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Abstract

Reconstructing video from brain signals is an important brain
decoding task. Existing brain decoding frameworks are pri-
marily built on a subject-dependent paradigm, which requires
large amounts of brain data for each subject. However, the
expensive cost of collecting brain-video data causes severe
data scarcity. Although some cross-subject methods being in-
troduced, they often overfocus with subject-invariant infor-
mation while neglecting subject-specific information, result-
ing in slow fine-tune-based adaptation strategy. To achieve
fast and data-efficient new subject adaptation, we propose
MindCross, a novel cross-subject framework. MindCross’s
N specific encoders and one shared encoder are designed
to extract subject-specific and subject-invariant information,
respectively. Additionally, a Top-K collaboration module is
adopted to enhance new subject decoding with the knowl-
edge learned from previous subjects’ encoders. Extensive ex-
periments on TMRI/EEG-to-video benchmarks demonstrate
MindCross’s efficacy and efficiency of cross-subject decod-
ing and new subject adaptation using only one model.

Code — https://github.com/XuanhaoLiu/MindCross

Introduction

Our daily visual perceptions are composed of a series of
seamless scenes, it is of great importance to investigate the
neurologic mechanism of how human brain perceives and
processes such dynamic visual perceptions (Makeig et al.
2002). One of brain decoding tasks is reconstructing the
video from brain signals, which garnered significant inter-
est recently (Yu et al. 2025; Sun, Li, and Moens 2025; Gong
et al. 2025). These research deepens our understanding of
brain function and offers promising advances for brain-
computer interfaces (BCls).

Spurred by the rapid development of deep multimodal
models such as CLIP (Radford et al. 2021) and Stable Dif-
fusion (Rombach et al. 2022), numerous previous works
demonstrate the ability to reconstruct high-fidelity visual
perception from brain signals (Benchetrit, Banville, and
King 2024; Li et al. 2024b; Scotti et al. 2023) such as func-
tional magnetic resonance imaging (fMRI) and electroen-
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Figure 1: Illustration of cross-subject problem: (a) Subject-
dependent paradigm: one single model for each subject. (b)
MindCross paradigm: one universal model for all subjects
and it can fast adapt to new subjects with limited data.

cephalogram (EEG), which indirectly measures neural ac-
tivity by detecting changes in blood oxygenation and spon-
taneous electrical activity from the scalp.

Unfortunately, there is a significant limitation in nowa-
days brain decoding frameworks that inherently restricts
their wide applications. As depicted in Figure 1 (a), cur-
rent works predominantly adhere to the subject-dependent
paradigm (Chen et al. 2024a,b, 2025). This paradigm neces-
sitates extensive per-subject data acquisition and prolonged
model training durations, thereby posing great constraints
on its adaptability to new subjects and motivating us to
develop more efficient alternatives. Specifically, the cross-
subject paradigm emerges as a promising solution, showing
two key advantages: (1) decode neural patterns across multi-
ple subjects using a single unified model, and (2) rapid adap-
tation for new subjects.

However, there are many difficulties in cross-subject brain
decoding: 1) Subject Variability Different subjects have
different brain responses to the same stimuli, especially
when processing high-level semantic information which re-
quires complex cognition progress. 2) Data Scarcity for
New Subject The high expense of time and resources to
conduct BCI experiments limits the amount of new subject
data. 3) Utilization of Existing Subjects Data Since exist-
ing subjects’ brain data are always larger and more diverse
than that of the new subject, it is a waste not to adequately
utilize their valuable data.



Several cross-subject frameworks have been designed on
an image brain decoding dataset (Allen et al. 2022), whose
subjects possess 27750 trials. However, since videos are
viewed longer than images, the brain-video benchmark ex-
hibits more significant data scarcity. For instance, each sub-
ject of the EEG-video benchmark only has 1400 trials. Fur-
thermore, previous cross-subject methods mostly adopt a
fine-tune-based adaptation strategy (Scotti et al. 2024; Wang
et al. 2024), which costs a lot of time. These above issues
motivate us to design a fast and data-efficient framework.

