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Figure 1. The left panel highlights how our method differs from prior adapter-based cross-subject alignment approaches: it integrates multi-
ROI visual attribute processing and supports decoding from either a single or multiple ROIs. The right panel shows ROITok reconstruction
examples, demonstrating robust performance even with limited training data.

Abstract

Recent advances in fMRI pretraining have significantly
improved visual decoding accuracy by leveraging cross-
subject neuroimaging datasets. A prevailing strategy aligns
individual fMRI signals into a shared feature space using
subject-specific adapters, followed by a shared decoder.
However, this unstructured feature space overlooks the re-
dundancy and functional correlations among voxels and
fails to incorporate the brain’s intrinsic functional archi-
tecture centered on regions of interest (ROIs). To address
these limitations, we propose ROITok, an ROI-guided fMRI
pretraining framework. Our method introduces Sparse
ROI Context Fusion to learn ROI-level visual representa-
tions and captures functional synergy between ROIs from
cross-subject data. Inspired by Matryoshka Representa-
tion Learning (MRL), we design an embedding compression
scheme that prioritizes the most informative visual compo-
nents first, with later tokens adding progressively finer but
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still useful details. ROITok achieves strong transfer learn-
ing performance on the NSD and GOD datasets and shows
strong resilience against high-level additive noises, while
offering better interpretability. It allows for quantitative
assessment of each brain region’s contribution to decod-
ing tasks. Our analysis shows that ROI-based pretraining
can automatically learn the brain’s visual hierarchy. Differ-
ent ROIs can provide complementary contexts for decoding
tasks; combining them improves decoding robustness.

1. Introduction

Decoding human visual perception from functional
magnetic resonance imaging (fMRI) signals has long
been a central pursuit in cognitive neuroscience and
brain–computer interface (BCI) research[4, 6–8, 11].
Recent advances in deep learning have demonstrated
that pretraining shared decoding models on large-scale,
cross-subject fMRI datasets can substantially improve
accuracy[3, 5, 9, 20, 22]. These gains stem from the ability
of data-driven models to discover common patterns across
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Figure 2. RSA between ROI Tokens of ROITok. Our method
captures the hierarchical organization of visual information in the
human brain.

individuals, thereby mitigating the well-known challenges
of inter-subject anatomical and functional variability.

We summarize two dominant paradigms in cross-subject
fMRI modeling here. The first treats fMRI volumes as
1D or 2D images and applies ViT-style spatial patchifica-
tion to feed data into deep networks[3, 9, 26]. This strat-
egy imposes arbitrary spatial discretizations that ignore the
functional topology of the brain and are ill-suited to non-
uniform resolution of BOLD signals. The second paradigm
employs subject-specific adapters to project individual neu-
ral responses into a shared latent space before applying a
common decoder[5, 20, 32]. This method overlooks the
strong spatial redundancy and functional correlations that
exist within and across brain regions. And its shared fea-
ture space lacks explicit structure constraints, which leads
to suboptimal performance under few-shot scenarios.

Critically, both approaches overlook a core neuroscience
insight: the human brain processes visual information
through a network of functionally specialized, topograph-
ically organized regions, commonly referred to as Re-
gions of Interest (ROIs). Neuroimaging studies consis-
tently show that while voxel-level BOLD responses vary
across individuals, ROI-level neural representations exhibit
strong cross-subject alignment in both anatomy and func-
tion [10, 14, 15], suggesting that ROIs form a natural, bio-
logically grounded basis for a shared representational space.

Motivated by this evidence, we propose ROITok, a
physiologically informed framework that reorients cross-
subject fMRI pretraining around ROIs as computational
units. Rather than treating the brain as a single entity,
ROITok tokenizes neural activity at the region level, treat-
ing each ROI as a contextual token that encapsulates its dis-
tributed, multi-voxel response pattern. As shown in Fig. 2,
this design aligns model architecture with the brain’s modu-
lar organization, enabling the learning of cross-subject “rep-
resentational grammars” that reflect how visual information

is hierarchically processed and integrated across the cortical
visual stream.

