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Abstract

Deciphering visual content from fMRI sheds light on the hu-
man vision system, but data scarcity and noise limit brain de-
coding model performance. Traditional approaches rely on
subject-specific models, which are sensitive to training sam-
ple size. In this paper, we address data scarcity by propos-
ing shallow subject-specific adapters to map cross-subject
fMRI data into unified representations. A shared deep decod-
ing model then decodes these features into the target feature
space. We use both visual and textual supervision for multi-
modal brain decoding and integrate high-level perception de-
coding with pixel-wise reconstruction guided by high-level
perceptions. Our extensive experiments reveal several inter-
esting insights: 1) Training with cross-subject fMRI benefits
both high-level and low-level decoding models; 2) Merging
high-level and low-level information improves reconstruction
performance at both levels; 3) Transfer learning is effective
for new subjects with limited training data by training new
adapters; 4) Decoders trained on visually-elicited brain activ-
ity can generalize to decode imagery-induced activity, though
with reduced performance.

Code — https://github.com/YulongBonjour/STTM

Introduction
Vision decoding from brain activity enables the inference of
mental states and cognitive processes, aiding neuroscience
development and potentially advancing brain-inspired artifi-
cial intelligence and brain-computer interfaces. To this end,
functional Magnetic Resonance Imaging (fMRI) data are
widely used as a non-invasive approach to capture brain ac-
tivity. Recent years have witnessed great progress in fMRI-
based vision decoding with the rapid development of Deep
Learning and generative models(Ozcelik and VanRullen
2023; Liu et al. 2023; Scotti et al. 2023).

Despite significant progress, the subject-specific nature
of most previous methods limits the models’ generalization
ability. Because collecting fMRI data is costly and prone to
physiological noise, resulting in limited, low signal-to-noise
samples per participant. Moreover, due to inter-individual
variability in brain structure, models built from scratch for

*Corresponding Author
Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

each new subject will lead to significant variability in results.
While large datasets like the NSD dataset(Allen et al. 2022)
have yielded exciting results, training models from scratch
on smaller datasets remains vulnerable to overfitting.

Recent research shows that coarse-grained response to-
pographies are highly similar across subjects, suggesting
that individual idiosyncrasies are reflected in more nuanced
response patterns(Chen et al. 2015; Güçlü and van Ger-
ven 2017; Khosla et al. 2020). This indicates that decoding
models can share representational spaces across subjects, re-
ducing the challenges of limited per-subject data. Building
on this insight, we propose a neural decoding model with
shared decoding modules to capture common response pat-
terns, and subject-specific adapters to accommodate individ-
ual biases. This approach allows for the integration of data
from multiple subjects, viewing the same or different im-
ages, to learn general brain response patterns while captur-
ing meaningful individual-level variations.

Our framework, called STTM, is shown in Figure 1. In-
spired by bottom-up and top-down cognitive processes in
the human brain (Katsuki and Constantinidis 2014; Miller
1999), STTM includes a high-level pipeline (STTM-H)
that captures semantic perceptions and a semantic-guided
low-level pipeline (STTM-L) focused on pixel-wise recon-
struction, matching the original images’ low-level features
like color, texture, and spatial position. Both pipelines use
subject-specific adapters to transform cross-subject inputs,
with shared decoding modules processing the extracted fea-
tures. The high-level pipeline aligns fMRI patterns with
CLIP visual tokens using contrastive learning and a diffu-
sion prior (Ramesh et al. 2022). It also aligns fMRI data
with textual descriptions, allowing the model to handle mul-
timodal brain decoding tasks. The low-level pipeline maps
fMRI data onto the latent space of Stable Diffusion’s VAE
(Rombach et al. 2022) to generate initial blurry reconstruc-
tions. To improve pixel-wise reconstruction, we use the se-
mantic features from the high-level pipeline to guide the
low-level pipeline. Final reconstructions are produced by
combining outputs from both pipelines in an img2img set-
ting using Versatile Diffusion(Meng et al. 2022; Xu et al.
2023).

