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Abstract

How our brain encodes complex concepts has been a long-
standing mystery in neuroscience. The answer to this prob-
lem can lead to new understandings about how the brain re-
trieves information in large-scale data with high efficiency
and robustness. Neuroscience studies suggest the brain repre-
sents concepts in a locality-sensitive hashing (LSH) strategy,
i.e., similar concepts will be represented by similar responses.
This finding has inspired the design of similarity-based algo-
rithms, especially in contrastive learning. Here, we hypoth-
esize that the brain and large neural network models, both
using similarity-based learning rules, could contain a simi-
lar semantic embedding space. To verify that, this paper pro-
poses a functional Magnetic Resonance Imaging (fMRI) se-
mantic learning network named BrainSem, aimed at seeking
a joint semantic latent space that bridges the brain and a Con-
trastive Language-Image Pre-training (CLIP) model. Given
that our perception is inherently cross-modal, we introduce a
fuzzy (one-to-many) matching loss function to encourage the
models to extract high-level semantic components from neu-
ral signals. Our results claimed that using only a small set of
fMRI recordings for semantic space alignment, we could ob-
tain shared embedding valid for unseen categories out of the
training set, which provided potential evidence for the seman-
tic representation similarity between the brain and large neu-
ral networks. In a zero-shot classification task, our BrainSem
achieves an 11.6% improvement over the state-of-the-art.

Introduction

Human visual system actively reorganizes incoming sensory
data to allow that people can recognize thousands of com-
plex objects quickly and easily (Yamins and DiCarlo 2016).
Nevertheless, the fine-grained relationships between brain
activities and visual stimuli are poorly understood (Popham
et al. 2021). How our brain encodes properties of concept-
s is still a central quest of neuroscience. Over the past few
decades, decoding visual information from functional Mag-
netic Resonance Imaging (fMRI) signals has been investi-
gated in different contexts, e.g., classification (Kamitani and
Tong 2005; Horikawa and Kamitani 2017; Du et al. 2023),
and reconstruction (Du et al. 2022; Gaziv et al. 2022; Chen
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Figure 1: Top: The fruit fly circuit assigns similar neural re-
sponse patterns to similar odors. Middle: Schematic of two
cognitive spaces spanned by object properties. Bottom: The
main idea of the proposed BrainSem, which cast the neural
representation learning into a fuzzy visual-neural matching
paradigm in a self-supervised manner.

et al. 2023a,b; Fang, Zheng, and Pan 2023). However, due
to the brain’s internal cross-modal nature and the absence
of effective biological guidance, extracting semantic com-
ponents from limited fMRI recordings remains challenging,
particularly in terms of generalizing to novel categories.

Neural code mechanisms suggest that the brain assign-
s similar neural activity patterns to similar concepts (Bell-
mund et al. 2018; Stevens 2015). For example, a study (Das-
gupta, Stevens, and Navlakha 2017), which investigated the
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fly’s neural circuit in the odor representation, showed that
the fly circuit assigned similar neural codes to similar odors,
with an LSH code, as illustrated in Fig. 1 top. For anoth-
er, Bellmund er al. (2018) also have shown evidence that
overlapping population responses lead to nearby positions
for similar stimuli, and larger distances between dissimilar
stimuli in cognitive space, as exhibited in Fig. 1 middle. The
way of locality-sensitive encoding can facilitate that behav-
iors learned from one stimulus can be applied when a simi-
lar input is experienced, which can be critical in similarity-
driven semantic recognition and reasoning. Recent develop-
ments in large pre-training models, e.g., CLIP (Radford et al.
2021), also reveal that concepts with similar semantics are
close in the embedding space. What should one expect from
using a large neural network to understand our brain?

Computational neuroscience communities have made
strides in modeling population responses and neural single-
units via neural networks, e.g., the hierarchical properties
of sensory cortical processing (Yamins and DiCarlo 2016).
However, whether there are locality-sensitive homologies
driven by semantic similarity between neural and artificial
semantic representation spaces has not been adequately ex-
plored. Unraveling this promises to shed new light on the
combination of biological and artificial intelligence (Wu,
Pan, and Zheng 2013). In this study, our main hypothesis
is that the brain and large pre-training CLIP model, both us-
ing similarity-based learning rules, have a similar latent se-
mantic representation space. To validate that, we propose a
novel BrainSem network, combining recent advances in the
representational format of cognitive spaces and contrastive
self-supervised learning, to seek a joint semantic latent s-
pace across the brain and artificial neural networks.