As shown in Fig.3, ROITok introduces two techniques.
First, we propose Sparse ROI Context Fusion strategy,
which learns ROI-level visual representations and inter-
regional functional synergy by reconstructing visual infor-
mation from masked ROIs. This leverages the inherent
redundancy and functional dependencies among brain re-
gions, enhancing robustness without compromising inter-
pretability. Second, inspired by Matryoshka representation
learning(MRL)[13], we design an encoder with a embed-
ding compression strategy, which ensures that the sequence
of tokens is ordered by information saliency[35]. With
ROITok, we compare different finetuning strategies and two
approaches to conditional image generation, namely, the
IP-Adapter-based method[42] and the diffusion-prior-based
method[28], highlighting their respective advantages and
limitations.

We evaluate ROITok on the Natural Scenes Dataset
(NSD)[1] and the Generic Object Decoding (GOD)
dataset[8], achieving competitive transfer performance un-
der both full-data and few-shot cross-subject settings.
ROITok also shows strong resilience against high-level ad-
ditive noises. Beyond accuracy, our method offers en-
hanced interpretability and unlocks more potential applica-
tions in neural decoding. ROITok provides a way to com-
pare each ROI’s contribution to decoding tasks and their
functional correlation. Our experiments demonstrate that
different ROIs can provide complementary contexts for de-
coding tasks, which leads to better transfer learning out-
comes. With its ability of integrating information across
ROIs, ROITok can even decode edited ROI sequences into
coherent, blended visual reconstructions(see Appendix 7).
This showcases the potential of ROI-based models for con-
trollable and interpretable neural decoding.

2. Related work
Vision decoding from brain activity has been greatly ad-
vanced by deep learning. For example, fMRI feature ex-
tractors have evolved from simple linear models[4, 8, 23,
37, 38] to deep networks[2, 9, 20, 29, 32–34], and im-
age reconstruction has progressed from CNNs[2, 33, 34],
GANs[16, 23, 25, 29] to diffusion models[5, 18, 19, 24, 31,
32]. Early approaches relied on subject-specific training,
which is prone to overfitting due to fMRI’s low signal-to-
noise ratio and limited per-subject data. To mitigate this,
recent vision decoding approaches have adopted a pretrain-
then-finetune paradigm using cross-subject fMRI data to
learn shared, transferable neural representations. For in-
stance, Chen et al.[3] split 1D fMRI signals into patches and
pretrain a transformer encoder via Masked Language Mod-
eling (MLM) in a self-supervised manner. fMRI-PTE[26]
and NeuroPictor[9] map fMRI signals onto unified 2D grids
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Figure 3. Cross-subject fMRI pretraining of ROITok. It captures inter-regional functional synergy from masked ROI sequences and
employs a MRL-inspired[13] embedding compression strategy to prioritize the dominant modes of inter-subject visual representation.

using anatomical priors, enabling pretraining with ViT-like
architectures. Meanwhile, MindEye2[32], STTM[20], and
MindTuner[5] employ subject-specific adapters to project
cross-subject fMRI into a shared feature space before ap-
plying a common decoder. These methods show the poten-
tial of foundation models for brain decoding but still un-
derperform, especially with limited data. Patch-based ap-
proaches use arbitrary spatial grids that lack neuroscientific
basis and ignore BOLD signal heterogeneity, while adapter-
based methods align whole-brain activity without capturing
fine-grained structure, missing voxel redundancy and func-
tional correlations. Crucially, neither respects the brain’s
functional topology, limiting interpretability. In contrast,
our ROI-based pretraining explicitly leverages the func-
tional specificity of brain regions, achieving strong perfor-
mance while maintaining neuroscientific interpretability.

3. Method

3.1. ROITok: MRL-inspired Brain ROI tokenizer
Fig. 3 illustrates the overall architecture of our fMRI pre-
training framework. Below, we detail each component.