In this study, we conduct two types of experiments: 1)
Model pre-training and testing using data from four subjects
(1, 2, 5, 7) in the Natural Scenes Dataset (NSD); and 2)

The Thirty-Ninth AAAI Conference on Artificial Intelligence (AAAI-25)

5730



Figure 1: Overview of our STTM framework, which consists of a high-level perception decoding pipeline and a pixel-wise
reconstruction pipeline(low-level pipeline). The two pipelines are trained sequentially. The high-level pipeline guides the pixel-
wise reconstruction pipeline. The final reconstructions are generated in an img2img setting(Meng et al. 2022) using versatile
diffusion model(Xu et al. 2023). Subject adapters transform cross-subject fMRI data into a unified feature space for the two
pipelines. Transfer learning can be conducted by training new adapters for new subjects.

Transfer learning on the Generic Object Decoding (GOD)
Dataset (Horikawa and Kamitani 2017), which has much
fewer training samples per subject and is tested under a zero-
shot setting. Our contributions are summarized as follows:
• To address the scarcity of fMRI data, we propose an

adapter-based method to pre-train and fine-tune brain
decoding models with cross-subject fMRI data. To our
knowledge, this work is one of the earliest using this
method, a concurrent work is MindEye2(Scotti et al.
2024).

• We identify the importance of the interaction between
high-level and low-level perceptions for reconstruction
performance and propose utilizing high-level perceptions
to guide pixel-wise reconstruction.

• Our experiments demonstrate that the decoders trained
on visual stimuli-evoked brain activity can generalize to
decode imagery-induced brain activity but with reduced
performance. This work is also the first one to generate
high-resolution reconstructions of imagined objects.

• We open source a versatile brain decoding model with
good transferability and high performance on a wide
range of tasks, which may facilitate future multi-model
brain decoding research.

Related Work

Visual Stimulus Decoding from FMRI. Early brain de-
coding studies primarily used linear models to map fMRI
data onto an intermediate feature space for decoding basic
visual attributes such as spatial position, orientation, and im-
age categories(Thirion et al. 2006; Haynes and Rees 2005;
Kamitani and Tong 2005; Cox and Savoy 2003; Haxby et al.
2001). With advances in deep learning and generative mod-
els, researchers began using CNNs, GANs, and diffusion
models to reconstruct visual stimuli, resulting in more se-
mantically accurate and faithful reconstructions(Shen et al.
2019; Beliy et al. 2019; Ren et al. 2021; Ozcelik et al. 2022;
Lin, Sprague, and Singh 2022; Liu et al. 2023; Ozcelik and
VanRullen 2023; Scotti et al. 2023; Ma et al. 2024). The
emergence of models like CLIP(Radford et al. 2021) and re-
lated ones, such as Stable Diffusion(Rombach et al. 2022)
and Versatile Diffusion(Xu et al. 2023), further advanced
decoding approaches. Recent methods have integrated con-
trastive learning between fMRI data and CLIP model fea-
tures, followed by reconstruction using diffusion models or
GANs. For example, Mind-Reader(Lin, Sprague, and Singh
2022) and BrainCLIP(Liu et al. 2023) used the CLS to-
ken from CLIP’s visual and textual encoder for global su-
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pervision, while MindEye(Scotti et al. 2023) leveraged all
257 tokens from CLIP’s visual encoder’s last hidden layer,
highlighting the benefits of fine-grained supervision for re-
trieval and reconstruction. In this paper, we propose com-
bining global visual-linguistic contrastive learning with fine-
grained visual contrastive learning to enhance multi-modal
brain decoding. We also emphasize the importance of the
interaction between bottom-up and top-down processes for
stimulus reconstruction.