In this paper, we devise “MindCross”, a novel cross-
subject brain decoding framework designed for rapid adap-
tation to new subjects. MindCross addresses key challenges
through three core innovations: 1) Shared-specific Encoder
Architecture MindCross learns subject-invariant informa-
tion by a shared encoder and allocates each subject a specific
encoder to learn subject-related information. Through this
architecture, MindCross is able to decouple learning subject-
invariant and subject-related information to solve subject
variability. 2) Fast New Subject Calibration MindCross
can rapidly adapt to him/her by only updating the param-
eter of the new subject while other modules are all frozen.
This calibration method provides an efficient and effective
solution for new subject adaptation while not harming the
decoding performance of the existing subjects, solving data
scarcity. 3) Collaboration Decoding When the new subject
has limited training data, MindCross decodes the semantic
embeddings not only from the specific encoder of the new
subject, but also from the encoders of Top K existing sub-
jects similar to the new subject. This Top-K Collaboration
Module largely helps MindCross to decode more precisely
by adequately utilizing existing subjects’ data.

In conclusion, our contributions are as follows:

* We design MindCross, a shared-specific encoder ar-
chitecture for decoupling learning subject-invariant and
subject-related information.

We design a novel calibration method for new subject
adaptation that only needs updating a small number of
parameters for the new subject while keeping other parts
frozen, thus is fast and will not affect the decoding per-
formance of existing subjects.

We design a novel collaboration decoding module that
utilizes existing subjects’ data to help decoding a new
subject with limited training data.

Extensive experiments on fMRI/EEG-to-video bench-
marks demonstrate the efficacy of MindCross.

Related Work
Brain Decoding

Researchers have been trying to decode visual perception
(e.g., shape, color, and position) from brain activities for
decades (Miyawaki et al. 2008). The rapid development
of large generation models (Rombach et al. 2022) enables
high-fidelity images/videos generation, bringing a game-
changing technique into the brain decoding field. The cur-
rent brain decoding pipeline (Chen, Qing, and Zhou 2023;
Liu et al. 2024b; Liu, Lu, and Zheng 2025a; Sun, Li, and
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Moens 2025; Lu et al. 2025) can be summarized in two
steps: mapping brain signals to CLIP embeddings and then
using these embeddings to guide generation models in gen-
erating reconstructed images/videos. However, most works
fall into the subject-dependent fashion, leaving cross-subject
brain decoding largely unexplored.

Cross-subject Algorithm

Cross-subject brain decoding has always been a hot topic be-
cause of the practical requirement of quickly adapting a BCI
model to new subjects (Liu et al. 2024a; Liu, Lu, and Zheng
2025b). For visual decoding task, MindBridge assigns each
subject a particular encoder and adopts a cyclic auto-encoder
training strategy to align different subject’s brain features
(Wang et al. 2024). GLFA (Li et al. 2024a), STTM (Liu et al.
2025) and MindAligner (Dai et al. 2025) applies the func-
tional alignment to align different subject’s brain features.
MindEye?2 (Scotti et al. 2024) and MindTuner (Gong et al.
2025) implicitly aligned all subject brain signals to a shared
latent space. Wills Aligner used a mixture of brain experts
adapter to achieve few-shot learning (Bao et al. 2025). These
methods put excessive attention on the subject-invariant in-
formation and fail to capture subject-related information, as
their loss function encourages the model to learn similar
brain representations from different subjects.

Moreover, for new subject adaptation, GLFA and Mind-
Tuner directly fine-tunes the whole model, while Mind-
Bridge freezes the deep layers and fine-tunes the shallow
layers. Such fine-tune-based strategies not only harm the de-
coding performance of the previous subjects but also cost a
long time as they all update the encoders of previous sub-
jects. In contrast, MindCross achieves fast and data-efficient
new subject adaptation with a novel calibration phase, where
we update the new subject’s specific encoder. For the fol-
lowing comparison, we select the most representative cross-
subject framework from image (MindBridge) and video
(GLFA) filed.