ROI-based pretraining Given a set of subjects {Si}Pi=1,
each fMRI scan is first parcellated into M anatomically
or functionally defined regions of interest (ROIs) using a
standard atlas or a functional localizer (fLoc) [1]. These
ROIs correspond to well-established brain areas that spe-
cialize in processing distinct types of visual information.
For instance, early visual areas such as V1 and V2 en-
code low-level features like edges and orientations, while
higher-order regions like the fusiform face area (FFA) re-
spond selectively to complex stimuli such as faces. For each
subject Si, corresponding fMRI training data is defined as
{Rj

i}Mj=1, R
j
i ∈ RN×di,j , where Rj

i is the training data for

j-th ROI of Si, N is the number of samples, and di,j is the
voxel number of the ROI.

Each ROI is processed by a specific linear ROI-Embeder
Ei,j into a ROI token with a shared dimension D, where
i ∈ [1, 2, ..., P ], j ∈ [1, 2, ...,M ]. Since most ROI only
contain several hundreds of voxels and D is set to 400 in
our experiments, this multi-embedder setting will not cause
serious computational burden.

Brain representation learning with Sparse ROI Context
Fusion ROI token sequences provide an over-complete
representation of decodable visual information. They con-
tain substantial redundancy and also offer complementary
cues in the presence of noise. To fully exploit these
correlations, we propose Sparse ROI Context Fusion,
a method that learns robust, cross-subject representations
from masked ROI tokens. During pretraining, we randomly
mask 50% of the ROI tokens and replace them with a learn-
able [MASK] token. The resulting ROI tokens are concate-
nated and fed into a Residual MLP encoder E , composed
of eight residual MLP blocks. We adopt the Residual MLP
architecture as the backbone due to its significantly lower
GPU memory consumption compared to attention-based
models, as well as its stable training dynamics enabled by
residual connections. The encoder outputs contextualized
embeddings Z ∈ RM ′×D′

, which consists of M ′ compo-
nents Z = (Z1, . . . ,ZM ′), where M ′ ×D′ = M ×D. We
use D′ = D in our main experiments, ablation study about
the value of D′ is provided in the appendix 8.2.

As different ROIs encode distinct levels of visual infor-
mation and functional attributes, Sparse ROI Context Fu-
sion strategy encourages the model to mimic the hierarchi-
cal organization of the human visual system and to effec-
tively integrate information from distributed ROI contexts.
This design also fully leverages the brain’s inherent redun-
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dancy, thereby enhancing cross-subject generalization.

MRL-inspired structured fMRI embeddings The out-
put of the residual MLP encoder is high-dimensional.
Prior works such as MindEye2[32], STTM[20], and
MindTuner[5] impose no explicit structural constraints on
this output space beyond their decoding objectives. We ob-
serve that this design is suboptimal: the resulting embed-
ding space lacks structure and is highly susceptible to over-
fitting. To improve interpretability and robustness, we in-
troduce a structural regularization mechanism that encour-
ages the learned fMRI embeddings Z ∈ RM ′×D′

to pri-
oritize dominant modes of inter-subject visual representa-
tion. Inspired by Matryoshka representations[13], we ap-
ply the following function to the fMRI embeddings Z =
(Z1, . . . ,ZM ′) during training:

F (Z,m) = (Z1, . . . ,Zm,Z∅, . . . ,Z∅), (1)

where m is a random integer uniformly sampled from
U{1, . . . ,M ′}, and Z∅ denotes the learnable empty token
that replace masked positions. This masking strategy en-
courages the earlier tokens Z1, . . . ,Zm to prioritize captur-
ing the most informative visual features. As a result, the
model learns a hierarchy among the component tokens.

