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Obtaining a plurality of fourth physiological signals in each
physiological state and fourth state labels of the plurality of
fourth physiological signals

r
For each of the plurality of fourth physiological signals,
generating a feature vector of a fifth physiological signal based
on the fourth ph}/]smloglcal signal and the fourth state label of
the fourth physiological signal

v

For the feature vector of each of the plurality of fifth
physiological signals, inputting the feature vector of the fifth
phﬁ/smlogl_cal signal into the predetermined generator, and taking
the physiological signal outputted by the generator as the fifth
physiological signal

training a predetermined discriminator based on the fourth
physiological signal and the fifth physiological signal
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Obtaining a plurality of sixth physiological signals in each
physiological state and a sixth state label of each of the
plurality of sixth physiological signals

v

Performing adversarial training on the generator and the
discriminator based on the sixth physiological signal and the
sixth state label of the sixth physiological signal to obtain a

trained generator
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Obtaining a plurality of real electrocardiogram signals X in each
mental state and state labels Y corresponding to the plurality of real
electrocardiogram signals X

'

For each of the plurality of real electrocardiogram signals X,
extracting RR interval information of the real electrocardiogram
signal X

.

Generating a feature vector F of the real electrocardiogram signal X

Y

Normalizing the feature vector F of the real electrocardiogram signal
X to obtain a feature vector FG of a simulated electrocardiogram
signal XG corresponding to the real electrocardiogram signal X

4

Randomly extracting M feature vectors FG, and inputting the
_extracted M feature vectors FG into the generator, to generate a
simulated electrocardiogram signal corresgondlng to each of the M

feature vectors F

v

Performing a pre-training of the discriminator

Y

Performing adversarial training on each of the generator and the
discriminator
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Obtaining a physiological signal of a user e 601

Inputing the physiological signal into a predetermined physiological

state recognition model, in which the physiological state recognition |~ 602

model is configured to recognize a physiological state based on the
physiological signal

Obtaining a physiological state recognition result outputted by the
physiological state recognition model as a physiological state -
recognition result of the user
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