Video Generation Models

With large-scale image-text pair datasets (Schuhmann et al.
2022), nowadays diffusion models have demonstrated su-
perior performance in the task of text-to-image generation
(Rombach et al. 2022). Compared to text-to-image (T2I)
models (Mirza and Osindero 2014), text-to-video (T2V)
generation models must maintain the temporal consistency
between each frame. Tune-A-Video (Wu et al. 2023) design
an inflated network technique by adding a temporal attention
layer in Unet to augment a T2I model to a T2V model, which
was used as the video generation module in many previous
brain decoding work (Chen, Qing, and Zhou 2023; Liu et al.
2024b; Lu et al. 2025). However, Tune-A-Video needs to
fine-tune on the training set of video clips, consuming lots of
time and computation resources. Recently, more wonderful
T2V models are proposed, such as AnimateDiff (Guo et al.
2024) and PyramidFlow (Jin et al. 2025). In this paper, we
focus on learning cross-subject brain representations, rather
than taming SOTA T2V models for brain decoding, thus we
simply used these off-the-shelf T2V models without further
modification.



(a) Training

NI
'I | v b sl — ]
_ J* Specific _:_'» ol 4 . B
. Encoder| ! 1
| s
1 Y h
sub 1 : : : ! Zalign
I Ly . _1 ;
1 | 1 1 —
| 'l I Specific I
1 " Reconstructer| Shared
' |Specific| 1! are N
[ g Er?coder s i — |Decoderl —* |€2
1 Y h
! 12
subz ' | Le I L atign |
. 1 /
: | . | | S
! ! 1 Domain |
| o ™| Classifier
! ! ! sN
_'» Specific ._'» N ! 7 . o
i Encoder |1 | 7 ;
I ' 1 I / N
sub N = K o 1 ) T — Zalign
| Lay .
O - ,‘,.‘L»____’ Shared o7
Shared | _| 1l [+2 N Reconstructer rec
— — 1’ T T
Encoder| ! :_>
> { ! Zda

(b) Calibration
Sl

_ > —_—

t
Z‘VEC

L’ 8 Specific
Reconstruter
rt

— Specific _,
Encoder

st

new sub

|
|
|
|
|
|
i
! Iﬂdsz’
|
|
|
|
|
|
|

Tt
S

Shared
Decoder

_» Specific _,
Encoder

—

>

Top-K
t > C
r Collaboration |~ ©

|
|
|
|
|
|
|
|
| new sub
|
|
|
|
|
|
|
|

Figure 2: The framework of proposed MindCross consisting of training, calibration, and test phase. (a) In the training phase,
each specific encoder and shared encoder are optimized by several loss functions. (b) In the calibration phase, only the specific
encoder of the new subject, marked with a flame icon, will be updated. (¢) In the test phase, the final predictions are obtained

from shared decoder and Top-K Collaborate module.

Methodology
Overall Architecture

Current methods of video generation from brain signals
all follow a subject-dependent paradigm, requiring a large
amount of data from one subject. To overcome inter-subject
variability and achieve rapid adaptation on new subjects, we
propose MindCross, a shared-specific feature based frame-
work inspired by ShaSpec (Wang et al. 2023). Depicted in
Figure 2, the whole framework consists of three phases:
training, calibration, and test. In the training phase, N spe-
cific encoders and one shared encoder are trained on each
subject’s data. If a new subject with limited data comes,
then in the calibration phase, a new specific encoder will be
trained while other modules in MindCross freezing. That is,
we only update the new specific encoder and reconstructer.
In the test phase, the new subject’s final output are obatined
by its own specific encoder and a Top-K Collaboration mod-
ule. Let us denote the N subjects’ data as X = {x},y:})L |,

i “th :
where X represents the j** data sample and the superscript

¢ indexes subject. To simplify the notation, we omit the sub-
script j when the contextual information is clear enough.
The specifc and shared encoder, reconstructer, and decoder
are all MLP-like networks.