Mental Imagery and Visual Perception Mental imagery,
the ability to create images in the mind without external
stimuli, often produces weaker or less vivid images than
those triggered by sensory input, yet both rely on the vi-
sual system(Dijkstra et al. 2018). Studies have found that
around two-thirds to over 90% of brain regions involved
in visual perception are also activated during mental im-
agery(Kosslyn, Thompson, and Alpert 1997; Kosslyn et al.
1999; Ganis, Thompson, and Kosslyn 2004; Lee, Kravitz,
and Baker 2012). Thus, decoding the information in the vi-
sual cortex can help visualize the mental imagery process.

FMRI Foundation Models for Visual Decoding. While
traditional brain decoding methods focused on subject-
specific pipelines, recent efforts aim to develop fMRI foun-
dation models by pretraining on large-scale data from di-
verse subjects to capture generalizable neural represen-
tations. Chen et al. (2023) used masked brain modeling
(MBM) to transform fMRI series into embeddings. Malkiel
et al. (2022) applied self-supervised techniques, including
MBM, for audio-evoked fMRI data. Qian et al. (2023) con-
verted fMRI signals into unified 2D representations using
anatomical information, maintaining consistency across in-
dividuals while preserving distinct brain patterns. These pre-
trained models still require fine-tuning for individual sub-
jects to account for biological nuances in visual stimuli
generation. In our approach, instead of using a single net-
work for cross-subject fMRI data, we train shallow, subject-
specific adapters alongside a shared deep decoding network,
enabling transfer learning by training new adapters for new
subjects.

Method
Cross-Subject High-Level Perceptions Decoding
Our high-level pipeline captures semantic perceptions from
fMRI data, aligning it with visual and textual modalities.
This versatility supports tasks such as fMRI-to-image re-
trieval, fMRI-to-text retrieval, zero-shot classification, and
fMRI-to-image generation.

High-Level Model Architecture The high-level model
translates fMRI data into CLIP embedding space and
includes several components: shallow subject-specific
adapters, a shared MLP backbone with 4 residual blocks,
a tokenization module, a diffusion prior module, and an
MLP projector. Subject adapters use a linear projection and a
residual block to align fMRI data across subjects into a uni-
fied feature space. The shared MLP backbone refines these
features into a higher-level space. The tokenization module
converts features into 257 fine-grained tokens. Tokens are

processed in parallel by an MLP projector and a diffusion
prior module. The model is trained end-to-end with MSE
loss for the diffusion prior and bidirectional contrastive loss
for the projector. Projector outputs support retrieval tasks,
while diffusion prior outputs guide image generation using
a pre-trained versatile diffusion model (Xu et al. 2023). Un-
less stated otherwise, we use the CLIP ViT/L-14 model.

Global Visual-Linguistic Contrastive Learning & Fine-
Grained Visual Contrastive Learning Previous studies
indicate that contrastive learning generates robust fMRI rep-
resentations. Notably, BrainCLIP enhances reconstruction
by using global embeddings from both CLIP’s visual and
textual encoders (Liu et al. 2023). MindEye utilizes all
257 CLIP visual tokens, demonstrating the advantages of
fine-grained supervision for image retrieval and reconstruc-
tion (Scotti et al. 2023). To further improve brain decod-
ing across visual and textual modalities, we propose com-
bining global visual-linguistic contrastive learning (GVLC)
with fine-grained visual contrastive learning (FVC). Specif-
ically, FVC contrasts the 257 flattened and L2-normalized
CLIP visual tokens (Vf ) with the corresponding projected
Brain tokens (Bf ) from the MLP projector,

LFV C = Contrast(Vf , Bf ). (1)

And the GVLC is applied to the CLS token(BCLS) of the
Brain tokens by combine the supervision from CLIP visual
and textual CLS token(VCLS and TCLS), i.e.,

LGV LC =
1

2
[Contrast(VCLS , BCLS) (2)

+Contrast(TCLS , BCLS)].

Two kinds of contrastive loss are used in this work. For the
first 35% of total epochs, we use the BiMixCo loss(Scotti
et al. 2023), which applies the Mixup technique to train
models on synthetic fMRI data generated by combining two
fMRI-stimulus pairs, addressing data scarcity for a single
subject. For the remaining epochs, we switch to the Soft-
CLIP loss(Scotti et al. 2023), which uses batch-wise visual
CLIP embedding similarity instead of one-hot labels as the
target. Both losses are bidirectional (see Appendix for de-
tails).

