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Abstract
Brain decoding currently faces significant challenges in indi-
vidual differences, modality alignment, and high-dimensional
embeddings. To address individual differences, researchers
often use source subject data, which leads to issues such as
privacy leakage and heavy data storage burdens. In modal-
ity alignment, current works focus on aligning the softmax
probability distribution but neglect the alignment of marginal
probability distributions, resulting in modality misalignment.
Additionally, images and text are aligned separately with
fMRI without considering the complex interplay between im-
ages and text, leading to poor image reconstruction. Finally,
the enormous dimensionality of CLIP embeddings causes
significant computational costs. Although the dimensionality
of CLIP embeddings can be reduced by ignoring the num-
ber of patches obtained from images and the number of to-
kens acquired from text, this comes at the cost of a signif-
icant drop in model performance, creating a dilemma. To
overcome these limitations, we propose a source-free domain
adaptation (SFDA)-based brain decoding framework. Firstly,
we apply SFDA, which only acquires the source model with-
out accessing source data during target model adaptation, to
brain decoding to address cross-subject variations, privacy
concerns, and the heavy burden of data storage. Secondly,
we employ maximum mean discrepancy (MMD) to align
the marginal probability distributions between embeddings of
different modalities. Moreover, to accommodate the complex
interplay between image and text, we concatenate the embed-
dings of image and text and then use singular value decom-
position (SVD) to obtain a new embedding. What’s more,
to achieve better image generation quality, we employ the
Wasserstein distance (WD) to align the probability distribu-
tions of new embeddings. Finally, in the target model adapta-
tion phase of SFDA, we employ low-rank adaptation (LoRA)
to reduce the high expense of tuning the target model. Suf-
ficient experiments demonstrate our work outperforms state-
of-the-art methods for brain decoding tasks.

Extended version — https://arxiv.org/abs/2504.09109

Introduction
Brain decoding aims to reconstruct visual stimuli from brain
signals, primarily acquired through functional magnetic res-
onance imaging (fMRI) (Logothetis 2008). This approach
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not only advances our understanding of neural represen-
tation but also holds promise for applications in brain-
computer interfaces, neurorehabilitation, and personalized
cognitive assessment (Wolpaw et al. 2002; Sitaram et al.
2017; Haynes and Rees 2006). Over the past few years,
brain decoding has been able to reconstruct more realis-
tic images with the help of increasingly powerful genera-
tive models (Takagi and Nishimoto 2023; Ozcelik and Van-
Rullen 2023; Wang et al. 2024). However, it still faces some
significant challenges.

First, the brain activity exhibits high variability across
subjects (Chen et al. 2023). This implies that a model
trained on one subject (source subject) has limited gener-
alization when applied to another (target subject). Further-
more, source subject data contains subjects’ personal infor-
mation with open access posing privacy leakage risks, while
brain decoding tasks require massive amounts of data lead-
ing to significant data storage burdens. Although Wang et
al. (Wang et al. 2024) propose a cross-subject brain decod-
ing framework, during the adaptation phase, this framework
requires the use of source subjects’ data, thereby introduc-
ing not only privacy leakage risks but also increasing data
storage burdens.

Additionally, recent studies leverage deep generative
models for brain decoding by aligning brain signals with
vision-language models (Radford et al. 2021). Current ap-
proaches for modal alignment primarily employ the Soft-
CLIP loss (Scotti et al. 2024). This loss employs softmax
probability distribution generated by a robust teacher model
to provide a more effective teaching signal to the student
model compared to hard labels. However, these approaches
overlook directly aligning the marginal probability distribu-
tions between embeddings of different modalities, resulting
in misalignment between the distributions of fMRI and im-
age/text data, which ultimately degrades image reconstruc-
tion performance.

Moreover, existing methods align fMRI with images and
text separately without accounting for the complex interplay
between image and text modalities (Yang et al. 2024). For
example, Wang et al. (Wang et al. 2024) align predicted im-
age embeddings with CLIP (Radford et al. 2021) image em-
beddings and predicted text embeddings with CLIP text em-
beddings. This approach fails to account for the complex in-
terplay between images and text, leading to misaligned prob-
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ability distributions across different modalities.
Finally, to ensure the quality of image reconstruction,

CLIP image embeddings incorporate both category-related
and patch embeddings, while CLIP text embeddings account
for the number of tokens (Ozcelik and VanRullen 2023).
However, the high dimensionality of these embeddings re-
sults in significant computational costs.