Technically, in our BrainSem, neural semantic represen-
tation learning is boiled down to a fuzzy matching paradig-
m, which formulates a one (fMRI) to many (diverse images
within the same class) loss function. This formulation re-
laxes the requirement of in-depth visual understanding of s-
timulus images (e.g., color and texture details), and compel-
s the model to prioritize capturing the high-level semantic
information. By doing so, we demonstrated that the Brain-
Sem can be applied to fulfil cross-modal semantic align-
ment from limited fMRI-image annotations and yield both
local-consensus and high-performance neural embedding s-
paces. These results suggested that similarity-based learning
could be the key to generalizable semantic representations
between the brain and machine. Overall, our contributions
can be summarised as follows:

e We introduce a self-supervised brain semantics learner
(BrainSem) with a specially designed neuro-semantic re-
organization format and fuzzy matching loss, which al-
lows us to learn a joint semantic latent space bridging the
brain and CLIP model from limited fMRI recordings.

With the help of BrainSem, we obtain shared semantic
embedding valid for unseen categories and achieve state-
of-the-art zero-shot neural classification, which provides
potential evidence for the representation similarity be-
tween the brain and large neural network models.

e The embedding space learned from BrainSem not only

11303

reveals more visible local semantic consensus properties
than CLIP embedding space, but also delineates the abi-
otic and biotic spatial cognitive areas with a clear linear
boundary.

Related Work

Visiual Decoding with Brain Signals. Seeking homoge-
neous semantic information between brain activities and
the corresponding visual stimulus contents has long been a
sought objective. Early efforts primarily focus on training
a classifier to build the relationship between brain activa-
tion pattern and the pre-defined labels using fMRI (Kami-
tani and Tong 2005; Haxby et al. 2001; Van Gerven et al.
2010; Damarla and Just 2013; Yargholi and Hossein-Zadeh
2016) or electroencephalography (EEG) data (Palazzo et al.
2020; Spampinato et al. 2017; Ahmed et al. 2021). However,
the classification-based approach is restricted to the decod-
ing of a certain set of categories, which severely limits its
applicability. To mitigate these issues, several identification-
based approaches (Kay et al. 2008; Horikawa and Kami-
tani 2017; Akamatsu et al. 2020) have been investigated.
These methods commonly fulfill unknown category decod-
ing via characterizing the relationship between brain activity
and visual semantic knowledge, such as visual features ex-
tracted from CNNs (Horikawa and Kamitani 2017; Akamat-
su et al. 2020) or Gabor wavelet filters (Kay et al. 2008).
Though the identification on a large set of categories is
possible, the major defect they suffer is that the decoding
accuracy critically depends on large-scale labeled stimuli-
responses data. Therefore, accurately decoding novel im-
age categories with the limited training paired annotation-
s remains a challenge. Recently, solving neural decoding
tasks with advanced deep neural networks has received a
lot of interest. Du et al. (2023) proposed a brain-visual-
linguistic representation learning framework, called BraVL,
for generic neural decoding. BraVL leverages the mixture-
of-product-of-experts (MoPoE) formulation (Sutter, Daun-
hawer, and Vogt 2021) and mutual information (MI) maxi-
mization regularization to learn consistent joint representa-
tion.

Zero-Shot Transfer Approaches. Classical zero-shot
learning aims to deal with a prediction problem in unseen
classes via transferring the knowledge learned from the seen
classes. Early works (Hubert Tsai, Huang, and Salakhutdi-
nov 2017; Han et al. 2021; Schonfeld et al. 2019a) perfor-
m zero-shot classification by mapping between visual rep-
resentations and the pre-trained word embedding of class
names or attributes. Recently, large-scale image-text pre-
training, represented by CLIP (Radford et al. 2021) and
ALIGN (Jia et al. 2021), is encouraging, which provides a
new light on the zero-shot transfer. They show promising
results on various downstream tasks, e.g., image caption-
ing (Mokady, Hertz, and Bermano 2021), and image-text re-
trieval (Baldrati et al. 2022). The virtue of zero-shot transfer
is that it avoids fine-tuning the model on the task-specific
dataset (Yu, Seo, and Son 2023). The BrainSem, follow-
ing the zero-shot transfer paradigm, is designed to solve the
generic neural representation learning problem, which may
lead to interesting applications.
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Figure 2: The overall pipeline of our BrainSem, including a fMRI encoder, and an image encoder. Our matching strategy is
straightforward: The virtual brain activity generated within the same base vectors can be inferred to represent any instance of
the same class, as they share identical category semantic properties, which not only guarantees matching flexibility but also

conforms to local consensus principle.

