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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 BClIs. 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. Tt 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.
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Fig.1 Statistics on BCI-related research publications in the past decade
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Fig.2 Research paradigm for BCI neural encoding and decod-

ing based on foundation models
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Fig.3 Evolution of foundation models
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1 BCURFEE b, 5 UL K 15 5 B 56 AE R A NS 2 A B E . Hov, i fi Bl (Electroencephalog-
raphy, EEG) Bl i} [] 73 B 5 i B0di R SR AR S M 32 1 T3 3l g 00 R0 3 78 e i 35 SN 45 4T 55
Jiki % '€l (Mlagnetoencephalography , MEG )i 28 1 5% 4 48 ¥ I 7 A8 09 1 3 728 Ak | B85 38 18 B[] 43 B 32 A
23 6] € L RE 7 5 D RE PR 24 A4 (functional magnetic resonance imaging, fMRI) B84 LA %5 8] 3 B 5 %)
4 R TR iE sl . 1R ASUE 5 A0 52 )2 ik B (Electrocorticography, ECoG) Il 48 J0 i # i 5% I H A
1o 14 A5 T EL R TR RS AR 19 23 ) o HE R . B Ah Ol 1 A8 O % B f& (functional near-infrared spectroscopy,
INIRS) S H AR WHEH T BCIWFZEh , FH TAM R LA 8 72745 B o F UL R {5 5 Bt 4R a3k 1R .
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Table 1 Common brain signal datasets

T T TR
NSD™" e (ER ) MRI 8 http://naturalscenesdataset.org/
GOD™ PL3E (E) fMRI 5 https://openneuro.org/datasets/ds001246
Shen %1% W (1R ) (MRI 3 https://openneuro.org/datasets/ds001506
Vim-1°" W (1) MRI 2 https://crens.org/data-sets/ve/vim-1
Narratives™ W (i 95) MRI 345 https://openneuro.org/datasets/ds002345
Bhattasali % Wrag () MRI 29 https://openneuro.org/datasets/ds002322
Gifford %% W38 (F1{%) EEG 10 https://osf.io/3jk45/
ZuCo* Mt (L) EEG, IR3hiE 12 https://osf.io/q3zws/overview
OpenMIIR™ W3 (35 4R ) EEG 10 https://github.com/sstober/openmiir
Palazzo %5 LoE (EI%) EEG 6  https://github.com/perceivelab/eeg_visual _classification
SEED®" Wa (L) EEG, IRzhiBlgE 15 https://bemi.sjtu.edu.cn/home/seed/index.html
DREAMER"  Wy4& (fik =) EEG, ECG 23 https://zenodo.org/records/546113
FeaturessEEG™ #5 (&1%) EEG 16  https://openneuro.org/datasets/ds004357/versions/1.0.1
MEG-MASC™' W4t (# =) MEG 27 https://osf.io/ag3kj/overview
THINGS-data" #3&(E%)  MRI, MEG 4 https://github.com/ViCCo-Group/ THINGS-data

Wakeman %™ ¥4z (K{%) IMRI, MEG, EEG 19 https://openneuro.org/datasets/ds000117 /versions/1.1.0
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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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