To address these challenges, we propose a brain decoding
framework based on source-free domain adaptation (SFDA),
which not only enables cross-subject and cross-modal brain
decoding but also mitigates privacy concerns, reduces com-
putational costs, and alleviates data storage burdens. The
framework is divided into two phases: source model train-
ing, target model adaptation.

In the source model training phase, we train a robust
source model prepared for the target model adaptation. The
source model comprises four components: an embedder, a
translator, an image head, and a text head The image head
generates predicted image embeddings to align with CLIP
image embeddings, while the text head produces predicted
text embeddings to align with CLIP text embeddings. To
achieve direct alignment of marginal probability distribu-
tions across modalities, we incorporate Maximum Mean
Discrepancy (MMD) to perform modality alignment.

During the target model adaptation phase, we access
the parameters of the source model without accessing any
source subject data, thereby achieving privacy preservation
and alleviating data storage burdens. Following the source
model training phase, we also utilize MMD to perform
marginal distribution alignment.

What’s more, building upon the complex interplay be-
tween images and text, we concatenate the predicted image
and text embeddings with the corresponding CLIP image
and text embeddings, forming both the predicted and CLIP
unified embeddings. To extract meaningful features from
these unified embeddings, we apply Singular Value Decom-
position (SVD), where the resulting singular values are used
as the new unified embeddings. Inspired by WGAN (Ar-
jovsky, Chintala, and Bottou 2017), we employ Wasser-
stein distance (WD) to measure the probability distributions
discrepancy between the new unified embeddings, thereby
achieving superior image generation performance.

Finally, we apply low-rank adaptation (LoRA) to both the
image head and text head of the target model to mitigate
the excessive computational demands caused by the high di-
mensionality of image and text embeddings, while ensuring
the quality of image reconstruction.

Our main contributions are summarized as follows.

• We introduce source-free domain adaptation (SFDA) in
brain decoding to alleviate issues of cross-subject varia-
tions, privacy concerns, and the high burden of data stor-
age.

• We employ maximum mean discrepancy (MMD) to align
the marginal probability distributions of fMRI with im-
ages and text, thereby addressing the incomplete align-
ment caused by relying solely on the SoftCLIP loss.

• We consider the complex interplay between image and
text modalities, concatenate their embeddings, and ap-

ply singular value decomposition (SVD) to obtain unified
embeddings.

• We leverage Wasserstein distance (WD) to align the
probability distributions of unified embeddings, thereby
significantly improving image generation quality.

• We apply low-rank adaptation (LoRA) to our model,
reducing computational costs while maintaining the
model’s strong learning capacity.

• We perform extensive experiments and have shown that
our method has achieved state-of-the-art performance
among the existing brain decoding methods.

Related Works
Brain Decoding
Brain decoding has attracted increasing attention from re-
searchers due to the outstanding performance of Latent Dif-
fusion Models in high-resolution image synthesis (Rom-
bach et al. 2022), the advent of multimodal models like
CLIP (Radford et al. 2021), and the availability of new
fMRI datasets (Allen et al. 2022). However, most ap-
proaches (Takagi and Nishimoto 2023; Ozcelik and Van-
Rullen 2023; Scotti et al. 2024) adopt a per-subject-per-
model fashion, which demonstrates significantly degraded
cross-subject generalization performance when applied to a
new subject. To address this limitation, Wang et al. (Wang
et al. 2024) develop a cross-subject framework for multi-
ple subjects using only one model. However, their approach
does not actually use only one model; instead, it sets up in-
dependent embedders for each subject. Additionally, when
adapting the model to the target subject, data from source
subjects is used, which raises privacy concerns. Our work
mitigates above issues through a SFDA (Liang, Hu, and
Feng 2020) mechanism.

Cross-Modal Learing with Brain Signals
Recent developments in Vision-Language Models
(VLMs) (Radford et al. 2021; Jia et al. 2021; Yao et al.
2021) have greatly influenced the field of computer vision,
especially in tasks that integrate language and images.
The advent of VLMs has demonstrated their potential as
bridges across modalities, enhancing interactions with
brain signals (Takagi and Nishimoto 2023; Ozcelik and
VanRullen 2023). To achieve better alignment between
fMRI and images, Scotti et al. (Scotti et al. 2024) design the
SoftCLIP loss, where the softmax probability distribution
generated by a powerful teacher model serves as a superior
teaching signal for a student model compared to hard labels.
However, this loss function ignores the direct alignment
of the marginal probability distributions between fMRI
and other modality. To overcome this problem, our work
employs Maximum Mean Discrepancy (MMD) to align the
marginal probability distributions.