Training Phase

Semantic Prediction As depicted in Figure 2 (a), N spe-
cific encoders and one shared encoder are trained on each
subject’s data respectively. The intuition behind the design
of the specific and shared encoders is clear, we want the
specific encoders to focus on the subject-related information
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and the shared encoders to focus on the subject-invariant in-
formation. To achieve this, we introduce three losses here:
the domain classification loss, domain alignment loss, and
difference loss. The process starts with the shared and spe-
cific branches running in parallel, with

r' =E,(x'), and s' = E,(x"), i € {1,...,N}. (1)
Then the specific feature and the shared feature will be fused
and fed into the universal decoder to calculate the semantic
predictions (text CLIP embeddings):

&' = D(ResFuse(s’, 1)), 2)
where ResFuse stands for the residual fusion module: the
specific and shared feature are first concatenated as the input
of a projection layer f, whose output is added as a residual

to the shared features to form the semantically rich brain
embedding, as follows:

ResFuse(s’, r') = f(concat(s’, %)) + r'. 3)
Reconstruction Loss To force each encoder to extract the
features that contain sufficient information from the original
brain data, we introduce an auto-encoder architecture. That
is, there are some reconstructers to reconstruct the original
brain data from extracted features:

x; = R, (r'), and X, = Ry(s"), 4)
we adopt the mean squared error (MSE) to calculate the re-
construction loss L,..:

11 1.
= Z(EHﬁi—lel%aIIiZ-—x’Hi),
1

&)
where m is the length of the original brain data and ||||2 is
the squared Lo-norm.

Lree = L5 +L

rec rec



Domain Classification Loss A domain classifier Cg4. is
applied to predict which subject the specific feature was ex-
tracted from: y,;. = Cqc(s’), the domain classification loss
is calculated using cross-entropy loss:

N N

Le== " Yilog¥y 6)

=1 =1

where y ;. is the domain label, i.e., an one-hot vector indicate
the subject index.

Domain Alignment Loss In contrast to the specific en-
coder, the shared encoder is expected to extract the subject-
invariant information. Hence, domain labels are supposed to
be removed from shared features r’, i € {1,..., N}. That
is, in an ideal situation, it is impossible to dlstmguish which
subject the shared feature was extracted from. One way to
achieve this is to confuse the domain classifier by minimiz-
ing the cross-entropy loss via a gradient reversal layer (GRL)
(Ganin and Lempitsky 2015):

N N }
=3 ¥ilog Vi, @)

i=1 1=1
where y,,, is the domain label, and y,;, = Cgu(r"), Cq, is
another domain classifier for domain alignment. The GRL

acts as identity transform for forwardprop, and reverses the
gradient for backprop.

Difference Loss Through the shared-specific design, a
subject’s brain data is processed by two encoders. There
will be a waste of computation if both of the specific and
the shared encoders extracted very similar information from
one brain data. Thus, we adopt the Hadamard product ® to
enhance the orthogonality and simplify the difference loss
as follows:

N
1 . .
Lairr = Y s o3, ®)
7

Alignment Loss MindCross adopts the contrastive loss
and MSE loss to align the semantic predictions with text
CLIP embeddings. In order to focus the research on cross-
subject brain decoding, we only discuss the simplified sit-
uation of only predicting the text CLIP embedding rather
than both frame latents and text embeddings. Although pre-
vious works have shown that the predicted frame latents help
to improve low-level metrics (Liu et al. 2024b; Gong et al.
2024; Lu et al. 2025), overall is not critical in our study and
we omit this part for a more focused paper (since this part
is just adding an additional decoder to predict frame latents
from the same feature used to predict the text CLIP embed-
dings).

