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W OE: R AAL § AR T KA S A AUH] , AT f b a3k 4R Ak 4% ( functional magnetic resonance imaging, fMRI)
BAB F RRAALEANIR . T kORI F R IEE R M 25X &, AXRE —HRALHBER, %
ERRRS T LT el 5445t F A MB35 S AL &, gLt R e 2R Z. 8%, WHE fMRI
B %A B4 AE S Ak, P £ —MBORA fMRI LT L6 B %453 (fMRI contextual mask autoencoder, fCAE )
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fCAE %A %, VAR EHAEAMAEUE &, R, DAY SRR AL TR, 245 fCAE % 25 69
B A BB, FRMKEE DB R EE, FREREN, AR TREER, K haTEMTH
#agiE LM (CLIP Score) L4247 10%.

KHEIR: MO RRD: ThREMERGILIRAUE: PRE Y] fMRI B R SCRERD FmiGas; ZHAXTFF: 5 L HE
RESES: TP39L  CEAFRER: A

Two-Stage Brain Vision Reconstruction Method Based on Contextual

Masking and Multimodal Alignment

YANG Jucheng, DONG Xuan, WANG Yuan, PAN Xuran
(College of Artificial Intelligence, Tianjin University of Science and Technology, Tianjin 300457, China)

Abstract: Decoding brain vision aimed to uncover the encoding mechanisms of the brain's visual system within Functional
Magnetic Resonance Imaging (fMRI) data to decode visual stimuli. Although traditional methods had been developed to
address these issues to some extent, the reconstructed visual stimuli often lacked semantic information due to feature loss.
To address this challenge, this paper proposed an innovative framework for brain vision decoding that integrated context
masking with a multimodal alignment two-stage encoder to enhance the quality of visual stimulus reconstruction. Firstly, a
two-stage fMRI autoencoder feature learning module, where the initial stage employed a fMRI Context-Mask Autoencoder
(fCAE) to extract denoised feature representations and introduced a latent context regressor to reduce feature loss; the
second stage further optimized the fCAE encoder through multimodal feature alignment to enhance the semantic information
of reconstructed visual stimuli. Secondly, a latent diffusion model for visual reconstruction, which utilized the output of the
fCAE encoder as a control condition to achieve precise reconstruction from brain activity to visual stimuli. Experimental

results indicated that, compared with the baseline methods, this approach improved the semantic accuracy (CLIP Score) of
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reconstructed visual stimuli by 10%.
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Tab. 3 Quantitative comparison of ablation experiment
results on different architectures.
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