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Research on Face Image Generation Method Based on CLIP Model
and Text Reconstruction

LI Yuanfan, ZHANG Lihong"
(College of Physics and Electronic Engineering, Shanxi University, Taiyuan 030006, China)
Abstract: To address the problems of inconsistency between generated images and text descriptions and
low image resolution in text-generated face methods, this paper proposes a cross-modal text-generated
face image network framework. Firstly, the CLIP pre-training model is adopted to extract features from
the text, and the text semantic features are enhanced by the conditional enhancement module to generate
hidden vectors; then the hidden vector is projected into the implicit space of the pre-trained model Style-
GAN by the mapping network to obtain the untangled hidden vector, which is input to the StyleGAN gen-
erator to generate high-resolution face images; finally, the text reconstruction module is adopted to regen-
erate the face images into text, and the semantic alignment loss between the reconstructed text and the
input text is calculated and utilized as semantic supervision to guide the network training. The training and
testing are performed on two datasets, Multi-Modal CelebA-HQ and CelebAText-HQ, and the experi-
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mental results show that compared with other methods, the method in this paper can generate high-

resolution face images that are more consistent with the text description.

Key words: text-generated face; cross-modality; CLIP pre-training; text reconstruction; text mapping
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