Source-free Domain Adaptation (SFDA)
Due to the excellent performance of SFDA in protecting data
privacy, an increasing number of researchers have applied
SFDA to multimodal models. Yin et al. (Yin et al. 2023)
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apply SFDA to multimodal semantic segmentation. Tang et
al. (Tang et al. 2024) utilize multimodal foundation models
in SFDA. Huang et al. (Huang et al. 2022) use SFDA to
build a multimodal video classification model. Inspired by
prior works, we apply SFDA to brain decoding to mitigate
cross-subject variations, privacy concerns, and data storage
burdens.

Low-Rank Adaptation (LoRA)
LoRA is notable for using low-rank matrices to approximate
weight changes during fine-tuning and allowing for seam-
less integration with pre-trained weights before inference,
all without introducing additional computational overhead.
Due to LoRA’s superior performance, it has been applied
in many areas. For example, Hyeon et al. (Hyeon-Woo, Ye-
Bin, and Oh 2021) concentrate on the low-rank Hadamard
product for federated learning. Qiu et al. (Qiu et al. 2023)
introduce orthogonal fine-tuning to adapt text-to-image dif-
fusion models for downstream tasks. Yeh et al. (Yeh et al.
2023) introduce an open-source library that offers a wide
selection of fine-tuning methodologies for Stable Diffusion.
In brain decoding, the high-dimensional embeddings lead to
prohibitive computational overhead. To address this chal-
lenge, we employ DoRA (Weight-Decomposed Low-Rank
Adaptation) (Liu et al. 2024) to significantly reduce compu-
tational costs while maintaining image reconstruction per-
formance.

Methodology
Problem Definition
In this section, we detail the brain decoding task. Specifi-
cally, the 1D fMRI voxels from the source subject are rep-
resented as vs ∈ RF , where F denotes fMRI voxel’s size.
The image stimulus Is and image caption Cs corresponding
to fMRI voxels vs are encoded into image embedding es,I
and text embedding es,C via a pretrained CLIP model. By
replacing s with t, the corresponding representations for the
target subject can be obtained.

We clarify our framework in two stages: source model
training, target model adaptation. In the source model train-
ing phase, we project the source fMRI voxels vs into an
embedding es = Es(vs) through an embedder Es. Subse-
quently, the embedding es is translated through a transla-
tor Ts into two distinct embeddings, (ês,I , ês,C) = Ts(es).
To achieve modality alignment with the CLIP-generated
embeddings es,I and es,C , the embeddings ês,I and ês,C
are projected through an image head Hs,I and a text head
Hs,C , generating embeddings ê′s,I = Hs,I(ês,I) and ê′s,C =

Hs,C(ês,C), which share the same embedding spaces as the
CLIP embeddings es,I and es,C , respectively. Replacing the
subscript s with t can give the process of the target model
adaptation phase.

In the following content, we will discuss the source
model training and target model adaptation phases sepa-
rately. Therefore, to simplify the expression, we will omit
the subscripts s and t that distinguish between the source
model training phase and the target model adaptation phase.

Source Model Training
During the source model training phase, modality alignment
is achieved using two types of loss functions. The first is
the SoftCLIP loss (Scotti et al. 2024), which is inspired by
the concept of knowledge distillation (Hinton, Vinyals, and
Dean 2015). This loss utilizes the softmax probability distri-
bution produced by a robust teacher model to deliver a more
effective teaching signal to the student model than hard la-
bels.

LSoftCLIP (ê
′, e) = −

N∑
i=1

N∑
j=1

[
exp(

ei·ej
τ )∑N

m=1 exp(
ei·em

τ )
·

log

(
exp(

ê′i·ej
τ )∑N

m=1 exp(
ê′i·em

τ )

)]
,

(1)

where ê′ and e represent the predicted CLIP embedding and
CLIP embedding, respectively; N denotes the batch size;
and τ is the temperature hyperparameter.

While the SoftCLIP loss aligns predicted CLIP embed-
dings and CLIP embeddings in terms of their softmax prob-
ability distributions, it overlooks the direct alignment of
their marginal probability distributions. Therefore, we em-
ploy maximum mean discrepancy (MMD) (Gretton et al.
2012) to align the marginal probability distributions of the
predicted CLIP embedding and CLIP embedding.