Training objective Together with ROITok, a lightweight
high-level module DH is trained to align fMRI components
with CLIP vision tokens Zclip. This module comprises
two branches: a retrieval branch optimized with SoftCLIP
loss[31] and an auxiliary semantic reconstruction branch
trained with MSE loss. The high-level module is imple-
mented as a stack of MLP layers. In parallel, a low-level
module DL that is realized as a CNN-based upsampler, is
trained with L1 loss to map fMRI components to Stable
Diffusion[30] VAE latents Zsd of the visual stimuli, pro-
ducing latent images at a resolution of 4× 64× 64. Further
implementation details are provided in our code. Our pre-
training optimizes the fMRI components Z via the follow-
ing objective:

L = Em∼U{1,...,M ′}

 ∥DH(F (Z,m))− Zclip∥22
+ SoftCLIP(DH(F (Z,m)),Zclip)

+ ∥DL(F (Z,m))− Zsd∥

 .

(2)

3.2. fMRI-conditioned Image Reconstruction
Decoupling the conditional image generation module from
the ROITok pretraining stage enhances flexibility in down-
stream applications of brain-derived features and signif-
icantly reduces computational cost. For instance, while
MindEye2 requires 8xA100 80Gb GPUs for pretraining,
our approach completes pretraining on a single H800 80Gb

Figure 4. Two approaches to fMRI-to-image generation. The up-
per pipeline adapts the IP-Adapter framework by injecting fMRI-
derived semantic tokens into the SD U-Net through trainable
cross-attention layers. The lower pipeline uses a diffusion prior to
predict CLIP vision tokens from fMRI, which subsequently con-
dition a pretrained diffusion model for image synthesis.

GPU. Once the Brain ROI tokenizer is obtained, a connec-
tor is needed to bridge fMRI embeddings with a pretrained
image generator. We compare two controllable image gen-
eration strategies: the Diffusion-Prior-based [28] and IP-
Adapter-based method [42]. As illustrated in Fig. 4, their
key distinction lies in how conditioning is implemented.

In the Diffusion-Prior-based framework, following
MindEye2 [32], a transformer-based diffusion model is
trained to map fMRI features to aligned CLIP vision tokens.
These tokens then serve as conditioning inputs to a frozen,
pretrained generative model (e.g., Versatile Diffusion[41])
to synthesize images. In contrast, the IP-Adapter-based
method employs a lightweight linear projection to convert
fMRI components into semantic tokens, which are injected
into the U-Net of Stable Diffusion through newly trained
cross-attention layers to guide image generation. We will
demonstrate that these two paradigms offer complementary
advantages in terms of fidelity.

During inference, we adopt an image-to-image setting ,
where the predictions from the low-level module are used as
the initial blur reconstructions , which can provide abundant
structure and pixel-wise information. Then the blur recon-
structions are refined with the pretrained diffusion model
under the guidance of fMRI components. The Image-to-
image strength is set to 0.75 in our experiments.

3.3. Transfer learning with limited samples

When data from a new subject are available, we first
freeze all pretrained parameters and train only new ROI-
embedders to extract ROI representations. Remarkably, this
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minimal adaptation already yields strong decoding accu-
racy. Further fine-tuning all relevant parameters for a few
steps consistently improves results. Our ROI-based model-
ing enables more stable cross-subject transfer by modeling
ROI functional correlation as a universal “brain grammar.”

4. Experiments
4.1. Data and Settings
NSD & GOD We employ the Natural Scenes Dataset
(NSD) [1] for pretraining. Following the standard proto-
col used in prior studies [25, 32, 37], we split the data
such that each subject has about 9,000 training images and
1,000 held-out test images. If not specially indicated, de-
coding performances are averaged across the four subjects
(1, 2, 5, and 7) who completed all 40 scanning sessions.
The dataset provides region-of-interest (ROI) masks; we
utilize the widely used vision-related ROIs: V1, V2, V3,
hV4, FFA, PPA, OPA, RSC, Early (early visual areas),
Middle (middle ventral stream), High (high-level ventral
stream), and General ( all task-relevant voxels). To evaluate
cross-dataset transferability, we adopt the Generic Object
Decoding (GOD) dataset [8]. Following established prac-
tice [3, 20, 43], we compare with previous works on subject
3 using the preprocessed ROIs from Kamitani et al. [11]:
V1, V2, V3, hV4, FFA, PPA, Early, High, and General.