Efficient Diffusion Prior Learning Contrastive learning
yields disjoint fMRI embeddings, known as the ”Modality
Gap”(Liang et al. 2022). To reconstruct images, we train a
diffusion prior proposed in DALL-E2(Ramesh et al. 2022)
to produce aligned CLIP embeddings from the outputs of
the MLP backbone. These embeddings can serve as inputs
to any pre-trained image generation model accepting CLIP
image embeddings. MindEye applied a similar approach
to map fMRI to CLIP image embeddings, predicting de-
noised CLIP tokens from brain and noise tokens. However,
its encoder-only transformer architecture requires significant
memory for long sequences. To reduce memory usage, we
use a 6-layer transformer decoder for the diffusion prior.

The diffusion prior receives three token types: brain to-
kens, noisy CLIP visual tokens, and a time token. Brain to-
kens serve as keys and values for cross-attention modules
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Figure 2: Reconstruction examples for subject 1 in the NSD dataset. The ”Low reconstructions” are from the low-level pipeline
and the ”final reconstructions” are obtained in the img2img (Meng et al. 2022) setting.

in the transformer decoder after adding positional embed-
dings. The time token and noisy CLIP visual tokens are con-
catenated as queries, with positional embeddings added to
the latter. The diffusion prior module are trained to output
denoised CLIP tokens, utilizing the same diffusion loss as
Ramesh et al(Ramesh et al. 2022). Inspired by the success
of masked autoencoder(He et al. 2022), we propose training
the diffusion prior with only a small part(e.g., 35% ) of the
predicted Brain tokens. This further reduces memory usage,
allowing training on accelerators with just 16GB memory.

Our total end-to-end loss for the high-level pipeline is de-
fined as:

Lhigh = α(LFV C + βLGV LC) + (1− α)Lprior. (3)

In our experiments, we set β to 0.4 and employ random
weighting(Lin et al. 2022) between the contrastive losses
and the diffusion prior loss.

Cross-Subject Pixel-Wise Reconstruction with
High-Level Perception Guidance
Our pixel-wise reconstruction pipeline focuses on recov-
ering low-level image details, such as texture and bound-
aries, that may be missing from CLIP visual and tex-
tual tokens. As shown in Figure 1, this pipeline combines
bottom-up processing with top-down feedback mechanisms.
It includes shallow, subject-specific adapters followed by
a shared residual MLP backbone. The outputs from this
backbone are enhanced with semantic information from the
high-level pipeline, with the two sets of information added
together. The merged features are processed by a resid-
ual block and up-sampled to the latent space of Stable-
diffusion’s VAE via a CNN. We use L1 loss during training.
To maximize the use of both high-level and bottom-up infor-
mation, we introduce a mechanism where, in 30% of train-
ing steps, the semantic feedback is replaced with a learnable
embedding vector. Additionally, in 25% of steps, the low-
level pipeline outputs are replaced with another learnable
embedding vector. After training, the VAE decoder gener-
ates blurry reconstructions from the predicted latent embed-

dings, which serve as initial states for the versatile diffusion
model.

Transfer Learning for New Subjects
Collecting large-scale training data for each new subject is
challenging. To address this, we propose an adapter-based
approach that leverages general knowledge from cross-
subject fMRI patterns to improve decoding performance for
new subjects with limited data. Our method involves freez-
ing the pre-trained shared decoding modules and training a
shallow adapter for each pipeline, aligning the new subject’s
fMRI data with the unified feature space. The training objec-
tive remains consistent with the pre-training stage. Once the
subject adapter is trained, both the adapter and MLP back-
bone are frozen, and we fine-tune the remaining modules to
better align the fMRI patterns with the target domain.