LMMD(ê′, e) = MMD(ê′, e). (2)

Thus, we can derive the loss functions for the predicted
image embeddings and predicted text embeddings.

Limage = LSoftCLIP (ê
′
I , eI) + LMMD(ê′I , eI), (3)

Ltext = LSoftCLIP (ê
′
C , eC) + LMMD(ê′C , eC). (4)

The overall loss function for source model training is for-
mulated as

LSRC = Limage + Ltext. (5)

Target Model Adaptation
During the target model adaptation phase, we utilize only the
source model without accessing the source subject’s data,
thereby achieving privacy protection and reducing the data
storage burden.

Similar to the source model training phase, we employ the
SoftCLIP loss and MMD to perform cross-modal alignment.

Limage = LSoftCLIP (ê
′
I , eI) + LMMD(ê′I , eI), (6)

Ltext = LSoftCLIP (ê
′
C , eC) + LMMD(ê′C , eC). (7)

Current approaches primarily focus on aligning predicted
image embeddings with CLIP image embeddings and pre-
dicted text embeddings with CLIP text embeddings sep-
arately (Wang et al. 2024; Scotti et al. 2024), overlook-
ing the complex interplay between images and text (Yang
et al. 2024). To address this limitation, we concatenate the
predicted image embedding and predicted text embedding
to form a unified predicted embedding, denoted as ê′u, as
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Figure 1: The framework of the target model adaptation.

shown in Figure 1. Similarly, we concatenate the CLIP im-
age embedding and CLIP text embedding to create a unified
CLIP embedding, denoted as eu.

ê′u = Concatenate(ê′I , ê
′
C), (8)

eu = Concatenate(eI , eC). (9)

To extract meaningful features from unified embeddings,
we employ SVD (Stewart 1993) to process the obtained uni-
fied embeddings, which requires the use of fMRI embed-
dings for image generation.

Û ′
u, Σ̂

′
u, V̂

′
u = SV D(ê′u), (10)

Uu,Σu, Vu = SV D(eu), (11)

ê′SV D = Σ̂′
u, (12)

eSV D = Σu, (13)

where ê′u and eu have dimension [batch size, 334 × 768],
ê′SV D and eSV D are both vectors of dimension 334× 768.

The objective of brain decoding is to reconstruct visual
stimuli from brain signals, thus necessitating the use of
fMRI embeddings for image generation. The application
of WD (Rüschendorf 1985) in Generative Adversarial Net-
works (GANs) (Goodfellow et al. 2020) for image genera-
tion offers significant inspiration for this task. The WD is
more sensitive to local variations in distributions, enabling it
to capture fine-grained differences (Arjovsky, Chintala, and
Bottou 2017). Therefore, we employ the Wasserstein-1 dis-
tance (Shui et al. 2020) to measure the probability distribu-
tion discrepancy between the two unified embeddings.

LWD = WD(ê′SV D, eSV D). (14)

Finally, we need to address the significant computational
overhead caused by the high dimensionality of image and
text embeddings. We demonstrate this with the NSD dataset
utilized in our experiments. When performing modal align-
ment, we need to generate 257×768-dimensional predicted
CLIP image embeddings and 77×768-dimensional predicted
CLIP text embeddings from fMRI signals, and align them
with CLIP image embeddings (257×768-dim extracted from
the corresponding images where the first 768-dimensional

vector indicates the category-related embedding and the re-
maining 256 embeddings represent the patches obtained
from the images) and CLIP text embeddings (77×768-dim
generated from the COCO captions associated with the cor-
responding images, where the 77 embeddings correspond to
the number of tokens provided as input to the model), re-
spectively (Ozcelik and VanRullen 2023). As a result, the
embedding dimensions become extremely large, leading to
significant computational cost, as shown in Table 1.

Module Input Dim. Output Dim.

Input B × 8192 -
Embedder B × 8192 B × 2048
Translator B × 2048 B × 2048
Image head B × 2048 B×197376 (= 257×768)
Text head B × 2048 B × 59136 (= 77× 768)

B : Batch Size.