Pretraining & Finetuning We adopt the pretraining pro-
tocol of MindEye2. Specifically, we pretrain on data from
seven subjects (excluding the held-out test subject) for
80,000 optimization steps with a total batch size of 630.
Subsequently, using extracted fMRI component tokens, we
pretrain a diffusion prior module for 80,000 steps and an
IP-Adapter for 200k steps. Finetuning on NSD follows a
two-stage strategy: (1) new ROI-Embedders are trained for
5,000 steps with all other modules frozen, followed by (2)
joint finetuning of all parameters for 5,000 steps. For trans-
fer to GOD, we first pretrain a decoding model on all 8 NSD
subjects and then apply a similar two-stage finetuning pro-
cedure. All training is conducted on a single NVIDIA H800
80Gb GPU, requiring approximately 30 hours for pretrain-
ing. Optimization uses AdamW [21] with weight decay of
0.1 for the ROI-Embedder and 0.01 for shared parameters.
Learning rates follow a OneCycle schedule [36], peaking at
1 × 10−4 during pretraining and 5 × 10−5 during finetun-
ing. Evaluation metrics (reconstruction and retrieval) are
implemented following MindEye2.

4.2. Decoding Results
In Fig. 5, we present a qualitative comparison of our method
against several recent approaches under the 1-hour data
adaptation setting. Quantitative results for image recon-
struction and 300-way retrieval on the NSD dataset(under

Figure 5. Visual comparison with recent approaches under the 1-
hour data transfer learning setting.

both 40-hour and 1-hour training regimes), and cross-
dataset transfer to GOD are summarized in Tab. 1.

Our method achieves competitive performance on both
NSD and GOD, not only in data-rich scenarios but also un-
der severely limited training data, demonstrating remark-
able robustness. Notably, our ROI-based approach at-
tains the highest low-level reconstruction fidelity across
both datasets while maintaining high-level semantic perfor-
mance on par with state-of-the-art methods. This suggests
that our model effectively captures fine-grained visual fea-
tures embedded in fMRI patterns, a capability we attribute
to the functional synergy learned through our sparse ROI
context fusion strategy.

Our results further reveal that IP-adapter–based meth-
ods inherently possess a higher upper bound for preserving
low-level visual details compared to diffusion-prior–based
approaches. However, due to the limited availability of
fMRI–image paired data, current IP-adapter instantiations
struggle to achieve high-level semantic fidelity, falling short
of diffusion-prior methods in this regard. These results may
provide references for future research about how to choose
appropriate conditional generation methods. Moreover, we
analyze the contribution of individual ROIs and find that in-
tegrating information across multiple regions improves de-
coding accuracy(See Section 4.3).

4.3. Ablation Study and Interpretability
The influence of ROI mask ratio We pretrain and fine-
tune decoding models with different ROI mask ratios. The
results are displayed in Fig 6, which shows that sparse ROIs
context fusion can fully leverage redundancy and correla-
tion between ROIs to improve decoding accuracy.

The MRL-like fMRI components In Tab. 2, we evalu-
ate the impact of the proposed MRL-inspired embedding
structure. The results show that this structured represen-
tation significantly enhances pixel-wise reconstruction and
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Table 1. Quantitative decoding results for image reconstruction and retrieval on the NSD and GOD datasets are reported. Results are
averaged across participants, except for Mind Reader[16], which was evaluated only on Subject 1. Results from related works are either
taken directly from their respective publications or reproduced using the authors’ released model weights. The “Upper Bound” denotes
performance when both training and testing are conducted on the test set, providing an empirical estimate of the theoretical decoding
ceiling for each method. Within each section, the best performance is highlighted in red, and the second-best in blue.