Experimental Results
Datasets and Setting
Datasets For cross-subject pre-training and evaluation we
use the Natural Scenes Dataset (NSD) dataset(Allen et al.
2022), which is currently the largest neural imaging dataset
for data-driven brain decoding. Following common prac-
tices, our research uses data from 4 subjects(1,2,5,7), who
completed all the scan sessions. We used the NSDGen-
eral ROI mask at 1.8 mm resolution to derive ROIs for
the 4 subjects, spanning visual areas from early to higher
visual cortex. Corresponding captions were extracted from
the COCO dataset. We then conduct transfer learning on
the GOD dataset(Horikawa and Kamitani 2017), which has
much fewer training samples for each subject and is under
a zero-shot setting. Following previous works(Chen et al.
2023; Zeng et al. 2024), we mainly use the data of subject
3 in GOD for comparison. We use preprocessed regions of
interest (ROIs)1 that cover voxels from early to higher visual
areas. The GOD dataset provides both stimulus-evoked and

1Preprocessed data and demo code available at http://brainliner.
jp/data/brainliner/Generic Object Decoding
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Methods Low- Level High-Level Retrieval

PixCorr↑ SSIM↑ Alex(2)↑ Alex(5)↑ Incep↑ CLIP↑ Eff↓ SwAV↓ Image↑ Text@5↑ Brain↑
Mind Reader(Lin, Sprague, and Singh 2022) - - - - 78.2% - - - 11.0% - 49.0%

Takagi et al.(2022) - - 83.0% 83.0% 76.0% 77.0% - - - - -
Gu et al.(2023) .150 .325 - - - - .862 .465 - - -

Brain-diffuser(Ozcelik and VanRullen 2023) .254 .356 94.2% 96.2% 87.2% 91.5% .775 .423 21.1% - 30.3%
BrainCLIP(Liu et al. 2023) - - - - 86.7% 94.8% - - 40.7% 31.1% -

fMRI-PTE (MG)(Qian et al. 2023) .131 .112 78.1% 88.6% 84.1% 82.2% .837 .434 - - -
DREAM(Xia et al. 2024) .288 .338 93.9% 96.7% 93.7% 94.1% .645 .418 - - -

MindBridge(Wang et al. 2024) .151 .263 87.7% 95.5% 92.4% 94.7% .712 .413 - - -
NeuroPictor(Huo et al. 2025) .229 .375 96.5% 98.4% 94.5% 93.3% .639 .350 - - -

PSYCHOMETRY(Quan et al. 2024) .297 .340 96.4% 98.6% 95.8% 96.8% .628 .345 - - -
MindEye(Scotti et al. 2023) .309 .323 94.7% 97.8% 93.8% 94.1% .645 .367 93.6% - 90.1%

MindEye-BOI(Kneeland et al. 2023) .259 .329 93.9% 97.7% 93.9% 93.9% .645 .367 - - -
MindEye2(Scotti et al. 2024) .322 .431 96.1% 98.6% 95.4% 93.0% .619 .344 98.8% - 98.3%

STTM(Ours) .333 .334 95.7% 98.5% 95.8% 95.7% .611 .338 92.8% 41.3% 94.9%

MindEye(High-level)(Scotti et al. 2023) .194 .308 91.7% 97.4% 93.6% 94.2% .645 .369 93.6% - 90.1%
STTM-H(Ours) .209 .276 91.5% 97.8% 95.4% 95.6% .612 .344 92.8% 41.3% 94.9%

MindEye(Low-level)(Scotti et al. 2023) .360 .479 78.1% 74.8% 58.7% 59.2% 1.0 .663 - - -
MindEye2(Low-level)(Scotti et al. 2024) .399 .539 70.5% 65.1% 52.9% 57.2% .984 .673 - - -

STTM-L(Ours,with guidance) .383 .488 83.3% 86.0% 68.2% 67.1% .968 .647 - - -

Table 1: Quantitative comparison of reconstruction and retrieval performance. All results are averaged across the same 4 partic-
ipants, except Lin et al.(Lin, Sprague, and Singh 2022) which only analyzed Subject 1. We use the same evaluation metrics(See
Appendix for metric details) and the same image preprocessing as Brain-diffuser(Ozcelik and VanRullen 2023) and Mind-
Eye(Scotti et al. 2023). Bold indicates best performance within sections.

imagery-induced fMRI data. Corresponding captions can be
obtained from the GOD-Cap dataset(Liu et al. 2023). More
details can be found in the Appendix.