Table 1: The input and output dimensions of the modules

Fortunately, with the rise of large language models
(LLMs) (Chang et al. 2024), parameter-efficient fine-tuning
(PEFT) (Houlsby et al. 2019) has emerged, allowing fine-
tuning with a small number of parameters. Among these
methods, LoRA (Hu et al. 2022) has gained significant pop-
ularity because it does not require changing the model archi-
tecture. Therefore, we apply DoRA (Weight-Decomposed
Low-Rank Adaptation) (Liu et al. 2024) to the image head
HI and text head HC , which can effectively reduce com-
putational costs while ensuring high-quality image recon-
struction. DoRA breaks down the pre-trained weights into
two components: magnitude and direction. For fine-tuning,
it specifically uses LoRA to make directional updates.

W ′ = m
V +∆V

∥V +∆V ∥c
= m

W0 +BA

∥W0 +BA∥c
, (15)

where m ∈ R1×k represents the magnitude vector, ∆V is
the incremental directional update obtained by multiplying
two low-rank matrices B and A, and the underlined parame-
ters indicate the trainable parameters. Furthermore, ∥·∥c de-
notes the vector-wise norm of a matrix across each column.
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Based on the above, we can obtain the complete loss func-
tion for the target model adaptation phase.

LADP = Limage + Ltext + LWD. (16)

Experiment
Datasets
Our work utilizes the Natural Scenes Dataset (NSD) (Allen
et al. 2022), a widely-used benchmark in neuroimaging
studies. This dataset contains high-resolution 7-Tesla fMRI
recordings obtained from eight healthy adult participants
during visual perception tasks involving thousands of nat-
ural images from the Common Objects in Context (COCO)
dataset (Lin et al. 2014).

Consistent with established methodologies in the field,
our work focuses on four participants (subj01, subj02,
subj05, and subj07) who completed all scanning sessions.
The training set for each participant comprises 8859 image
stimuli and 24980 fMRI trials (with a maximum of 3 trials
per image), while the test set contains 982 image stimuli and
2770 fMRI trials. We employ preprocessed voxel data from
the NSDGeneral region of interest (ROI), which varies in di-
mensionality across participants, containing 15724, 14278,
13039, and 12682 voxels, respectively.

Experimental Settings
Our experimental platform consists of three Tesla V100S
PCIe 32GB GPUs. The source model training is executed
for 600 epochs, while the target model adaptation phase is
executed for 200 epochs. The batch size for both the source
model training and target model adaptation phases is set to
50, the optimizer is set to AdamW, where the maximum
learning rate is set to 1.5× 10−4.

We combine the data from three subjects as the source
data, while the data from the remaining subject is used as the
target data. For example, if subj07 is selected as the target
subject, the data from subj01, subj02, and subj05 are com-
bined to form the source data.

Results
The experimental results on several metrics (See the Metrics
section in the Appendix) are shown in Table 2, with the best
results highlighted in bold, while we also present the qualita-
tive results in Figure 2. Although three methods (Wang et al.
2024; Xia et al. 2024b; Shen et al. 2025) claim to employ
only a single model in their work, they still employ sepa-
rate modules for each subject during implementation. For
instance, MindBridge establishes an independent embedder
for each subject. In contrast, our approach does not introduce
subject-specific modules. We utilize only one embedder, one
translator, one image head, and one text head throughout
both the source model training phase and the target model
adaptation phase.

The results indicate that using MMD effectively aligns
fMRI with both images and text. We concatenate the im-
age embeddings and text embeddings and process them with
SVD, which adequately considers the complex interplay be-
tween images and text. By using WD, we can achieve a good

probabilistic alignment of the unified embeddings, thereby
enhancing the quality of image generation. In this regard,
the superior performance demonstrates the effectiveness of
these approaches. Our work introduces SFDA into brain de-
coding, effectively safeguarding data privacy and alleviating
the data storage burden.

Multi-Embedder VS. Single-Embedder

MindBridge (Wang et al. 2024), UMBRAE (Xia et al.
2024b), and Shen et al. (Shen et al. 2025), all claim to use
only one model. However, each of these works sets up an
independent module for subjects. For example, in Mind-
Bridge, an independent embedder is set up for each source
subject during the training phase. In the target model adapta-
tion phase, not only is the embedder for each source subject
retained, but an independent embedder is also set up for the
target subject. In contrast, our method utilizes only one em-
bedder throughout both the source model training phase and
the target model adaptation phase. Furthermore, we do not
access data from the source subjects during the target model
adaptation phase.