Methods Low- Level High-Level Retrieval

PixCorr↑ SSIM↑ Alex(2)↑ Alex(5)↑ Incep↑ CLIP↑ Eff↓ SwAV↓ Image↑ Brain↑
Results on NSD

Brain-diffuser[24] .254 .356 94.2% 96.2% 87.2% 91.5% .775 .423 21.1% 30.3%
BrainCLIP[19] - - - - 86.7% 94.8% - - 40.7% -
DREAM[40] .288 .338 93.9% 96.7% 93.7% 94.1% .645 .418 - -

MindBridge[39] .151 .263 87.7% 95.5% 92.4% 94.7% .712 .413 - -
PSYCHOMETRY[27] .297 .340 96.4% 98.6% 95.8% 96.8% .628 .345 - -

MindEye[31] .309 .323 94.7% 97.8% 93.8% 94.1% .645 .367 93.6% 90.1%
NeuroPictor[9] .229 .375 96.5% 98.4% 94.5% 93.3% .639 .350 - -

STTM[20] .333 .334 95.7% 98.5% 95.8% 95.7% .611 .338 92.8% 94.9%
MindEye2[32] .285 .389 96.3% 98.7% 95.4% 93.0% .619 .343 91.7% 97.4%
MindTuner[5] .322 .421 95.8% 98.8% 95.6% 93.8% .612 .340 98.9% 98.3%

NeuroSwift[44] .335 .437 96.5% 98.1% 95.4% 97.1% .615 .354 - -
ROITok(IP-Adapter) .475 .426 97.6% 98.7% 94.7% 92.9% .640 .388 98.7% 98.7%

ROITok(Diffusion Prior) .470 .351 98.0% 99.0% 95.7% 95.2% .605 .336 98.7% 98.7%

Upper Bound(IP-Adapter) .751 .468 100.0% 100.0% 99.8% 99.5% .410 .237 100.0% 100.0%
Upper Bound(Diffusion Prior) .743 .401 100.0% 100.0% 99.6% 99.6% .440 .234 100.0% 100.0%

Upper Bound(Low-level) .867 .592 99.6% 98.3% 72.4% 73.2% .940 .658 - -

MindEye(Low-level)[31] .360 .479 78.1% 74.8% 58.7% 59.2% 1.0 .663 - -
MindEye2(Low-level)[32] .399 .539 70.5% 65.1% 52.9% 57.2% .984 .673 - -

STTM-L[20] .383 .488 83.3% 86.0% 68.2% 67.1% .968 .647 - -
ROITok(Low-level) .549 .514 89.6% 83.0% 60.6% 61.9% .990 .647 - -

MindEye2(1h)[32] .195 .419 84.2% 90.6% 81.2% 79.2% .810 .468 79.0% 57.4%
MindTuner(1h)[5] .224 .420 87.8% 93.6% 84.8% 83.5% .780 .440 83.1% 76.0%

NeuroSwift(1h)[44] .253 .431 90.7% 94.1% 88.6% 85.9% .791 .453 - -
ROITok(1h, IP-Adapter) .341 .421 91.2% 94.7% 87.4% 84.0% .779 .484 86.9% 85.5%

ROITok(1h, Diffusion Prior) .303 .318 92.0% 95.0% 88.1% 87.6% .738 .424 86.9% 85.5%

Results on GOD

IC-GAN [25] .195 .386 88.1% 95.3% 85.8% 84.0% .855 .486 - -
MinD-Vis[3] .119 .390 82.8% 93.8% 81.0% 82.6% .833 .491 - -
CMVDM[43] .279 .454 88.4% 93.9% 81.6% 82.0% .810 .485 - -

STTM[20] .253 .367 92.0% 95.6% 81.3% 87.0% .870 .505 - -
ROITok(IP-Adapter) .321 .422 90.5% 92.9% 76.0% 82.6% .867 .534 - -

ROITok(Diffusion Prior) .308 .381 93.6% 96.8% 82.7% 83.4% .848 .507 - -

also yields consistent improvements in retrieval tasks. Fur-
thermore, Fig. 7 illustrates the contribution of each compo-
nent tokens, which shows that earlier tokens encode sub-
stantially more visually informative content than later ones.

