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Image synthesis method based on multiple text description
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Abstract: Aiming at the challenges associates with the low quality and structural errors existed in the images gener-
ated by a single text description, a multi-stage generative adversarial network model was used to study, and it was pro-
posed to interpolate different text sequences to enrich the given text descriptions by extracting features from multiple
text descriptions and imparting greater detail to the generated images. In order to enhance the correlation between the
generated images and the corresponding text, a multi-captions deep attentional multi-modal similarity model that cap-
tured attention features was introduced. These features were subsequently integrated with visual features from the pre-
ceding layer, serving as input for the subsequent layer. This integration improved the realism of the generated images
and enhanced their semantic consistency with the text descriptions. In addition, a self-attention mechanism to enable
the model to effectively coordinate the details at each position was incorporated, resulting in images that were more
aligned with real-world scenarios. The optimized model was verified on the CUB and MS-COCO datasets, demon-
strating the generation of images with intact structures, stronger semantic consistency, and richer visual diversity.
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FEARERHN = AR A — e RE B 1A
RS, UERT 1 AR STV A 0

AT R R AR E K 56 2 SCARE SR
fiE, —ERE EFEE TOURRHE, (54 B A
BHHEZMANTT . BB LGINZ UARR R S S
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SCARAIR

1. This bird has a white belly, grey wings, and a pointy beak.

2. This small bird has a long, black bill, grey wings,
and a white chest and belly.

1. A small bird with a grey neck and stomach,
while the rest of the bird is black.

2. This bird has a white belly, yellow feet and a yellow beak.

1. A big blue bird with a large breast and a silver bill.

2. This bird has blue crown with a blue throat and black feet.

1. This bird has iridescent blue primaries,
a grey crown and yellow eyering.

2. This grey bird has appealing blue feathers, a black tail,

long thighs and beak.

1. Bird has brown body feathers, brown breast feather,
and short beak.
2. This bird is brown in color with a brown beak,
and grey eye rings.

1. A bird has brown body, white and black wings,
a black crown and a grey nape.

2. This particular bird has a belly that is brown and tan.
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MI MC-DAMSM SA IS FID
ES@&N 3.54+0.09 35.14
AttnGAN (BS)

J 3.87+0.11 37.43

N N 4.05+0.11 35.75

N N V4194009 32.78
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