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An image recognition method of zero -shot learning
based on an improved TransGAN

ZHAI Yongjie, ZHANG Zhibai, WANG Yaru

(Department of Automation, North China Electric Power University, Baoding 071003, China)

Abstract: Zero-shot learning algorithms aim to address the challenge of image recognition with limited or even missing
samples. By transforming the problem into a supervised learning task through the use of generative models, the method
generates images of missing classes. However, the quality of generated images can be inconsistent and is susceptible to
pattern collapse, affecting image recognition accuracy. To address this issue, we propose an improved zero-shot learn-
ing image recognition method based on an improved TransGAN. The generator of TransGAN is linked to a convolution-
al layer for dimensionality reduction, leading to a more effective extraction of image features and improved stability.
Moreover, the addition of a nonlinear activation function to the discriminator and simplifying its structure enhances its
ability to guide the generator and reduces computational requirements. Experiment results on public datasets show that
our proposed method increases image recognition accuracy by 29.02% compared to the baseline model and demon-
strates improved generalization performance.

Keywords: zero -shot learning; generative adversarial network; TransGAN; deep learning; image recognition; image

feature; convolutional layer; nonlinear activation function
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Fig.5 Structure of generator(left) and discriminator(right)
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Table 1 Generator network structure
BBz JZ B ARSE Bt RS
1 MLP 1336 (8x8)x128
Block (8x8)x128 (8x8)x128
2 Block (8x8)x128 (8x8)x128
Block (8x8)x128 (8x8)x128
Upsample (8x8)x128 (16x16)x32
Block (16x16)x32 (16x16)x32
3 Block (16x16)x32 (16x16)x32
Block (16x16)x32 (16x16)x32
Block (16x16)x32 (16x16)x32
Upsample (16x16)x32 (32x32)x8
4 Block (32x32)x8 (32%32)x8
Block (32x32)x8 (32%32)x8
s Conv (32x32)x8 512x8
Conv 512x8 512x4
F2 FIA/MKZEN
Table 2 Discriminator network structure
B Z ARG RN
Conv 2048+1024 3072x64
1 FC 3072x64 156064
FC 1560%64 256x64
Add CLS Token 256x64 (256+1)x64
Block (256+1)x64 (256+1)x64
2 Block (256+1)x64 (256+1)x64
Block
Block (256+1)x64 (256+1)x64
Block (256+1)x64 (256+1)x64
3 FC 1x64 1
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Table 3 Recognition results under different network struc-

tures
P ARARETES)  HIBIARBTE3)  HERR%
1 FC+FC FC 26.61
2 Conv+Conv FC 51.06
3 Conv+Conv+FC FC 47.21
4 Conv+Conv Sigmoid+FC 52.67
5 Conv+Conv LReLU+FC 55.63
6 FC+FC LReLU+FC 36.85
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Table4 Cosine degree of the generated feature and the
real feature

S RS BRS)  HERER% ARAEE
4 Conv+Conv 54.97 0.9566
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Fig. 6 Activation function
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Table S Image recognition results of different network

models

i YIZRAEENE MR HEiR/%
ESZSL 180 20 28.5
ZSLNS 180 20 29.1
WAC 180 20 33.5
GAZSL 180 20 437
GANZSL 180 20 45.8
A 180 20 49.8
GAZSL 120 80 103
CANZSL 120 80 143
ARSI 120 80 221
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Fig. 7 Chart of results with ViT feature extraction
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