We conduct experiments with our method following the
experimental setup of MindBridge and compare it with
MindBridge, as shown in Table 3. The table shows that our
method achieves the best results across all metrics. More-
over, our approach introduces SFDA into brain decoding,
effectively overcoming cross-subject variations, protecting
data privacy, and reducing data storage burdens.

Ablation Study on MMD and Aggregation Method

In this section, we study the effectiveness of MMD and the
aggregation method. We first concatenate image and text
embeddings to capture their complex interplay. Then, we ap-
ply SVD to the resulting unified embeddings and use the sin-
gular values as new unified embeddings. Finally, we utilize
WD to probabilistically align the predicted embeddings with
CLIP embeddings to achieve higher-quality image genera-
tion. We call this multi-step method the aggregation method.

The experimental results are shown in Table 4. From the
table, it can be seen that when we use MMD, the perfor-
mance improves significantly. Although the SoftCLIP loss
can provide an effective teaching signal through the soft-
max probability distribution, it still cannot guarantee the au-
thenticity of the learned predicted embeddings (Wang et al.
2024). Therefore, we use MMD to ensure more accurate
predicted embeddings by aligning marginal probability dis-
tributions, resulting in notable performance improvements.
Table 4 shows that the aggregation method further improves
performance. We aim to account for the complex interplay
between image and text embeddings without simply con-
catenating them. Therefore, we use SVD to obtain new
unified embeddings. To enhance the quality of image gen-
eration, we use WD to align the probability distributions
between the unified predicted embeddings and the unified
CLIP embeddings. The performance improvement demon-
strates the effectiveness of the aggregation method.
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(A) Stimulus (B) Subj01 (C) Subj02 (D) Subj05 (E) Subj07

Figure 2: Qualitative results.

Method Models Low-Level High-Level

PixCorr ↑ SSIM ↑ Alex(2) ↑ Alex(5) ↑ Incep ↑ CLIP ↑ EffNet-B ↓ SwAV ↓
Takagi et al. (Takagi and Nishimoto 2023) 4 — — 83.0% 83.0% 76.0% 77.0% — —

Brain-Diffuser (Ozcelik and VanRullen 2023) 4 0.254 0.356 94.2% 96.2% 87.2% 91.5% 0.775 0.423
MindEye (Scotti et al. 2024) 4 0.309 0.323 94.7% 97.8% 93.8% 94.1% 0.645 0.367
DREAM (Xia et al. 2024a) 4 0.288 0.338 95.0% 97.5% 94.8% 95.2% 0.638 0.413

MindBridge (Wang et al. 2024) 1 0.151 0.263 87.7% 95.5% 92.4% 94.7% 0.712 0.418
UMBRAE (Xia et al. 2024b) 1 0.283 0.328 93.9% 96.7% 93.4% 94.1% 0.700 0.393
Shen et al. (Shen et al. 2025) 1 0.265 0.357 93.1% 97.1% 96.8% 97.5% 0.633 0.321

Our work(w/o DoRA) 1 0.286 0.362 93.6% 97.5% 96.9% 96.0% 0.617 0.311
Our work 1 0.291 0.355 93.4% 97.0% 96.8% 96.3% 0.615 0.312

Table 2: Quantitative evaluation on brain decoding. All metrics are averaged over the results from the four subjects.

Low-Level High-Level

PixCorr ↑ SSIM ↑ Alex(2) ↑ Alex(5) ↑ Incep ↑ CLIP ↑ EffNet-B ↓ SwAV ↓
Multi-Embedder 0.277 0.335 92.6% 95.8% 96.0% 95.7% 0.635 0.325
Single-Embedder 0.291 0.355 93.4% 97.0% 96.8% 96.3% 0.615 0.312

Table 3: Quantitative evaluation between multi-embedder and single-embedder. The single-embedder corresponds to our work.
For the multi-embedder, we replicate the experimental setup of MindBridge.