Approach

Fig. 2 shows the overall pipeline of the proposed BrainSem,
which affords great cognitive and associative flexibility, thus
allowing inference about never-experienced stimuli.

Dataset. In this work, we leverage a popular benchmark
fMRI-image dataset, termed as GOD (Horikawa and Kami-
tani 2017). This dataset provides the brain fMRI signal-
s of five subjects, which are recorded using a 3.0 Tesla
Siemens MAGNETOM Trio scanner (TR, 3 s, voxel size,
3x3x3 mm?), while they are viewing natural images select-
ed from ImageNet (Deng et al. 2009). Briefly, the GOD com-
prises a total of 1250 stimulus images drawn from 200 Im-
ageNet categories, where 1200 images from 150 categories
(eight from each category) are used in training sessions and
the remaining are the test images (one from each catego-
ry). Note that images or categories have no overlap between
the training and test phases. The fMRI signals underwent 3-
D motion correction by SPM5, and then were co-registered
to the anatomical image of the same slices and whole-head
anatomical image. The standard retinotopy mapping pro-
cedures are used for the delineating of early visual areas,
like V1, V2, V3, and V4. The higher visual cortex includes
fusiform face area (FFA), lateral occipital complex (LOC),
and parahippocampal place area (PPA), which are identified
by conventional functional localizers. Please visit the origi-
nal paper for more details of preprocessing.

Neuro-Semantic Re-Organization Format

The lack in labeled data place severe limitations on the gen-
eralization power of todays neural decoders, and individual
variability further complicates this problem. From a neural
encoding perspective, recent advances find that cognitive s-
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pace is navigable, namely, each stimulus is located accord-
ing to its attribute values, thus enabling the property or con-
cept representations as convex regions of cognitive space
(Bellmund et al. 2018). Therefore, similar to such spatial
representational format, we suggest that the limited record-
ed brain activities should be considered as a set of properties
to span a virtual neural response space describing a specific
concept, thus creating virtual asymmetric correspondences
for relaxing stimulus-response connection.

Spatial cognition navigation needs to determine attribute
dimensions, but it is difficult to decouple property compo-
nents from fMRI. A good approximation is to directly treat
fMRIs that evoked by similar stimuli as the concept at-
tributes (i.e., basis vector). Then, a concept can be defined
as a linear combination of prototype vectors:

X = f({xf 111) = Mzt + I oas + - - + Ie_1 Az,

exp(a)

ko1 exp(a)
where {z¢}X | denotes the available fMRI signals, c rep-
resents the type of visual stimulus such as owl, i.i.d. ran-
dom variables {c;}<; ~ U(—1,1), and {I;}7," obey the
Bernoulli distribution with a parameter p = 0.5, which con-
trols the number of base vectors. Intuitively, in Eq. 1, a prop-
erty described by a fMRI signal constitutes the simplest for-
m of a concept, and a new virtual fMRI signal X“ can be
sampled in a convex region.

)

%

Fuzzy Visual-Neural Matching Paradigm
Given a set of image-fMRI pairs z¢ = {(2¢, y¢) }5_,, where
5. denotes the corresponding visual stimulus of brain signal
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2§, we can use the proposed neuro-semantic re-organization
format to create a lot of virtual brain activities, however,
which may bring data imbalance problems due to limited
stimulus images, and force the network to memorize specif-
ic visual features representing the image content. Adopting
the mixup technique (Zhang et al. 2018), utilizing the same
interpolation augmentation for labels, appears to be a plausi-
ble solution to this problem, but interpolation of labels does
not introduce richer high-level visual semantic information.
In fact, the reasonable fine-grained semantic information of
virtual brain activities cannot be determined. So, we propose
building semantic library for each concept and adopting a
fuzzy strategy to relax the matching relationship, thus avoid-
ing in-depth understanding of visual appearance details.