Implementation Details Our models are trained and
tested on 8 Hygon DCUs with 16GB HBM2 memory. Us-
ing data from 4 NSD subjects, we pre-train the high-level
pipeline for 280 epochs and the low-level pipeline for 540
epochs, both with a global batch size of 192. For the high-
level pipeline on the GOD dataset, we first train a new sub-
ject adapter for 4,500 epochs with a global batch size of
880, while keeping the pre-trained parts frozen. Afterward,
we freeze the adapter and MLP backbone, and fine-tune the
remaining parts for 400 epochs with a batch size of 600.
Similarly, for the low-level pipeline, we train a new sub-
ject adapter for 5,000 epochs with a batch size of 192, then
freeze the adapter and MLP backbone, and fine-tune the rest
for 800 epochs.We optimize using AdamW(Loshchilov and
Hutter 2019) with β1 = 0.9, β2 = 0.999, and ϵ = 10−8.
We apply the OneCycle learning rate schedule(Smith and
Topin 2019) with a maximum learning rate of 0.0005. For
reconstruction evaluation metrics, we use MindEye’s imple-
mentation. Further details are available in our code.

Decoding Performance on NSD
FMRI-to-Image Reconstruction on NSD For each test
brain sample, we generate 16 CLIP image embeddings us-
ing the diffusion prior and then process them through the
image variations pipeline of Versatile Diffusion. We start the
denoising process with the blurry reconstruction from our
low-level pipeline, using 20 timesteps and UniPCMultistep
noise scheduling(Zhao et al. 2024), resulting in 16 recon-
structions per sample. We then select the best reconstruction
using our retrieval branch. Figure 2 shows reconstruction ex-
amples from the NSD dataset. The low-level reconstructions

capture details like position and color distribution, while the
final reconstructions improve the semantic recognizability
of the initial blurry images. Table 1 quantitatively compares
our method with recent works on the NSD dataset. Our ap-
proach competes favoritely against recent works across var-
ious metrics, with STTM-L notably surpassing MindEye
(Low-level) and MindEye2 (Low-level) on most metrics.
Note that MindEye2 is pre-trained with data from 7 subjects,
whereas STTM-L is trained with data from only 4 subjects
who completed all sessions.

The img2img strength used for the results in Table 1 is
0.3, and we have tested with other values, obtaining robust
performances (see Appendix).

Brain-Image/Text Retrieval on NSD For image and text
retrieval, we aim to match the correct image or text to a given
fMRI pattern from multiple candidates. In image retrieval,
we compute the cosine similarity between the flattened and
normalized 257 tokens of a brain sample and each of 300
randomly selected images from the test set. This is repeated
for each of the 982 brain samples in the test set, and the
overall accuracy is averaged across 30 iterations to account
for batch sampling variability. In text retrieval, each fMRI
pattern is matched against all 982 image captions by calcu-
lating the cosine similarity between the CLS token of the
fMRI pattern and the CLS tokens of the candidate captions.
For brain retrieval, we use a similar procedure to image re-
trieval but swap images and brain samples to find the corre-
sponding brain sample for a given image among 300 brain
samples.

Table 1 compares our method with previous works across
these retrieval tasks, reporting top-1 accuracy for image and
brain retrieval, and top-5 accuracy for text retrieval due to
similar captions for some test images. Our method shows
strong generalization across all retrieval tasks.
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Figure 3: Reconstruction examples for mental imagery and visual stimuli. There is no ground truth for imagery data, we provide
a reference image(left) for each imagery reconstruction(right) in sub-figure(a). For visual stimulus reconstruction, we display a
pixel-wise reconstruction and a final reconstruction for each sample.

