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Non-invasive Continuous Chinese Language Semantic Decoding and Reconstruction

MA Lei!, CUI Wenhao?, YANG Wenwen!, WANG Zhaoxin'

(1. School of Information Science and Technology, Nantong University, Nantong 226019, China; 2. Institute of Psychiatry,
Psychology &. Neuroscience, King’s College London, London WC2R 2LS, UK)

Abstract: Language is an important tool for communication and cognition. Multiple functional areas of the
brain, connected through complex neural networks, jointly participate in the perception, comprehension,
and production of language. Exploring the neural mechanisms of Chinese semantic decoding is crucial for the
development of Chinese brain-computer interface (BCI). This study aims to establish a long-sequence
continuous semantic decoding method based on fMRI data, termed Chinese long-sequence continuous
semantic decoder(CLLCSD). Through signal processing workflows and algorithm optimization, it seeks to
achieve efficient decoding of continuous Chinese semantics. The CLCSD framework is composed of four
components: neural response dimensionality reduction, an encoding model, a word rate model, and a

beam search decoding model. Neural response dimensionality reduction is performed through cortical
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reconstruction, image registration, and brain region parcellation to reduce four-dimensional brain response
data into a two-dimensional matrix. The encoding model is constructed using L2-regularized regression
(ridge regression) to establish the relationship between stimulus features and brain responses, with noise
covariance estimated via bootstrapping to enhance generalization. The word rate model follows a similar
approach to the encoding model, where brain response features are mapped to predicted word rate. The
beam search decoding model uses the prior probability of the language model and likelihood probabilities of
the encoding model to generate the most probable semantic sequence through beam search. On publicly
available dataset SMN4Lang, CLCSD achieves a mean BERT Score of 0.674, outperforming other long-
sequence Chinese continuous semantic decoding models. The proposed method provides an efficient long-
sequence continuous Chinese semantic decoding approach, offering both theoretical foundations and
methodological references for the advancement of Chinese BCI technologies.

Key words: brain-computer interface (BCI); Chinese semantic decoding; ridge regression; speech rate

model; beam search
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A o A BT N R SO SRR B R S S R R R 4y B RE 30 S K I IMRT SC
PEON B4 IMRT SR 24 68 A MR TPrep 1E 17 41t 42 7 b 28
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A% TR AL S 5 A 1] e A I A 6 SCAR R 2 % SO AR G i ST Al i e 1 B SCA T S AR AL

CS(er)=—""
[l

(17)




L & 5. RARESTIETELMSL ER 625

K c={cp, o e, 0 ) HIEESCARM M RES r={r,ry -, r, ) ISZE LR EES
WER % FF R4S ik SCAR 5 2 % SCATE H0iR) JZ T A 22 55, A5 0 7 9 B SCAS e o W 153 0 4 A4
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Table 2 Comparative experiment results with feature extraction strategies

BERT S Score

Model - BLEU, METEOR CS WER
Precison Recall F,

Random 0.504=+0.027 0.5014+0.019 0.50240.018 0.200+0.014 0.104+0.021 0.61540.035 0.937=+0.005

3dC-1B™" — — 0.536+0.003 0.21740.008 0.125+0.006 — —

GPT2C 0.634=£0.007 0.63140.010 0.6320.008 0.30040.014 0.164=+0.021 0.73540.055 0.925+0.027
GPT2 0.670%0.007 0.676==0.002 0.67340.003 0.427+0.037 0.226+0.017 0.869+0.011 0.919+0.021
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(c) Different brain regions
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Fig.2 Comparison of experimental results
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Table 3 Comparative experiment results with different training amounts

BERT Score )
Ve o5 - BLEU, METEOR CS WER
Precison Recall F,
15 0.63240.005 0.63440.001 0.633+0.003 0.389£0.027 0.19940.019 0.80140.004 0.920+£0.013
30 0.660£0.005 0.659£0.001 0.66040.004 0.4014+0.030 0.2140.019 0.85340.005 0.9194-0.021

50 0.6704+0.007 0.676+0.002 0.673+0.003 0.427+0.037 0.2264+0.017 0.86940.011 0.906+0.013

B Ah , BE A I A UBL R SN, A= G ) A9 3% BT PE I 35 32 0 A0 5 B0 7 P A A 45 2R A — S
B BEAT X FE o B o AR SCAS R < BRI, — R E AR W ATIE L EA R KA RALRAR B 2R FPEHL T, X —
FAFTI R T 2B R . R — X AR R R AR B 06w R A B AT B s kAT o AL
NG it e A TRAL [T, S O HEAE R T L

W AT HUNRAE ARSI, Az B SCARTE A 1 Z A AR FEANE BT 00 o 2SI R AR £
WAy LS, 55 1A 55 20 5 20 5 55 30 2 (E) AR I AR B B S b T RO T Y 5 Y
W GRREA KR O 30 F, 28 1 4] 558 2 4] Z (A A7 e — E R L RO BT 28 o H IR A IR E — 2B 1 R 28 50
I, A B SR AR T R 1 5 T SCHE JFE D i 3 B A B e A — SRR R B

W 3 DI 2 AR 5 ) 0, A TR BB A6 = ) B B 4 TR A T SCHRAE S B SO SC ZR , AT A AR B
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Table 4 Comparison of decoding performance with different numbers of training sets
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Table 5 Comparative experiment results on different brain regions

N BERTScore
i 1X.

METEOR CS WER

Precison

Recall

F

BLEU,

it
win
Tgtnt
ot
T

0.67140.007
0.673+0.006
0.6694-0.008
0.668+0.007
0.67040.007

0.67440.001
0.680+0.003
0.672+0.001
0.676+0.004
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0.676+0.001
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0.91640.012
0.93940.032
0.9094-0.006
0.91240.016
0.91940.021
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Table 6 Comparison of decoding performance of different brain regions
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Fig.3 Activation comparison between Chinese semantic perception task state and resting state
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Fig.4 Comparative analysis of brain activation patterns in Chinese and English semantic decoding
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Table 7 Activation clusters during Chinese semantic decoding tasks
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Table 8 Differences in activation clusters of semantic perception brain regions between Chinese and English

Wil VNI B Wil 2 B
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1E ) 0 R
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Table 9 PPI functional connectivity index table
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