Specifically, we simply use the candidate images of the
same class, which are selected from ImageNet (about 1k
for each category), as the semantic library. Note that more
complex correlations between visual stimuli and candidates
are worth exploring, but we leave it to future work. The
fuzzy matching strategy is also just as easy to work with,
i.e., multi-target label, which is determined by the num-
ber of images under the same category in a batch. Suppose
{(X;,Y:)}X, is a randomly sampled minibatch with size
N, where A& is a virtual brain signal and ); is a candidate
image, the labels can be defined as:

(1 mn)], = {1 =00

0, otherwise,
where C(+) returns the corresponding class label (1 donotes
positive example, and 0 is negative example). Finally, our
optimization target of fuzzy matching can be formulized as
cross entropy across all positive pairs:

[j({(Xm yn)}ff:l)]ij&,j
(@208

m

@

N N

3

where the denominator term is a normalized factor for s-
moothing label (if there are more positive samples in a mini-
batch, the label will be smoother). Note that ¢; ; is the loss
term based on pairwise cosine similarity, i.e.,

exp

CRERACAYITAESIMFRRAIY
6737]' = lOg N

5 exp (1) L)AL (n)ll2)

where f,(-) is a fMRI embedding encoder, and f,(-) is an
image encoder to extract visual semantics representation-
s. Two encoders can take any form, such as a Transformer
(Vaswani et al. 2017) or a convolutional network (CNN),
and we will give instances in the next section.

From a different perspective, the intuition behind of our
fuzzy matching strategy is biologically plausible. We as-
sume that fMRI signals, recording the variations in Blood
Oxygen Level-Dependent (BOLD), not only preserves the
information about the visual properties of stimulus, but also
couples the context knowledge of what’s relevant to seem
visual object due to the spontaneous imagination function of
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the human brain. For example, when we see a triangular-
shaped building, an Egyptian pyramid probably comes to
mind. Several advanced studies (Chen, Qi, and Pan 2023;
Du et al. 2023) have demonstrated that exploiting richer set
of semantic features can help improve the decoding per-
formance. This promising practice is naturally combined
with our matching strategy, where multi-objective optimiza-
tion provides more flexibility for mining potential contextu-
al information, and negative samples across different classes
makes the network prone to learn a significant spatial margin
for fMRIs evoked by dissimilar stimuli.

Network Architecture

In the following, we will detail our specific implementation.
Image Encoder. Dual-coding theory considers that the
encoding principles of concrete cognitive concepts are both
visual and linguistical (Du et al. 2023). On the other hand,
the visual representations of CLIP model (Radford et al.
2021), aligned with large-scale natural language features,
also exhibit locality-sensitive properties. Therefore, the pre-
trained CLIP embedding space would be an ideal target do-
main, and we use an image encoder of CLIP as a simplified
visual-linguistic proxy to guide a fMRI encoder.

fMRI Encoder. Recent works have found that the per-
formance of neural decoding can receive benefit in the di-
vide and conquer decoding strategy (Fang, Qi, and Pan 2020;
Takagi and Nishimoto 2023). The main reason behind is the
hierarchical encoding properties in brain cortex. We also fol-
low this practice, but go one step further and consider the
interactions among V1-V4, LOC, FFA and PPA, which is
more fine-grained than the division of early and higher visu-
al areas. Specifically, a fMRI recording is split into 7 fixed-
size patches based on the region of interests (ROIs) provid-
ed by GOD, and fed to a standard ViT. Note that the extra
learnable classification token is regarded as the final brain
embedding (see Fig.2 left).

Implementation Details. We use ViT (Dosovitskiy et al.
2021) as the backbone for the fMRI encoder due strong
to the long-dependencies modeling ability. Specifically, the
full model settings, similar to ViT-Large (Dosovitskiy et al.
2021), are as follows: patch size of 7 (number of brain ar-
eas), Transfomer encoder depth of 24, embedding dimen-
sion of 512, MLP size of 2048, heads number of 16. For
image encoder, we leverage the pre-trained CLIP image en-
coder (ViT-B/16), which is frozen in the training phase, to
guide fMRI embedding. Different architecture choices are
explored in our ablation study. The size of the candidate set
(including 150 categories) is 200.7k, which is collected from
ImageNet (Deng et al. 2009). Note that the classes of the
candidate images do not overlap with the test set.