For contrastive loss, MindCross adopt the SoftCLIP loss
which was introducted in MindEye (Scotti et al. 2023):

=YX

( eXp(ek 'el)/T )]7

S exp(@y - e, /7)
C)]

Lsoftcrip (e, €)

[ exp(ey - €)/T

-log
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Figure 3: Top-K Collaborate Module: The similarity vector
is obtained by feeding the new subject’s feature s! into the
domain classifier, then we select the Top-K similar domains
for collaborating to calculate the final output.

where e and e are the ground truth text embedding and the
semantic predictions in a batch of size B. T is a temperature
hyperparameter. Besides the contrastive loss for better clus-
tering of different classes, MindCross adds an MSE loss to
improve alignment and guarantee the generative quality of
the video:

Latign = Lsotscrip (€, €) + *Z e — &3 (10

Finally, MindCross is trained end-to-end by incorporat-
ing all these losses to achieve cross-subject brain decoding.
These Greek letters are all hyperparameters for balancing
each loss function:

Etrain = [:align + aﬁrec + ﬂ‘cc + 7£da + g‘crhff (11)

Calibration Phase

If there comes a new subject, the traditional per-subject per-
model paradigm needs to train a new brain decoding model
from scratch, which is time and computation consuming
and requires massive data from the new subject. Our Mind-
Cross propose a calibration way to fully utilize the universal
model trained on previous subjects’ brain data to achieve
fast new subject adaptation. Specifically, we freeze the pre-
viously trained MindCross and only update the specific en-
coder and reconstructer of the new subject. By freezing most
of the parameters, we save lots of time and computation re-
sources. Most importantly, it is possible to achieve compara-
tive decoding results with limited data, as the shared encoder
and decoder are pre-trained on a large amount of subjects’
brain data. The calibration loss is written as follows, each
loss function is defined in the previous section:

‘Cculib = ‘Calign + O‘/‘C:ec =+ ﬁ/[:diff' (12)



Test Phase

In the test phase, MindCross predict the text CLIP embed-
dings by two branches: one uses the specific encoder of the
new subject Et, and another one utilizes the trained specific
encoders {E’ * ; through a Top-K Collaboration Module
as depicted in Flgure 3. Firstly, the specific feature of the
new subject s is fed into the domain classifier C4,. to cal-
culate the similarity p between the brain data of new subject
and previous subjects. We select the Top-K subjects’ specific
encoders and predict the text CLIP embeddings. Afterwards,
the K predictions are added together according to the simi-
larity weights. The higher weight indicates that the distribu-
tion is more similar to the new subject, so more trust can be
given to the corresponding prediction.

D

keTopK(p)

~C

(¢

13)

where TopK selects the top K index in a logits vector p.
Finally, the semantic prediction of the new subject is com-
bining é° and é" as demonstrated in Figure 2, A = le — 2:

é=¢" + )" (14)

Video Generation Module

The video generation model plays a crucial roles in all brain
decoding works as pre-training text-to-video (T2V) diffu-
sion models possess a large amount of prior knowledge
from the graphics, image, and video domains. However, as
demonstrated before, our research focus is not on taming the
cut-the-edge T2V models for generating smooth and high-
fidelity videos, but on how to learn cross-subject brain rep-
resentations. Therefore, we adopted a T2V models called
PyramidFlow (Jin et al. 2025) for video generation without
further modification. Specifically, the videos are generated
using the semantic prediction € as the condition.

Experiments
Datasets

In this study, we utilize two publicly available brain-video
datasets, which includes paired stimulus videos and their
corresponding brain responses. More details of each dataset
are written in appendix.

For EEG-to-video reconstruction, we use the SEED-DV
dataset (Liu et al. 2024b). This dataset contains 20 subjects’
EEG signals while they were watching 7 video blocks con-
taining 1400 two-second video clips of 40 concepts, cover-
ing various animals, scenes, and activities. We use the first
6 blocks (1200 trials) as the training set and the last block
(200 EEG-video trials) as the test set.