Methods Low- Level High-Level

PixCorr↑ SSIM↑ Alex(2)↑ Alex(5)↑ Incep↑ CLIP↑ Eff↓ SwAV↓
IC-GAN(Sub3) (Ozcelik et al. 2022) .195 .386 88.1% 95.3% 85.8% 84.0% .855 .486
MinD-Vis(Sub3)(Chen et al. 2023) .119 .390 82.8% 93.8% 81.0% 82.6% .833 .491
CMVDM(Sub3)(Zeng et al. 2024) .279 .454 88.4% 93.9% 81.6% 82.0% .810 .485

STTM-H(Ours,Sub3) .133 .328 87.9% 93.3% 79.7% 86.4% .851 .521
STTM-L(Ours,Sub3) .322 .501 90.3% 92.7% 66.8% 58.2% .954 .704
STTM(Ours,Sub3) .253 .367 92.0% 95.6% 81.3% 87.0% .870 .505

Table 2: Evaluation of stimulus reconstruction on GOD. Our results are obtained by transfer learning. The results for Mind-Vis
and CMVDM are calculated based on their reported reconstructions, while the results for IC-GAN are obtained by rerunning
its model with provided weights.

Transfer Learning on GOD
We assess the transfer learning outcomes through two tasks:
the zero-shot classification task and the image reconstruc-
tion task. We test with both stimulus-evoked and imagery-
induced brain activities to assess whether our decoders,
originally trained on brain activity induced by visual stim-
uli, possess the capability to generalize to decode imagery-
induced brain activity.

Imagery & Stimulus Reconstruction on GOD In Fig-
ure 3, we present visualizations for mental imagery(a) and
stimulus reconstructions(b). Note that the imagery data were
gathered while subjects were freely imagining objects cued
by text, with their eyes closed. Thus, there are no ground-
truth images. We provide each category name with a refer-
ence image(on the left) and a generated image(on the right).
As we can see, the reconstructed imagery and the reference
images show a strong correlation in certain attributes, such
as the decoded results accurately indicating whether the cor-

Methods Prompt top-1 top-5

CADA-VAE (Schonfeld et al. 2019) - 17.7 53.3
MVAE (Wu and Goodman 2018) - 17.1 52.5

MMVAE (Shi et al. 2019) - 22.1 56.3
MoPoE-VAE (Sutter, Daunhawer, and Vogt 2021) - 22.7 61.8

BraVL (Du et al. 2023) - 24.0 62.1
BrainCLIP-VAE(Liu et al. 2023) Text 20.0 58.0
BrainCLIP-VAE (Liu et al. 2023) CoOp 21.33 64.7

STTM-H(Ours) Text 25.6±1.96 68.0±1.79

STTM-H(imagery decoding) Text 12.0±1.79 36.4±1.50

Table 3: Zero-shot classification results for the visual stim-
uli decoding(top section) and imagined objects decod-
ing(bottom section). There are 50 classes in total, thus the
chance levels for top-1 and top-5 accuracy are 2.0% and
10.0%, respectively. These results are for subject 3 of GOD.
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Methods Low- Level High-Level

PixCorr↑ SSIM↑ Alex(2)↑ Alex(5)↑ Incep↑ CLIP↑ Eff↓ SwAV↓
STTM-L(Sub1, I) .417 .487 87.9% 87.8% 63.2% 62.8% .980 .664
STTM-L(Sub1, II) .422 .490 89.1% 89.0% 64.8% 63.6% .974 .664

STTM-L(Sub1, III, w/o guidance) .440 .498 84.5% 83.3% 64.6% 63.3% .981 .639
STTM-L(Sub1, III) .445 .498 87.4% 88.6% 67.8% 68.2% .964 .644
STTM-H(Sub1, I) .150 .266 83.6% 92.7% 91.4% 91.2% .710 .392

STTM-H(sub1,III, w/o GVLC) .214 .276 92.4% 98.3% 95.6% 95.6% .606 .342
STTM-H(Sub1, III) .221 .278 92.6% 98.3% 96.0% 96.3% .599 .332

Table 4: Ablation studies were conducted on subject 1 of NSD. Condition I means both STTM-L and STTM-H are trained with
single-subject data. Condition II means STTM-L is trained with single-subject data, while STTM-H uses cross-subject data.
Condition III represents both models are trained with cross-subject data.

responding target category is animate or inanimate. Notably,
our work is the first to generate high-resolution reconstruc-
tions of mental imagery.

