at time step i. The computa-
tion of hi relies on zi and the past activations within its con-
text, and it can be formulated as follows: hi = LMϕ(zi, h).
The distribution for the next token is computed as follows:
pϕ (zi+1 | h≤i) = softmax

(
Wϕh

(n)
i

)
. In this equation, h(n)

i

represents the hidden states of the last layer within hi. The
matrix Wϕ is pre-trained to map these hidden states h

(n)
i to

logits across the vocabulary.
During P-tuning, a prefix, denoted as Pr, is prepended

to the input sequence, resulting in the concatenation z =
[Pr;x; y]. Pr is a continuous trainable embedding, its cor-
responding sequence of indices is denoted as Pridx with
length |Pridx

|. A trainable matrix MPr
θ , with dimensions

|Pridx
| × dim(hi), is initialized to store the prefix parame-

ters. And

hi =

{
MPr

θ [i, :], if i ∈ Pridx

LMϕ (zi, h<i) , otherwise. (1)

Training P-tuning is then to optimize the following log-
likelihood objective:

max
ϕ

log pϕ(y | x) =
∑
i∈idy

log pϕ (zi | h<i) (2)

with ϕ being fixed and θ being trainable.

3.2 Neural Decoder
The neural decoder aims to categorize or reconstruct the
perceived stimulus by mining the corresponding neural ac-
tivities. As shown in Figure 2, we tune the pre-trained
Transformer model respectively with fine-tuning and prompt-
tuning. The tuned models generate sentence embeddings to

represent the sentences in the brain imaging dataset. We then
build neural decoders with sentence embeddings to decipher
the brain images. Here we use regression-based decoding
where a semantic vector is directly estimated from the vox-
els by regression.

Specifically, given the voxel matrix Vd ∈ RNE×NV and
sentence embedding matrix Zd ∈ RNE×ND in the training
set, where NE represents the number of examples, NV rep-
resents the number of voxels, and ND represents the number
of dimensions of the sentence embedding, the regression co-
efficients of the decoder Wd are estimated by minimizing

||WdV − zi||22 + λ||Wd||22 (3)

for each column zi in Z, i.e., each dimension of the sentence
vectors. λ is the regularization parameter.

The decoder is trained using a 5-fold cross-validation ap-
proach. The regression parameters for each dimension are
learned by mapping the brain images of the training sentences
to distributed representations. Then, the performance is tested
by predicting semantic vectors from the brain images of the
left-out testing sentences in each fold. This cross-validation
procedure is applied to data from all subjects with each su-
pervised representation. Upon completion of the 5 folds, this
process yields decoded semantic vectors for each subject and
supervised representation combination.

4 Experimental Setup
In this section, we will first briefly introduce the brain imag-
ing dataset we use. We then demonstrate the principle of task
selection and details of the selected tasks, as well as tuning
on these tasks to generate supervised representations. Codes,
checkpoints and other supplementary materials are available
online2.

4.1 Brain Imaging Data
We utilize the fMRI data published in the study conducted by
[Pereira et al., 2018]. The fMRI neural activation data were
acquired using a 3-Tesla Siemens Trio scanner equipped with
a 32-channel head coil. Two experiments were conducted in

2https://github.com/soinx0629/sup fmri dec eng
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Figure 2: Neural decoding with fully fine-tuned and prompt-tuned supervised representations.

this research, and 5 subjects participated in both of the 2 ex-
periments. The stimuli used in both experiments followed a
hierarchical structure of topic-passage-sentence. In the first
experiment, a total of 96 passages, resembling Wikipedia-
style content, were presented. Each passage consisted of 4
sentences that focused on a specific concept. These con-
cepts were selected from a pool of 24 broad topics, provid-
ing a diverse range of content. The second experiment in-
volved 72 passages, including 48 Wikipedia-style passages
and 24 passages written in first/third-person narratives. Each
passage contains 3 or 4 sentences about a particular concept
unrelated to those in the first experiment. The two experi-
ments were designed to maintain similar semantic relatedness
within and between passages/topics. In this study, we com-
bine the data from the two experiments to make full use of
the brain images. There will be imaging data from 5 sub-
jects scanned with 672 sentences presented as stimuli. Such
a setting is consistent with previous work [Sun et al., 2019;
Oota et al., 2022]. The full details about the presented mate-
rials and experimental setup can be found online3.

