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Abstract

Insert Face attractiveness analysis and prediction is a cross field combining cognitive science,
psychology and computer science. It is the objective quantification of people’s subjective feelings,
learning the mapping relationship between face features and quantitative perception through
machines. In this paper, a hybrid model combining CNN and transformer structure is proposed.
The residual convolution network is used to extract the feature map of the image, which is en-
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coded by the embedded layer and input into the multi-layer transformer encoder. The self atten-
tion mechanism is used to grasp the relationship between different feature components from a
global perspective. This method has achieved good experimental results on scut-fbp5500 data set,
which shows that it is feasible and effective to transform face image into visual word vector se-
quence and predict attributes from a global perspective.
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Figure 1. Task flow-process diagram
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Figure 2. Overall structure of our model
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Table 1. Backbone structure of our model
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Figure 3. Diagram of the practical teaching system of automation major
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Figure 4. Label distribution on SCUT-FBP550
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Table 2. Experiment results comparison
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FEZH AR b AR PC MAE RMSE
Geometric features + Gassian Regression 0.7472 0.3554 0.4599
ResNest-18 0.8513 0.2818 0.3703

ResNeXt-50 0.8777 0.2518 0.3325
Psychological inspired CNN 0.8978 0.2267 0.3016
ResNeXt-50 based R*CNN 0.9142 0.2120 0.2800

Ours Model 0.9273 0.2014 0.2740
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