In the training phase, our batch size is 200, and Adam
solver (Kingma and Ba 2014) is used for the optimization
of the fMRI encoder parameters, with a learning rate of le-
4. Since the number of fMRI voxels varies with different
brain visual areas. Therefore, to facilitate data processing,
we use zero to fill them to a uniform size before feeding
the fMRI encoder. The BrainSem (implemented by Pytorch)
pre-training is performed on 4 NVIDIA GeForce RTX3090
GPUs until the model converges.
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Subject 1 Subject 2 Subject 3 Subject 4 Subject 5 Average
Method Top-1  Top-5 Top-1  Top-5 Top-1  Top-5 Top-1  Top-5 Top-1  Top-5 Top-1  Top-5
CADA-VAE (CVPR19) (Schonfeld et al. 2019b) 6.3% 35.7% 6.5% 40.1% 17.7% 54.3% 122% 36.6% 7.5% 35.0% 10.0% 40.3%
MVAE (NIPS18) (Wu and Goodman 2018) 58% 31.5% 54% 38.5% 17.1% 52.5% 14.0% 40.9% 79% 34.6% 10.0% 39.6%
MMVAE (NIPS19) (Shi et al. 2019) 6.6% 38.7% 6.6% 41.0% 22.1% 56.3% 14.5% 42.5% 8.5% 38.1% 11.7% 43.3%
MoPoE-VAE (ICLR21) (Sutter, Daunhawer, and Vogt 2021) 8.5% 44.0% 83% 48.1% 227% 61.8% 14.6% 58.5% 10.5% 46.4% 129% 51.8%
BraVL (TPAMI23) (Du et al. 2023) 9.1% 46.8% 89% 489%  24.0% 62.1% 15.1% 60.0% 12.9% 47.9% 14.0% 53.1%
Ours 240% 500%  24.0% 44.0%  280% 58.0%  26.0% 62.0% 260% 54.0%  25.6% 53.6%

Table 1: Zero-shot classification accuracy of several neural decoding methods. All compared approaches are trained with the
visual (V), textual (T), as well as combined (V&T) features, and the results are taken from BraVL. The best is printed in Bold.

Figure 3: Image retrieval results of BrainSem on a random
subset (involving 10k images) of ImageNet-1k. From left to
right: the visual stimuli, and Top-10 most similar images
searched by fMRI representation. Note that, the categories
of the test visual stimuli were not included in the visual-
neural representation learning, thus it is a zero-shot process.

Experimental Results
Evaluation with Brain-Image Retrieval

To evaluate the quality of learned neural semantic represen-
tation, we test BrainSem with the near-duplicate retrieval
problem, to see the semantic content of neural representa-
tions by their nearest images retrieved in the representation
space. Formally, given a query fMRI signal, our target is to
retrieve the images that are most similar to the correspond-
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Figure 4: The relationship between decoding accuracy and
the inherent similarity of visual stimuli about GOD train-
ing/test split. Each red circle represents a successful decod-
ing case, and the corresponding visual stimulus is plotted on
the horizontal axis. Note that the Top-3 images are retrieved
in the training set by conditioning on test images.

ing visual stimulus from a database and return a ranked list.
To this end, we first calculate the similarities between the
representation of query fMRI generated by BrainSem and
all the CLIP image embeddings, and then sort the similari-
ties to return a ranked list. Note that, for all the visual stimuli
used in this experiment, their categories were not included in
the visual-neural representation learning, thus it is zero-shot.

The fMRI-image search results from a random subset
(10k) of ImageNet-1k are shown in Fig. 3. From the re-
trieval results, we see that the representations with Brain-
Sem retrieve images with similar semantic content mostly.
In the first example where the stimulus picture was a whale,
the top retrievals are mostly whales. Similar results can be
found in most examples. It is interesting to find that, for
some cases, although the top retrievals fall into the wrong
categories, they still show strong semantic correlations. For
example, in the case of ‘iPod’ (the 4th row), the wrong re-
trievals include tapes and recorders, which are also associ-
ated with music play. Another interesting case is the ‘post-
box’ (the 7t" row), some of the wrong retrievals show ‘Lon-
don’ elements, which may reflect the associations of subject.
In the case of ‘boating’ (the 9" row), the wrong retrievals
are mostly related to sport, which is semantically correlat-
ed with the stimulus. The result demonstrates that the visual
and neural semantic representations are well-matched, and
the learned representation is transferable to unknown cate-
gories in a zero-shot way. It also indicates BrainSem gains a
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Figure 5: ISOMAP and ¢-SNE embedding visualization. From left to right: raw fMRI representations, neural representations
learned from our BrainSem, pre-trained CLIP visual representations.

generalizable semantic understanding of data.