We also quantitatively evaluate visual stimulus recon-
struction performance in Table 2. Our low-level pipeline ex-
cels in PixCorr and SSIM, two pixel-wise metrics. Our final
reconstruction performs well compared to previous state-
of-the-art methods. Notably, Mind-Vis(Chen et al. 2023),
which is also a pretraining-based decoding method, is out-
performed by our method on most metrics. This suggests
that our approach is a promising alternative for pre-training
fMRI models.

Zero-Shot Classification on GOD by Prompting STTM
leverages CLIP’s well-aligned embedding space for zero-
shot visual content classification by comparing the embed-
dings of the CLS token from Brain tokens with the classi-
fication weights generated by CLIP’s text encoder. The text
encoder uses textual prompts like ”a photo of a [CLASS],”
where [CLASS] is replaced by the specific class name. We
use the same text prompts as BrainCLIP.

Table 3 presents results for visual stimulus and imagery
classification. Decoders trained on visual stimulus-induced
brain activity demonstrate the capacity to generalize to
imagery-induced brain activity but with reduced accuracy.
This indicates some transferability between the two types of
brain activity but also highlights the unique challenges of
decoding imagery-induced brain activity.

Ablations
In Table 4, we present ablation studies conducted on Sub-
ject 1’s data from NSD, focusing on three types of ex-
periments regarding the source of training data. In Type I,
both STTM-L and STTM-H are trained with single-subject
data. In Type II, STTM-L is trained with single-subject data,
while STTM-H uses cross-subject data. In Type III, both
models are trained with cross-subject data. We also assess
the impact of high-level perception guidance on STTM-L
and the effect of global vision-linguistic contrastive learning
on STTM-H. These results lead to the following insights:

Cross-subject fMRI training enhances both STTM-L
and STTM-H. A potential explanation is that training

with cross-subject fMRI data improves model generalizabil-
ity by exposing the shared decoding model to a more diverse
data distribution, allowing it to extract essential fMRI fea-
tures more effectively.

Interaction between high-level and low-level perception
matters, and better high-level guidance leads to bet-
ter low-level reconstructions. Integrating high-level per-
ception guidance boosts the performance of our low-level
pipeline across nearly all metrics. Better high-level guidance
leads to a better STTM-L model. Additionally, combining
both pipelines improves final reconstruction performance
compared to using only the high-level pipeline, which ef-
fectively mimics the interaction between bottom-up and top-
down processes in the human brain.

Global visual-linguistic contrastive learning slightly in-
fluences the reconstruction performance but provides
multimodal decoding ability. While it has a modest im-
pact on image reconstruction, global visual-linguistic con-
trastive learning equips the model with the ability to handle
text-related tasks, offering a path for future multimodal brain
decoding.

Conclusion

In this work, we focus on developing a robust brain-
decoding model and its transferability to new subjects with
limited training data. We propose an adapter-based cross-
subject fMRI pretraining and transfer learning framework,
highlighting the importance of high-level and low-level
feature interaction for visual stimulus reconstruction. Our
method shows promising results on both the NSD and GOD
datasets. We also assess the transferability from stimulus-
evoked to imagery-induced brain activity, generating high-
resolution visualizations of mental imagery for the first time.
Although with exciting results, our approach has its lim-
itations, e.g., during pre-training, each subject requires a
unique adapter, which restricts the number of subjects due
to accelerator memory constraints, making it preferable to
use subjects with more training samples.
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