For fMRI-to-video reconstruction, we use the CC2017
dataset (Wen et al. 2018) recording 3 subjects’ fMRI data
using a 3-T MRI system with two-second temporal resolu-
tion. The dataset consists of a training set containing 18 8-
minute video clips and a test set containing five 8-minute
video clips. Each subject viewed the training and testing
video clips 2 and 10 times, respectively, and the test set
was averaged across trials. We divide them into two-second
small clips. Thus there are 8640 training samples and 1200
testing samples of fMRI-video pairs.

17593

MC (Ours)
on Subject 1

MC (Ours)
on Subject 2

MC (Ours) K@M
on Subject 3 &

EEG2Video |
(NeurIPS 2024

MindBridge
(CVPR 2024)

GLFA
(ECCV 2024)

Ground
Truth

MC (Ours)
on Subject 1

MC (Ours)
on Subject 2

MC (Ours)
on Subject 3

NeuroClips
(NeurIPS 2024)

MinD-Video
(NeurlIPS 2023)

Mind-Animator
(ICLR 2025)

. E X
MRAER

Figure 5: Comparison on fMRI-to-video benchmark.

Evaluation Metrics

Following previous work (Gong et al. 2024), we perform
quantitative evaluation using both frame-based and video-
based metrics. Frame-based metrics evaluate each frame in-
dividually, providing a snapshot evaluation, while video-
based metrics evaluate the quality of the video, emphasiz-
ing the consistency and smoothness. For semantic evalua-
tion, we use the N-way top-K metric and set K to 1, which
means a video is considered successfully reconstructed if the
ground truth (GT) class is in the top 1 probabilities using a
pretrained classifier. For frame-based metric, the classifier is
a CLIP-based classifier (Radford et al. 2021) trained on Im-
ageNet (Deng et al. 2009). For video-based metric, the clas-
sifier is a VideoMAE-based (Tong et al. 2022) video clas-
sifier trained on Kinetics-400 dataset (Kay et al. 2017). For
spatiotemporal-level metrics to measure video consistency,
we compute the average cosine similarity between all pairs
of adjacent video frames’ CLIP image embeddings, CLIP-
pcc. The structural similarity index metric (SSIM) and peak
signal-to-noise ratio (PSNR) are used as pixel-level metrics.
More details of all metrics are written in appendix.

Cross-Subject Video Reconstruction

Our MindCross can achieve cross-subject brain decoding
across several subjects with only one model, while most



Video-based

Frame-based

\ Method Venue \ # Models Semantic-Level ST-Level Semantic-Level Pixel-Level
| | 2-way  40/50-way CLIP-pcc 2-way  40/50-way SSIM PSNR
MinD-Video NeurIPS 23 20 0.80540.02 0.156+0.03 0.411+0.47 0.755+0.03 0.128+0.03 0.176+0.06 8.579+1.42
> NeuroClips NeurIPS 24 20 0.8094+0.03 0.1544+0.03 0.75640.28 0.78540.03 0.15140.04 0.238+0.08 8.703+1.37
A | Mind-Animator  ICLR 25 20 0.799+0.03 0.158+0.02 0.421+0.56 0.768+0.02 0.142+0.04 0.253+0.12 8.679+1.52
8 EEG2Video NeurIPS 24 20 0.800+0.03 0.161+0.01 0.412+0.45 0.772+0.03 0.146+0.01 0.258+0.08 8.684+1.46
LJ;J GLFA ECCV 24 1 0.7784+0.02 0.152+0.02 0.751+0.52 0.743+0.03 0.136+0.03 0.192+0.08 8.642+1.48
MindBridge CVPR 24 1 0.7824+0.03 0.148+0.02 0.75340.43 0.74940.03 0.12540.02 0.18540.07 8.625+1.39
MindCross Ours 1 0.786+0.02 0.154+0.03 0.758+0.32 0.752+0.03 0.128+0.02 0.197+0.06 8.658+1.43
MinD-Video NeurIPS 23 3 0.83940.03 0.197+0.02 0.408+0.46 0.796+0.03 0.174+0.03 0.171+0.08 8.662+1.52
NeuroClips NeurlIPS 24 3 0.834+0.03 0.220+0.01 0.738+0.17 0.806+0.03 0.2034+0.01 0.3904+0.08 9.211+1.46
E Mind-Animator ICLR 25 3 0.8304+0.02 0.1854+0.04 0.425+0.52 0.816+0.03 0.182+0.03 0.321+0.12 9.220+1.48
8 EEG2Video NeurIPS 24 3 0.83340.03 0.209+0.02 0.413+0.37 0.811+0.04 0.191+0.03 0.318+0.14 8.763+1.45
“ | GLFA ECCV 24 1 0.840+0.03 0.209+0.02 0.742+0.49 0.805+0.04 0.187+0.03 0.134+0.07 8.763+1.45
MindBridge CVPR 24 1 0.821+0.03 0.206+0.02 0.75440.42 0.813+0.03 0.195+0.02 0.156+0.07 8.972+1.67
MindCross Ours 1 0.830+0.03 0.210+0.03 0.762+0.34 0.802+0.03 0.198+0.03 0.163+0.07 8.983+1.54

