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For any obtained first sample image, obtaining a first
feature vector of a first sample based on a trained
convolutional neural network; processing the first sample
image into a one-dimensional sequence based on a preset
image processing manner, inputting the one-dimensional
sequence into a feature extraction model to-be-trained, and
obtaining a second feature vector of the first sample image
based on the feature extraction model; and based on the
second feature vector, calibrating the first feature vector to
obtain a calibrated first baseline feature vector, where the
feature extraction model is a model trained based on a
framework structure of a MPCFormer model and a training
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logic of a semantic vision transformer model SETR

Training the feature extraction model based on the first
baseline feature vector, a label feature vector carried by the
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first sample image, and a configured first loss function

FIG. 1
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FIG. 2B
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For any obtained first sample image, obtaining a first
feature vector of a first sample based on a trained
convolutional neural network; and processing the first
sample image into a one-dimensional sequence based on a
preset image processing manner, inputting the one-
dimensional sequence into a feature extraction model to-
be-trained, and obtaining a second feature vector of the
first sample image based on the feature extraction model,
where the feature extraction model is a model trained
based on a framework structure of a MPCFormer model
and a training logic of a semantic vision transformer model
SETR
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Performing global average pooling on the second feature
vector to obtain global feature vector information
corresponding to each dimension feature of the second
feature vector, and obtaining an importance weight
coefficient corresponding to each dimension feature of the
global feature vector information based on a probability
distribution function; based on the importance weight
coefficient corresponding to each dimension feature,
calibrating the second feature vector to obtain a calibrated
second feature vector; and based on the calibrated second
feature vector, calibrating the first feature vector to obtain
a calibrated first feature vector

8302

Training the feature extraction model based on the first
baseline feature vector, a label feature vector carried by the
first sample image, and a configured first loss function
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FIG. 3
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Prediction result
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For any obtained second sample image, inputting a second
sample image into a convolutional neural network to-be-
trained, and based on the convolutional neural network,

obtaining a third feature vector of the second sample
image; processing the second sample image into a one-
dimensional sequence based on a preset image processing
manner, inputting the one-dimensional sequence into a
trained feature extraction model, and obtaining a fourth
feature vector of the second sample image based on the
feature extraction model; and based on the fourth feature
vector, calibrating the third feature vector to obtain a
calibrated second baseline feature vector, where the feature
extraction model is a model trained based on a framework

structure of a MPCFormer model and a training logic of a

semantic vision transformer model SETR
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Training the convolutional neural network based on the

second baseline feature vector, a label feature vector /—8802

carried by the second sample image, and a configured
second loss function
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For any obtained third sample image, obtaining a fifth
feature vector of a third sample image based on a
convolutional neural network to-be-trained; processing the
third sample image into a one-dimensional sequence based
on a preset image processing manner, inputting the one-
dimensional sequence into a feature extraction model to-
be-trained, and obtaining a sixth feature vector of the third
sample image based on the feature extraction model; and
based on the sixth feature vector, calibrating the fifth
feature vector to obtain a calibrated third baseline feature
vector, where the feature extraction model 1s a model
trained based on a framework structure of a MPCFormer
model and a training logic of a semantic vision transformer
model SETR
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Training the feature extraction model based on the third
baseline feature vector, a label feature vector carried by the
third sample image, and a configured first loss function;
and training the convolutional neural network based on the
third baseline feature vector, the label feature vector
carried by the third sample image, and a configured second
loss function
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above
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