4.2 Neural Decoding Evaluation
The evaluation of the decoding results primarily relies on the
pairwise matching task, a widely used metric in neural decod-
ing research. The correlation between the decoded vectors
and the ground-truth sentence embeddings is first computed.
A successful matching is scored when the decoded seman-
tic vectors have a higher degree of similarity with their cor-
responding brain activation patterns compared to alternative
pairings. Formally, for each possible pair of sentence stimuli
Si and Sj , let XSi

and XSj
denote the brain images of neural

responses to Si and Sj . Let ZSi
and ZSj

denote the sentence
embeddings produced by a tuned model, while DSi and DSj

denote the decoded semantic vectors from brain images XSi

and XSj . We score 1 for a matching if

corr(DSi
, ZSi

) + corr(DSj
, ZSj

) >

corr(DSi
, ZSj

) + corr(DSj
, ZSi

),
(4)

3https://osf.io/crwz7/wiki/home/

else 0. corr denotes the correlation function employed which
is Pearson’s correlation in this study. An examination of
all possible pairs of sentences will be conducted. The final
matching accuracy for each participant is determined by cal-
culating the proportion of correctly matched pairs. The ex-
pected chance-level accuracy, assuming a random selection
by the model, is 0.50.

In the experimental results, we will mainly display the pair-
wise matching performance which is most widely adopted
in related work [Pereira et al., 2018; Sun et al., 2019;
Oota et al., 2022]. Except for pair-wise matching, we also
use the MSE loss between the decoding value and ground
truth as a supplementary metric. Please refer to the appendix
for MSE results.

4.3 Tasks for Tuning
The tasks chosen for this study are based on the two major
principles taking into account the setting of previous work
[Oota et al., 2022]:

(i) tasks involving a diverse range of cognitive-linguistic
skills are desired;

(ii) tasks with corpora that are commonly used in popular
natural language processing (NLP) benchmarks.

Based on the above principles, we select tasks analyzing
emotion and sentiment polarity (Emotion Categorization and
Sentiment Classification), tasks dealing with concept mean-
ing (Word Sense Disambiguation, Co-reference Resolution
and Named Entity Recognition), tasks that require reasoning
semantic relation (Paraphrase Detection and Semantic Role
Labeling), tasks requiring knowledge and logical representa-
tions (Question Answering and Natural Language Inferenc-
ing) as well as tasks that parse the syntactic structure (Syn-
tactic Chunking). We present these tasks in Table 1.

4.4 Generating Sentence Embeddings
The pre-trained Transformer model employed in this study
is the open-source BERT-base-cased. As shown in Figure 2,
task-specific tuning of the BERT model with fine-tuning and
prompt-tuning are respectively conducted on each of the 10
tasks. These tuned models generate the supervised sentence
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Task Abbr. Corpus

Emotion Categorization Emo emotion

Sentiment Classification SC SST2

Question Answering QA SQuAD

Semantic Role Labeling SRL Conll05

Word Sense Disambiguation WSD WiC

Co-reference Resolution Coref. WSC

Named Entity Recognition NER Conll03-NER

Natural Language Inferencing NLI MNLI

Syntactic Chunking Chunk Conll03-chunk

Paraphrase Detection Para MRPC

Table 1: 10 tasks used for tuning supervised representations. Abbr.
denotes the abbreviation for the task name.

embeddings needed for this study. Sentences presented for
collecting the brain images are input to the tuned models one
by one. The hidden states of the last layer are averaged as sen-
tence embeddings. The generated sentence embeddings have
a dimension of 768. We train on 4 Nvidia 3080TI GPUs with
12GB VRAM. Hyper-parameter searching is conducted to
achieve optimal task performance. The influences of hyper-
parameters settings including the size of prompts on the task
performance are recorded in the appendix.

5 Experimental Results
In this section, we compare the decoding performance of fine-
tuned and prompt-tuned representations. We demonstrate
how supervised representations trained on the 10 tasks dif-
ferently decode the voxels of 4 major brain functional net-
works and the regions of interests (ROIs). We analyse the
representational similarity structure of the supervised repre-
sentations to explain the experimental results. We validate the
findings from analyzing the decoding performance by paired
t-test with the Bonferroni correction and report the results
throughout with a significance level of α = 0.01.

5.1 Decoding Within Functional Networks
Following previous work [Pereira et al., 2018; Sun et al.,
2020b], we select (i) the fronto-temporal language selective
network [Fedorenko et al., 2011], (ii) the ensemble semantic
system [Binder et al., 2009], (iii) the visual network [Buckner
et al., 2008] (including scene, face, body and object network)
and (iii) the default mode network (DMN4). We conduct neu-
ral decoding on the voxels from each of the ROI compris-
ing the functional networks and average the decoding perfor-
mance across the entire network.

