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Table 2 Modeling brain representations of natural stimuli driven by foundation models
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Table 3 Research on neural decoding driven by foundation models
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Foundation Model-Driven Paradigms in Brain-Computer Interface Encoding and

Decoding

WU Xia'", LI Tongtong"?, LI Ziyu', MA Xiaogiang?, LI Jinke?, LI Qing', YAO Zhijun®

(1. School of Computer Science and Technology, Beijing Institute of Technology, Beijing 100081, China;2. School of Information

Science and Engineering, Lanzhou University, Lanzhou 730000, China)

Abstract: Brain-computer interface (BCI) establishes a mapping relationship between external stimuli and
internal neural activity in the brain, providing an effective means to understand brain information processing
mechanisms and achieve human-machine intelligent interaction. In recent years, foundational models have
achieved breakthrough progress in various computer vision tasks, which has also propelled BCIs from task-
specific models toward a general intelligence new paradigm. This paper is the first to review the latest
research advances of foundational models in neural encoding and decoding for BCIs. It systematically
outlines key studies and research trajectories in natural stimulus encoding-decoding, multimodal brain
representation learning, and generalization studies. The analysis identifies current challenges in sample
size, data heterogeneity, multimodal fusion, and model interpretability. Finally, it highlights future
research directions for general-purpose BCIs. This work aims to provide a systematic reference and
research insights for building general BCI models capable of handling complex cognitive scenarios.
Highlights

1. This paper presents the first comprehensive review of foundation model-driven paradigms in
brain-computer interface (BCI) encoding and decoding, systematically summarizing recent advances in
neural encoding, neural decoding, and unified brain foundation models.

2. It provides an in-depth analysis of key research directions, including natural stimulus-driven brain
representation learning, multimodal neural representation modeling, and cross-task generalization
mechanisms enabled by foundation models.

3. Based on current progress, this paper identifies major challenges such as data heterogeneity, multimodal
fusion, limited data scale, and model interpretability, and outlines promising future directions toward
general-purpose BCI systems.

Key words: brain-computer interface (BCI); foundational models; neural encoding; neural decoding;

generative artificial intelligence
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