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Text generated images based on multimodal fusion
YE Long, WANG Zhengyong, HE Xiaohai
(College of Electronic and Information Engineering, Sichuan University, Chengdu 610065, China)

[ Abstract] The generative adversarial network has developed rapidly in recent years. The relationship between text semantics and
visual semantics is the key to text generated images. Using the generative adversarial network can generate realistic images that match
the text. Nowadays, the traditional method is to code texts only by pre training in the way of text encoding. However, this algorithm
does not consider semantic matching with the corresponding image, but encodes the input texts separately, which leads to semantic
differences between texts and images. Therefore, this paper proposes a text generated image network ( MLT-GAN) based on
multimodal fusion. The interaction between images and texts is realized by aligning text information and visual information, which
improves the fidelity of the generated image and the matching with the input text. The experimental results show that compared with
DM-GAN model, the MLT-GAN model proposed in this paper reduces the FID score by 4.66% and 5.16%, and the /S index
increases by 1.41% and 1.68% on Coco dataset and CUB dataset. The experimental results prove the effectiveness of this method.
[ Key words] Generative Adversarial Network; text description; multimodal fusion; text generated images; semantic matching
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Fig. 2 Multimodal fusion encoder framework diagram
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Tab. 4 Ablation experiments of different models on CUB datasets

Models s 1 FID |
DM-GAN 4.75(+0.07) 16.09
TDM-GAN 4.77(+0.08) 16.02
MDM-GAN 4.80(£0.06) 15.94

The proposed MLT-GAN 4.83(+0.07) 15.26
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Tab. 5 Ablation experiments of different models on Coco datasets

Models IS 1 FID |
DM-GAN 30.49( +0.57) 32.64
TDM-GAN 30.53(+0.62) 32.26
MDM-GAN 30.68( £0.67) 31.72

The proposed MLT-GAN  30.92( £0.32) 31.12
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