Analysis of the Neural Semantic Representations

To understand how BrainSem can retrieve in a zero-shot
way, we investigate the relationship between ‘good’ and
‘bad’ cases. Specifically, we analyze the visual and semantic
similarity between test set and training set by calculating the
cosine similarity between CLIP image features. The result-
s are presented in Fig. 4. We find misclassification tends to
primarily occur when the sample has a large semantic gap
with the known classes, which is in line with our intuition.

Then, in order to further understand the learned neu-
ral semantic representation quality, we visualize representa-
tion distributions of BrainSem by projecting them into two-
dimensional plane with both ISOMAP (Balasubramanian
and Schwartz 2002), and ¢t-SNE (Van der Maaten and Hinton
2008), as shown in Fig. 5 center. From visualization results,
we observe that the embedding space of BrainSem emerges
with similar properties to cognitive spaces that defined by
feature dimensions satisfying geometric constraints, namely,
stimuli can be located based on their feature values along the
dimensions (Bellmund et al. 2018). In particular, the repre-
sentation distribution of BrainSem shows distinct biotic and
abiotic regions via a clear linear boundary.

It is not yet clear whether this phenomenon is intrinsic to
the fMRI signal or guided by CLIP’s supervision. For ex-
ploring the mechanism, we also put the corresponding raw
fMRI responses and CLIP features at the low-dimensional
space, as shown in Fig. 5 left and right, respectively. It is in-

11307

teresting to find that, compared to our method, the fMRI data
and CLIP visual representations demonstrate weak locality-
sensitive property (w/o a clear boundary between the living
and non-living categories) in both ISOMAP and ¢-SNE.
Generally, the locality-sensitive encoding of concepts lays
the foundation for the understanding of how our brain store
and retrieve information effectively and robustly with large-
scale data. In DL era, semantic representations with locality-
sensitive structure learned with neural networks is by no
means new. However, good representation usually relies on
high computing power and large-scale datasets, which is
very inefficient and in stark contrast to the human brain.
The results suggest that our method learns biological-
valid locality-sensitive structure from limited data, which
support the findings in (Dasgupta, Stevens, and Navlakha
2017; Bellmund et al. 2018), so that the neural representa-
tion distributions for fMRI contains a more clear clusters
representing different properties or concepts. BrainSem may
offer hope to improve generalization for learning on limit-
ed data, and provide a kit for processing spatial navigation
involving complex, multidimensional concepts, which is a
vital problem in human cognition (Bellmund et al. 2018).

Comparison with Zero-Shot Classification

Here we evaluate the neural semantic representations with a
zero-shot classification task and compare with existing ap-
proaches. In classification problems, zero-shot usually aim-
s for seeking generalizing to unseen categories, which is
a good way of measuring the task learning capability of a
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Encoder ViT-L/14 ViT-B/16 ViT-B/32 ResNet50
Top-1 Acc | 25.8% 25.6% 25.2% 24.8%
Top-5 Acc 54.4% 53.6% 52.0% 51.8%

Table 2: Ablation tests on pre-trained CLIP image encoder.
Note that all parameters are set to the default (except for the
image encoder). The best is printed in Bold.

model (Radford et al. 2021). To our best knowledge, BraVL
is the current SOTA 1in this field, which first studied multi-
modal learning of brain-visual-linguistic features for zero-
shot neural decoding. Our method is learning to predict if an
fMRI recording and an image are paired semantically, which
is more accurate while being simpler, in contrast to the gen-
erative model BraVL that optimization based on maximum
MI. The zero-shot transfer performances are summarized in
Tab. 1. The well-trained BrainSem model obtains an optimal
performance both in Top-1 and Top-5 accuracy on GOD,
where Top-1 accuracy is 82.9% higher than the SOTA. Note
that decoding at the group level remains a problem diffi-
cult to work out due to individual variability (Horikawa and
Kamitani 2017; Beliy et al. 2019; Chen et al. 2023b), the
training and test are performed on identical subject.