As shown in Figure 3, we first observe a consistent and ob-
vious advantage of prompt-tuning representations over fine-
tuned peers. Specifically, we find a stark contrast in average

4DMN is a network known for being active when the brain is
at wakeful rest or during detailed thoughts related to external task
performance.

decoding accuracy between fine-tuned and prompt-tuned rep-
resentations in the tasks requiring reasoning with the syntac-
tic structure (Chunk), and tasks analyzing the sentiment and
emotion (SC and Emo). The accuracy differences are signif-
icant across the scanned subjects (p < 10−3). On decoding
the language and semantic network, although representations
fine-tuned on the WSD task slightly outperform the prompt-
tuned one in average decoding accuracy, their difference does
not stand up to the significance test among the scanned sub-
jects (p > 10−2).

There are also tasks whose representations learned by
fine-tuning and prompting yield similar decoding perfor-
mance. For both prompt-tuning and fine-tuning, represen-
tations learned from tasks dealing with concept meaning
(CoRef, WSD and NER) deliver impressive decoding accu-
racy across the 4 functional networks. On decoding the Lan-
guage and Semantic network, learning the CoRef and WSD
task yields average decoding accuracies higher than other
tasks except NER across subjects for both types of tuned rep-
resentations. The difference between WSD and CoRef is not
consistently significant (p > 10−2). On decoding the visual
network and DMN, learning the CoRef task yields the best
average decoding accuracy.

5.2 Decoding Within Regions of Interests
In this subsection, we present the decoding performance
of fine-tuned and prompt-tuned representations on the ROIs
comprising the language network.5 We conduct neural de-
coding on each ROI for all the subjects and show the averaged
decoding performance among the subjects in Figure 4.

Though fine-tuning on CoRef and WSD yields representa-
tions that better decode some ROIs than prompt-tuning, af-
ter pooling across all the tasks, we find that on all the ROIs
prompt-tuning exceeds fine-tuning in average decoding accu-
racy. For both fine-tuned and prompt-tuned representations,
left posterior temporal cortex (LPostTemp) is the ROI where
the highest average decoding accuracy is observed while left
middle frontal gyrus (LMFG) is the lowest. Actually, if we
rank different ROIs according to the average decoding accu-
racy, fine-tuning and prompt-tuning produce the same rank
which is also consistent with the decoding performance of
the naive BERT representations. We also find that on differ-
ent ROIs, the supervised representations show different de-
coding performance patterns. For example for the fine-tuned
representations, the CoRef task representations yield the best
decoding accuracy on most language network ROIs. But for
the prompt-tuned embeddings, the WSD task representations
outperform.

5.3 Representational Similarity of Supervised
Embeddings

In this subsection, we dive deep into the similarity relation-
ship of supervised representations. We calculate the Pear-
son’s correlation between each two of the task-supervised
representations and depict the correlation as heatmaps in Fig-

5There are 8 ROIs comprising the language network and their
full names are detailed in the appendix.
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Figure 3: Decoding accuracy evaluated by pairwise classification with task-supervised representations on the brain language networks, the
ensemble semantic system, DMN and visual networks. The green dotted line denotes the decoding performance of the original untuned BERT
representations.

ure 5[a] (prompt-tuned representations) and Figure 5[b] (fine-
tuned representations).

As shown in Figure 5, the fine-tuned representations
largely diverge in similarity with the naive untuned BERT
representations, while prompt-tuned representations correlate
closer to the untuned representations. Representations fine-
tuned on the QA, Chunk and SRL task even show zero or neg-
ative correlation with the untuned representations, in line with
previous work [Kumar et al., 2022] which proved fine-tuning
can distort pre-trained features. Neural decoding accuracies
with fine-tuning on the QA, Chunk and SRL tasks are also the
lowest three observed in previous experiments, as depicted in
Figure 3 and 4. Both fine-tuning and prompt-tuning on the
CoRef task yield supervised representations that accurately
decode brain activities. The CoRef representations with fine-
tuning and prompt-tuning also show top correlations with the
untuned model.