The influence of our two-stage finetuning strategy In
Tab. 2, we compare different fine-tuning strategies using 1-
hour NSD data. As the results show, if we directly fintune
all parameters, the performances are significantly worse.
The optimal approach is to first train the ROI embedders
while keeping the pretrained modules frozen, followed by
full fine-tuning with all parameters unfrozen.

Table 2. Ablation studies on the MRL-like embedding architecture
and fine-tuning strategies, with results averaged across subjects.

Methods Low- Level Recons Retrieval

PixCorr↑ SSIM↑ Alex(2)↑ Alex(5)↑ Image↑ Brain↑
ROITok(40h,w/o MRL-like) .426 .493 85.8% 81.8% 97.3% 98.2%

ROITok(40h,MRL-like) .549 .514 89.6% 83.0% 98.7% 98.7%

ROITok(1h, single stage) .239 .478 63.9% 62.4% 66.1% 71.9%
ROITok(1h,stage 1) .337 .488 71.3% 66.9% 82.1% 81.4%
ROITok(1h, stage 2) .365 .489 75.8% 71.1% 86.9% 85.5%

How robust fMRI decoding is against noises In Fig. 8,
we evaluate the 1000-way retrieval accuracy of our method
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Figure 6. Ablation study on the ROI masking ratio during train-
ing using 40-hour data from subject 1 of NSD. 1000-way image
retrieval and low-level reconstruction performances are provided.

Figure 7. Contribution of each MRL-like fMRI components for
vision decoding on NSD(40h data, subject 1). We only show the
first 6 components.

Figure 8. The average accuracy of 1000-way retrieval under differ-
ent noise levels. The diffusion process undergoes a cosine sched-
ule with βmax = 0.5. Note that when T = 900, SNR = 0.182
(against 48488 for T = 0), even though the fMRI patterns are
badly noised, they still contain a lot of visual information.

and MindEye2 under increasing levels of synthetic noise.
Following a cosine noise schedule (with maximum βt =
0.5), we progressively corrupt test fMRI patterns with ad-
ditive Gaussian noise. Remarkably, both models remain
robust: even at T = 900 (signal-to-noise ratio ≈ 0.182),
they recover meaningful information. This suggests that
multivoxel fMRI representations encode information re-
dundantly across large-scale spatial configurations, making
them resilient to severe signal degradation. We note that the
added noise is synthetic and does not model physiological
noise sources (e.g., cardiac or motion artifacts). Neverthe-
less, the observed robustness implies that decoding systems
may tolerate realistic fMRI noise to some extent, particu-
larly when it manifests as reduced SNR. This insight might
inform future fMRI data augmentation strategies.

How different ROIs contribute to vision decoding In
Fig. 9, we quantitatively assess the contribution of different
ROIs to decoding performance. The results show that early
visual areas alone already provide substantial information.
Notably, for 1000-way retrieval, combining “V1–hV4’ and
”Early” tokens outperforms using either “Early” alone or
“V1–hV4” tokens (87.9% vs. 83.5% and 86.4%, in 40h set-
ting). Similarly, using all ROIs yields higher accuracy than
relying solely on the “General” token (97.3% vs. 96.2%).
Accuracy consistently increases with the number of ROIs
included, similar trend appears in both reconstruction and
retrieval performance, suggesting that separating and re-
integrating ROI-specific information enhances decoding ro-
bustness. We further test ROITok on synthetic fMRI pat-
terns: for each target ROI, we generate an artificial acti-
vation map by sampling from N (2, 0.52) and masking all
other regions. As shown in Fig. 9(c), reconstructions align
semantically with each ROI’s known function: FFA pro-
duces faces; OPA evokes local scenes (e.g., kitchen cor-
ners); PPA generates large-scale environments (e.g., hotel
lobbies); and RSC produces navigable corridors. Recon-
structions from early visual areas (V1–hV4) exhibit a hier-
archical progression, from edges and textures to complex
semantic content. These results confirm ROITok’s biologi-
cally plausible decoding behavior and highlight its potential
for probing neural representations.