Table 1: Quantitative comparison of brain decoding between MindCross and other methods. The best performance of
cross-subject frameworks are marked in BOLD. The best performance of per-subject per-model methods are underlined.

previous methods require to train a particular model for
each subject. We compare its average video reconstruction
performance across all subjects with that of state-of-the-art
subject-dependent methods: MinD-Video (Chen, Qing, and
Zhou 2023), NeuroClips (Gong et al. 2024), Mind-Animator
(Lu et al. 2025), EEG2Video (Liu et al. 2024b), and two
cross-subject methods: MindBridge (Wang et al. 2024), and
GLFA (Li et al. 2024a). The quantitative and qualitative re-
sults for all methods are presented in Table 1, and Figure
4, and Figure 5 respectively. It can be seen that our Mind-
Cross achieve comparable performance against per-subject
per-model methods while maintaining just one model in se-
mantic level metrics, and outperforms other cross-subject
methods, demonstrating our success on cross-subject brain
decoding. Figure 4 demonstrates our MindCross achieves
more accurate in semantic decoding across different sub-
jects, e.g., MindBridge decoded bird as plane, and GLFA
decoded beach as ship.

New-Subject Adaptation

MindCross can effectively transfer its pretrained knowledge
to adapt to new subjects, offering significant advantages in
real-world applications. To simulate the case when the new
subject only has limited data, we select 40, 200, and 600
samples from the new subjects for the EEG dataset and 500,
1500, and 4000 samples from the new subjects for the fMRI
dataset. We perform a leave-one-subject-out (LOSO) exper-
iment here. The results are displayed in Figure 6, where
MindCross performs comparable on the new subject to the
existing subjects. MindCross significantly outperforms the
variant ‘w/o train’ (training MindCross on new subject from
scratch), which indicates the efficacy of the training phase.
We also evaluate the performance of calibration with only
Laiign. It can be observed that the difference loss and recon-
struction loss improve the decoding results. Furthermore, the
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comparison with baselines is displayed in Table 2, we cali-
brated on the new subject using 200/500 data on EEG/fMRI
datasets, respectively. It can be seen that our MindCross sig-
nificantly reduces the adapation time and updating parame-
ter (especially when the number of subjects is large), while
outperforming or tying the baselines, demonstrating the su-
periority of MindCross on new subject adaptation.
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Figure 6: Results of new subject adaptation in limited data
scenario. The x-axis is the number of data from new sub-
jects, the y-axis is the metric.

| Training Loss  40-V  40-F PSNR Time/sec  # Para
MindBridge 0.142 0.104 8.514 5.104 126.81M
o | GLFA 0.135 0.121 8.522 10.651 247.27M
MindCross 0.137 0.117 8.587  1.090 9.77TM
= MindBridge 0.147 0.145 8.547 9.267 293.43M
= GLFA 0.153 0.137 8.601 17.513 504.23M
MindCross 0.152 0.141 8.551  2.724 109.10M

Table 2: Comparison with other cross-subject baselines on
new subject adaptation with limited data task.