Ablation Study on DoRA and LoRA
In this section, we explore the impact of different rank r on
DoRA and LoRA. We assess the performance of our method
when the rank r is set to 4, 8, 16, 32, and 64. The results are
shown in Table 5. As we can see, DoRA outperforms LoRA

across all values of r. Table 5 also provides the number of
trainable parameters in our model for different values of r.
The application of DoRA and LoRA significantly reduces
the number of trainable parameters. DoRA decomposes the
pre-trained weights into two components: magnitude and di-
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MMD Aggregation Method Low-Level High-Level

PixCorr ↑ SSIM ↑ Alex(2) ↑ Alex(5) ↑ Incep ↑ CLIP ↑ EffNet-B ↓ SwAV ↓
✗ ✗ 0.122 0.242 85.1% 90.0% 86.6% 88.5% 0.749 0.443
✗ ✓ 0.142 0.257 87.9% 92.2% 88.3% 89.9% 0.717 0.392
✓ ✗ 0.262 0.354 92.3% 95.9% 92.5% 93.0% 0.632 0.346
✓ ✓ 0.286 0.362 93.6% 97.5% 96.9% 96.0% 0.617 0.311

Table 4: Ablation study on MMD and the aggregation method.

PEFT Params(%)
Low-Level High-Level

PixCorr ↑ SSIM ↑ Alex(2) ↑ Alex(5) ↑ Incep ↑ CLIP ↑ EffNet-B ↓ SwAV ↓
Our work(Full Fine-tuning) 100.00 0.286 0.362 93.6% 97.5% 96.9% 96.0% 0.617 0.311

DoRA(r=4) 6.18 0.258 0.315 92.0% 95.0% 93.1% 93.8% 0.724 0.403
DoRA(r=8) 6.34 0.291 0.355 93.4% 97.0% 96.8% 96.3% 0.615 0.312

DoRA(r=16) 6.67 0.275 0.335 93.0% 96.5% 95.9% 96.0% 0.628 0.330
DoRA(r=32) 7.31 0.280 0.336 93.2% 96.8% 96.0% 96.3% 0.620 0.321
DoRA(r=64) 8.57 0.266 0.321 92.6% 95.7% 93.7% 94.0% 0.715 0.390

LoRA(r=4) 6.14 0.175 0.248 87.4% 89.6% 86.8% 86.3% 0.812 0.498
LoRA(r=8) 6.30 0.198 0.274 89.4% 91.2% 87.6% 88.9% 0.796 0.472
LoRA(r=16) 6.63 0.246 0.310 92.8% 94.6% 92.3% 92.6% 0.747 0.415
LoRA(r=32) 7.27 0.251 0.313 92.0% 94.7% 92.5% 93.1% 0.741 0.410
LoRA(r=64) 8.53 0.227 0.292 91.2% 92.6% 89.8% 90.2% 0.772 0.445

Table 5: Ablation study on DoRA and LoRA.

Figure 3: t-SNE Visualization (Van der Maaten and Hinton
2008). Let’s take the case where the target subject is subj01
as an example. Blue points represent source data, and orange
points represent target data.

rection. During fine-tuning, it employs LoRA for directional
updates, effectively reducing the number of trainable param-
eters. In addition, DoRA enhances the model’s learning ca-
pacity, further validating the effectiveness of our approach.

Cross-subject Variation Overcoming
Due to the strong variability in brain signals across different
subjects, we leverage SFDA to overcome cross-subject vari-
ation, as shown in Figure 3. It can be observed that before
the target model adaptation phase, source features and tar-
get features are not mixed and can be easily distinguished.
After the target model adaptation phase, source features
and target features are mixed together and cannot be easily
differentiated. This demonstrates that we have successfully
extracted subject-invariant representations, effectively over-

coming cross-subject variation. Furthermore, when training
the target model, we do not need to use source subject data,
which not only protects the data privacy of the source subject
but also reduces the burden of data storage.

Conclusion

In this paper, we introduce SFDA to brain decoding to ad-
dress the problem of high variability in brain signals. Ad-
ditionally, since SFDA does not rely on source subject data
during the target model adaptation phase, it alleviates con-
cerns about privacy leakage and the heavy burden of data
storage. Specifically, in the source model training phase,
we use MMD to align the marginal probability distributions
of fMRI signals with images and text, achieving modality
alignment between fMRI signals and images, as well as be-
tween fMRI signals and text. In the target model adaptation
phase, we also use MMD to achieve modality alignment,
similar to the source model training phase. To account for
the complex interplay between images and text, our method
concatenates images and text and uses SVD to extract more
meaningful embeddings. To achieve higher-quality image
generation, we use the WD to align the probability distribu-
tion of the unified embeddings. Finally, to reduce the com-
putational burden caused by the high dimensionality of the
embeddings while maintaining image reconstruction perfor-
mance, we leverage DoRA to significantly reduce the num-
ber of trainable parameters. We also demonstrate the effec-
tiveness of our method through multiple experiments.
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