Representational similarity between ROIs Our method
provides a framework for interpreting the brain’s visual or-
ganization. Using ROI tokens extracted from NSD test set,
we perform representational similarity analysis(RSA) [12],
shown in Fig. 2. The similarity matrix reveals a clear hierar-
chy: V1–V3 are highly similar to each other but show low
similarity with higher-order regions like PPA, FFA, RSC.
Notably, similarity with “High” increases along the ven-
tral stream, from 0.22 in V1 to 0.51 in hV4, reflecting a
progressive abstraction of visual representations, consistent
with the established view of increasing invariance and se-
mantic specificity along the visual hierarchy.

Probing Cross-Subject Alignability of ROIs We as-
sessed the cross-subject alignability of ROIs via RSA on
ROI tokens from the NSD test set, under two conditions
(within the same decoding model and across different mod-
els) with RSA values averaged over four test subjects’ pair-
wise combinations. As shown in Fig. 10, the “General”
token has the highest within-model alignability, while the
high-level ventral stream shows the strongest cross-model
consistency. Notably, higher-order category-selective re-
gions (PPA, FFA, OPA) consistently show greater cross-
subject alignability than early visual areas (V1–V3) under
both conditions, in line with their level of semantic ab-
straction. In addition, ROI size (number of voxels) can
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Figure 9. ROI-based decoding performance analysis. When a single ROI or a group of ROIs is selected, all other regions are masked. (a)
evaluate the contribution of each ROI and some combination of ROIs on 1000-way retrieval task. Results are averaged across subjects. (b)
evaluate the contribution of each ROI on low-level reconstruction. c) Examples for decoding with synthetic fMRI patterns. For each output
image, only the target ROI is activated and sampled from N (2, 0.52) . These results reveal that ROITok successfully reflect the functional
specificity of each brain region and that different ROIs provide complementary contexts for decoding tasks.

Figure 10. We employ representational similarity analysis(RSA)
to quantify the cross-subject alignability of ROIs.

also modulate alignability: the “Early” ROI (combining
V1-V3) shows greater cross-subject alignability than each
individual area in both settings, suggesting that aggregat-
ing responses across a large, functionally coherent voxel
population stabilizes representational geometry by mitigat-
ing idiosyncratic noise or anatomical variability. However,
greater alignability does not always correlate with better de-
coding performance: PPA, FFA, and ”High” ROI tokens,
despite strong cross-subject alignment, have lower image
retrieval accuracy than V1-V3. This dissociation indicates
higher-order regions may lack fine-grained visual detail for
high-fidelity image decoding. Finally, this RSA only quan-

tifies alignability under linear transformations; non-linear
correspondences between subjects’ neural representations
may exist but remain undetected.

5. Conclusion

We propose ROITok, a neuroscientifically grounded frame-
work that constructs a shared feature space structured by the
functional specificity of brain ROIs. By integrating sparse
ROI context fusion and an MRL-inspired embedding com-
pression strategy, ROITok captures inter-regional functional
correlations and hierarchically organizes representations ac-
cording to information saliency. Evaluated on the NSD and
GOD benchmarks, ROITok achieves state-of-the-art cross-
subject transfer performance in both data-rich and few-shot
settings, while offering high interpretability. This alignment
of AI representations with the brain’s functional organiza-
tion paves the way for more explainable and generalizable
brain–computer interfaces, as well as structured, region-
level neural analysis. Further, our work and prior studies
suggest the possible existence of an optimal shared feature
space that can be aligned across subjects using simple trans-
formations. ROITok provides a promising direction, but its
performances are not perfect yet. In future work, we will
continue to enhance this shared space.
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