Ablation Study

Ablation on Training Loss Table 3 displays the results of
introducing different losses in the training phase. It can be
seen that MindCross with L4, + Lgc + Lrec outperforms
MindCross with only Lgi4n, demonstrating the shared-
specific architecture helps model learn cross-subject repre-
sentations. Adding Lg; ¢ does not affect the decoding per-
formance much, but is useful for new subject adaptation in
the calibration phase. Thus, we add the difference loss in
the training phase to encourage the shared-specific encoder
focus on the different aspects of brain data.

| Training Loss 2-way-V 2-way-F SSIM PSNR
Latign 0.756 0.693  0.187 8.627

B | +Lrec + Ldaa + Lac 0789 0.757 0.195 8.647
+Laif s (Ours) 0786  0.752 0197 8.658

v, Latign 0.812 0.785 0.152 8.576
E +Lrec + Laa + Lae 0829 0.810 0.168 8.957
+Laiss (Ours) 0.830 0.802 0.163 8.983

Table 3: Ablation of different losses at the training phase.
Models are trained and tested across all subjects.

Ablation on Top-K Collaboration Module In this case,
we use the &' to generate videos as the model ‘w/o Top-
K’. The results are depicted in Figure 7, which demonstrates
the efficacy of the Top-K Collaboration Module. There is no
significant difference between K = 1 and K = 2. Thus, we
set K = 1 in this paper.
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Figure 7: Ablation study of Top-K Collaboration Module.

Visualization

Top-K Subject Selection To demonstrate the effective-
ness of the Top-K collaboration module, We enumerate the
new subject in the SEED-DV dataset and train a MindCross
model on the other 19 subjects. We visualize the subject se-
lection probability of each subject in Figure 8, where K = 1
in this case. It can be seen that sub 10 and sub 14 will co-
operate with each other with a high probability, which in-
dicates it is useful to introduce a mechanism like memory
retrieval process to recall the existing subjects’ similar data.
Although some subjects like sub 4 and sub 19 have low sim-
ilarity with all subjects, the Top-K module still improves the
performance as shown in Figure 3.

17595

0 ] .
@ High similarity 0.35
| Low similarity | 0.30
5 5
3 ™ 0.25
_‘g - u 0.20
(,g, 101 0.15
z | Cooperate
z 1s with each 0.10
1 other
Low similarity 0.05
| 0.00

0 5 10 15

Existing Subject Index

Figure 8: The heat map of the subject selection probability
of the Top-K Collaboration Module.

Shared and Specific Features Our MindCross is sup-
posed to separate the subject-related and subject-invariant
components out from the original brain signals. Here we
trained our model on 19 subjects from the SEED-DV dataset
and obtained their original data x* along with the specific
feature s’ and shared feature r’ learned by our MindCross.
The 19 subject’s original brain data are displayed in Figure
9 (a), where their brain data differ significantly from each
other. After the process of MindCross, the subject-related
and subject-invariant components are successfully extracted,
as shown in Figure 9 (b). Compared to other previous cross-
subject methods which only extract the subject-invariant in-
formation, our MindCross keeps the subject-related infor-
mation. Therefore, we can calculate the similarity between
new subject and existing subjects to enhance the brain de-
coding for new subject.

Shared
Specific

Figure 9: Feature visualization of MindCross using t-SNE.
(a) Original brain data. The color represents different sub-
jects. (b) Learned features of MindCross.

Conclusion

In this paper, we propose a cross-subject brain decoding
framework MindCross, which can effectively extract both
subject-invariant and subject-related information. Through
a novel calibration phase and collaboration module, Mind-
Cross significantly reduces the adaptation time and updating
parameter, demonstrating great superiority and efficiency in
new subject adaptation with limited data. Our work not only
enhances cross-subject brain decoding, but also showcases
promising practical applications in the BCI field.
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