Model Evaluation and Ablation Studies

Architecture Configurations. To systematically study the
impact of architecture settings, we repeat the neural decod-
ing experiments with BrainSem, but this time focusing on
several architecture variants. First of all, to reveal the effect
of CLIP image encoder on the performance of our method,
we consider four different pre-trained CLIP models, includ-
ing ViT-L/14, ViT-B/16, ViT-B/32, and ResNet50, which
are summarized in Tab. 2. The results proved that larger
CLIP model may improve the performance, albeit modest-
ly. Specifically, ViT-L/14 model achieves a lead of 0.2% to
1% on the Top-1 accuracy. Second, we leverage ViT-B/16
as the default model, which requires substantially less com-
putational resources, to evaluate the influence of the size of
fMRI encoder on decoding performance, as reported in Tab.
3. A few patterns can be found here. In the case of using
the fuzzy matching paradigm, overall decoding performance
is barely affected by the fMRI encoder architecture choice.
When training only on the raw annotation data, the smaller
model outperforms marginally larger model.

Matching Strategy. To understand the effects of the pro-
posed fuzzy visual-neural matching strategy, and the impor-
tance of augmentation semantic library. We mainly demon-
strate the performance of BrainSem when applying candi-
date set and virtual fMRI signals individually. The ablation
study results are presented in Tab. 3. Clearly, the virtual
asymmetric correspondences created by neuro-semantic re-
organization format bring a substantial performance boost
to the decoding accuracy. For example, in the last configura-
tion, using simultaneously virtual brain responses and can-
didate set improves Top-1 accuracy from 18.8% to 25.6%.
Individual data augmentations also achieve 1.6% and 5.2%
relative improvements, respectively.
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_MRI Encoder Image Encoder  Batch Size - Mean Acc.
Layer Heads V. B. Top-1  Top-5
6 4 ViT-B/16 100 X X 194% 45.8%
6 4 ViT-B/16 100 voox 21.0%  48.2%
6 4 ViT-B/16 100 x v 242% 54.4%
6 4 ViT-B/16 100 v v 254% 52.8%
6 4 ViT-B/16 200 X X 194% 46.4%
6 4 ViT-B/16 200 v X 20.0%  50.6%
6 4 ViT-B/16 200 X v 23.8% 55.2%
6 4 ViT-B/16 200 v v 252% 53.2%
12 8 ViT-B/16 100 X X 19.0% 46.2%
12 8 ViT-B/16 100 v ooX 20.6%  49.0%
12 8 ViT-B/16 100 X v 24.0%  54.4%
12 8 ViT-B/16 100 v v 24.8% 58.4%
12 8 ViT-B/16 200 X X 192%  46.6%
12 8 ViT-B/16 200 v X 21.0% 48.8%
12 8 ViT-B/16 200 X v 23.8%  54.6%
12 8 ViT-B/16 200 v v 252% 59.2%
24 16 ViT-B/16 100 X X 182% 43.2%
24 16 ViT-B/16 100 v oox 21.2%  50.0%
24 16 ViT-B/16 100 X v 23.6% 54.0%
24 16 ViT-B/16 100 v v 254% 53.2%
24 16 ViT-B/16 200 X X 18.8% 44.0%
24 16 VIiT-B/16 200 v oox 204%  49.2%
24 16 ViT-B/16 200 x v 24.0% 54.0%
24 16 ViT-B/16 200 v v 25.6% 53.6%

Table 3: Ablation tests on fMRI encoder, batch size, and
fuzzy visual-neural matching. M. denotes matching strategy,
where V. stands for visual semantic library, and B. represents
virtual brain activity.

Conclusion

We propose a simple, yet effective neural fuzzy matching
network, called BrainSem, to explore the locality-sensitive
homologies between neural and artificial representation la-
tent spaces. The major challenge here is how to extract high-
level semantic components from limited neural signals, giv-
en that the human perceptual-cognitive system is inherently
multi-modal. The proposed fuzzy (one-to-many) matching
with specially designed data augmentation is the key techni-
cal component in finding an alignment between the cross-
modal representations. That is, due to the multi-objective
supervision signals, this one-to-many matching strategy en-
courages the models to capture shared category-level se-
mantics representations, which results in a nontrivial and
meaningful neurosemantic contrastive learning framework.
Our findings claimed that, using only a small set of fM-
RI recordings for semantic space alignment, we could ob-
tain a valid neural embedding for zero-shot classes. There-
fore, we think our BrainSem provided potential evidence for
the structure similarity in the semantic embedding space be-
tween the brain and large artificial model (CLIP), and sug-
gested that similarity-based learning could be the key rule
shared between the brain and machine. Overall, we hope the
proposed neural semantic matching framework will inspire
new intelligence paradigms and provide a tool for cognitive
neuroscience.
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