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Text-to-Image Generation Method Combining Transformer and DF-GAN
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[Abstract] To address the failure of the text encoder to deeply mine text information in text-to-image generation
tasks, which leads to semantic inconsistency in the subsequently generated images, a DXC-GAN method for text-
to-image generation is proposed. This method introduces the Xtra Long Network (XI.Net) pretraining model from
the Transformer series to replace the original text encoder, enabling the capture of prior knowledge from a vast
amount of text for deep mining of contextual information. A Convolutional Block Attention Module (CBAM) is
added to increase the generator's focus on‘important information in images, thus solving the issues of incomplete
image details and incorrect spatial structure.~In the discriminator, contrastive loss is introduced and combined with
match-aware gradient penalty and unidirectional output in the model, making images with the same semantics
closer and those with different semantics further apart, thereby enhancing the semantic consistency between text
and generated images. The experimental results show that compared to the DF-GAN model, the Inception Score
(IS) and Fréchet Inception Distance (FID) on the CUB dataset for the proposed model improved by 4.42% and
17.96%, respectively. On the Oxford-102 dataset, the IS is 3.97 and the FID is 37.82. Evidently, compared to
DF-GAN, DXC-GAN effectively avoids deformities such as multi-headedness and foot deficiency in bird image
generation and significantly reduces image quality issues such as missing petals in flower image generation.
Furthermore, it enhances the alignment between text and images, significantly improving the completeness and
generation effect of images.

[Key words] Generative Adversarial Network (GAN); text-to-image generation; XLLNet; CBAM; contrastive loss
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This is a yellow bird ~ This bird is white This orange and This bird has wings  This is a grey bodied

with a black tail with grey and black small bird that are black and bird with light grey
SCAHEAR and gray wings as has a long, has a straight has ared belly. wings and a white

well as a black pointy beak. pointed beak. breast.

beak.

MirrorGAN
DM-GAN
DF-GAN
Ours
8 CUB ##E&E LK E &It LE
Fig.8 Comparison of images generated from the CUB dataset
Multiple long This flower has A pale purple five This flower is This flower has a
. pink petals that large smooth white petaled flower yellow in color, lot of small purple
AHIR point upward petals that turn with yellow with petals that petals in a dome-
hiding the pistil. yellow toward the stamen and green are rounded. like configuration.
center. stigma.
MirrorGAN
DM-GAN
DF-GAN
Ours

E 9 Oxford-102 $#E 5 4 B E &Lk

Fig.9 Comparison of images generated from the Oxford-102 dataset
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%3 CUB#EE SR SLE S TUEM IEIRIT EE
Table 3 Comparison of various evaluation indicators for

the overall ablation experiment on the CUB dataset

Fik FID IS
DF-GAN 14.81  4.7630.04
DF-GAN+XLNet 13.55  4.8140.01
DE-GAN-+CBAM 14.67  4.7870.02
DF-GAN+Xf b2 ) 14,62 4.74+0.05
DF-GAN+XLNet+CBAM 12.75  4.840.07
DF-GAN-+XLNet+ %} H2% 3 13.22  4.8940.01
DF-GAN-+CBAM5% H 2% 5 14.07  4.81+0.04
DF-GAN-+XLNet+CBAM+Xt 2> 12.15  4.98+0.03

4 HRIE

ACHEET DF-GAN AL T DXC-GAN 5
Y, DL i SCAS B R A B B N ke,
56 K TR 1 SCAR G ) 45 B 4 R XLNet SCAS S %
s [HASRE Y A SCAS BE i AR KRR ) 07 1 AR 2] T
W RPETE . HU AR AR TSI CBAM Bk,
S RuRA IR PR ERE =W I i I S R @ ks
T AR X G A T FIEE R Y G TE BE T, AT AR
BN AN BCE R R E A B R 5 A
TXF HEA R BRI, DA — 25 4 i A R X S TR R
FAE B G DX 53 68 75 DT 3 i 28 i MR
BB, £ CUB il Oxford-102 ¥ ¥8 4 I #E4T K=
S 2 T 3 B AR SCHRE A A AR A g Yy TR T
W, 0B Z AR SR, AR S HAE CUB
Oxford-102 a4 F 175056, fAde R PR PE, T —
B BT COCO %4l 4 HEAT Koot 52 56 LU 50 E
DXC-GAN B A7 R0PE AR ek
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