To gain a deeper insight into the relationship among the
supervised representations, we conduct a hierarchical clus-
tering and illustrate the results as dendrograms in Figure 5[c]
and 5[d]. For both fine-tuning and prompt-tuning, CoRef rep-
resentations share one cluster with the naive untuned repre-
sentations. Chunk and SRL representations are closely clus-
tered, distant from the naive and CoRef representations in the
hierarchy. We further calculate the variance of neural decod-
ing accuracies explained by the correlation between each of
the supervised representations and the naive BERT represen-
tation. We find that such correlation explains 35.35% vari-
ance of prompt-tuned representations’ neural decoding accu-
racy within the brain language network, and explains 44.22%

variance of neural decoding accuracy within the ensemble se-
mantic system.

6 Discussion
In this section we summarize the experimental findings and
discuss possible explanations for the findings. First, we find
that decoding performance with fully fine-tuned represen-
tations do not significantly exceed prompt-tuned represen-
tations on decoding any of the 4 functional network vox-
els. Full fine-tuning updates the entire set of model pa-
rameters to fit on a downstream NLU task, which has been
proven to distort the pre-trained features. However, the
human brain does not need to reformulate an entire func-
tional network to learn a single new task [Cole et al., 2013;
Fedorenko et al., 2011]. Learning from a new task also
does not necessarily lead to distortion of previously acquired
knowledge [Parisi et al., 2019]. In this sense, full fine-tuning
is cognitively inconsistent with the human brain’s mecha-
nism of language representation. Prompt-tuning, in contrast
with fine-tuning, freezes the pre-trained weights and learns
only trainable embeddings to guide the base model to fit on
a downstream task. As hypothesized, prompt-tuned embed-
dings better decode the information represented in the human
brain for language understanding than fine-tuned peers.

Second, we find that for both fine-tuning and prompt-
tuning, representations tuned on the CoRef and WSD task
yield higher average decoding accuracy than other tasks,
while the Chunk task yields the lowest. The CoRef and WSD
tasks require complex reasoning involving concept meaning
and semantic relation, while the Chunk task requires mod-
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Figure 4: Decoding accuracy measured by pairwise matching with
ROIs comprising the Language network. FT and PT respectively
denote fine-tuning and prompt-tuning. mean denotes the average
score of all the decoding accuracies with fine-tuned or prompt-tuned
representations.

eling the shallow syntactic structure. This indicates that
deep level semantic information could be involved in human
brain’s language representation, possibly taking a larger pro-
portion than the shallow syntactic information. We also find
that the neural decoding performance of the prompt-tuned
representations can be at least partially explained by their
correlation with the untuned naive model. This means that
general domain knowledge learned by the pre-trained model
plays an important role in decoding the brain representations
of language.

Third, we observe that representations tuned on half of the
evaluated tasks do not significantly improve over the untuned
model in neural decoding accuracy. Learning task-specific
features leads to updating or even reformation of the general
domain knowledge acquired in pre-training, which could be
important for decoding human language representations. If
the task-specific feature learned from tuning is not as impor-
tant as the general domain knowledge in decoding brain rep-
resentations, we can expect tuning yields decreased decoding
accuracy. Since the tasks are from popular NLP benchmarks
and the models are tuned with the hyper-parameter search to
achieve their optimal task performance, this finding also sug-
gests these benchmarks might not robustly and accurately re-
flect how well the tuned models resemble the brain’s mecha-
nism for language understanding. It then urges further studies
to build benchmarks that assess the cognitive and biological
plausibility of the task-supervised models.

7 Conclusion
In this study, for the first time we propose to link the hu-
man brain and task-supervised artificial representations by

[d]

[b]

[a]

[c]

Figure 5: [a] and [b]: Pearson correlation between each two of the
supervised representations, [a] for the prompt-tuned representations
and [b] for the fine-tuned representations. [c] and [d]: Dendrograms
constructed with hierarchical clustering on the Pearson correlations
in [a] and [b], [c] for prompt-tuned representations and [d] for the
fine-tuned representations.

prompt-tuning. We take 10 NLU tasks involving diverse
linguistic-cognitive skills from widely used NLU bench-
marks. A pre-trained BERT model is fitted on the 10 tasks
with full fine-tuning and prompt-tuning, respectively. The
supervised representations generated by the tuned models
are then employed to decipher the brain activation patterns
through neural decoding. We comprehensively compare
the prompt-tuned supervised representations against the fine-
tuned peers on 4 functional networks and their comprising
ROIs. The comparison demonstrates that prompt-tuned rep-
resentations could better decode the neural responses to a lin-
guistic stimulus than fully fine-tuned representations in most
cases. We also demonstrate how task representations differ-
ently decode brain activities. We believe that the proposed
prompt-tuning-based framework and experimental findings
will help to better understand the relationship between super-
vised artificial and brain language representations.
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