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Abstract 

In order to solve the problems of poor quality and unstable training in the current 
generation of text-based images, a high-quality image generation model based on single-
stage generation confrontation network (GANs) is proposed. Specifically, the attention 
mechanism is introduced into the GANs generator to generate fine-grained images, and 
the local global language representation is added to the discriminator to accurately 
identify the generated image and the real image; Through the game between generator 
and discriminator, high quality image is generated. The experimental results on 
benchmark data set show that compared with the latest model with multi-stage 
framework, the image generated by this model is more realistic and achieves the highest 
IS value, which can be better applied to the scene with image generated by text 
description. 
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1. Introduction 

It has become a challenging task in computer vision (CV) and NLP to generate high resolution 

realistic images based on given text description. The subject has a variety of potential applications, 

such as art creation, photo editing and video games. 

Recently, due to the generation of countermeasure networks (GANs) [1] in the generated image. 

In 2016, reed proposed to generate a reasonable image from the text description by condition 

generation (cGANs) [2]; Zhang H proposed StackGAN + + [4] model by stacking multiple generators 

and discriminators in 2017, and 256 was generated for the first time × 256 resolution image. Currently, 

almost all text-generated image models are based on StackGAN. These models have multiple pairs 

of generators and discriminators, which generate initial images by embedding text and random noise 

into the first generator, In the subsequent generator, the initial image is refined and the high resolution 

image is finally generated. For example, AttnGAN[5] introduces a cross modal attention mechanism 

in each generator to help the generator synthesize images in more detail; MirrorGAN [6] regenerates 

the text description from the generated image to achieve the semantic consistency between text and 

image; DM-GAN [7] introduces dynamic memory network [8] to solve the problem of stack structure 

training instability. 

Although stack generation counter network has achieved good results in text generation image, there 

are still two problems that can not be solved: firstly, training multiple networks will increase the 

computing time and affect the stability of the generation model; Moreover, if the generators in the 

previous phase do not converge to the global optimal value, the final generation network will not be 

improved because the final generator gradient will be difficult to return. Secondly, in the process of 

generating the first stage of initial image, the generator network is composed of upper sampling layer 

and volume layer, and lacks the process of image integration and refinement using input natural 
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language text, which makes the initial image quality poor, The final image is lack of fine-grained 

information. 

In order to solve the above problems, this paper proposes a text generation image network based on 

single-stage GANs, which can fine tune the characteristic graph of each scale according to the given 

text description, and only a single generator and discriminator can generate high-quality images. 

Specifically, in the generator, a channel pixel attention module is designed, which gradually 

associates the channel and pixel information in the visual feature graph with the text description, and 

calculates the attention weight of the visual feature graph based on the global text embedding, To find 

the most relevant feature map of text description; In discriminator, the global text representation and 

local word embedding technology are used to provide fine-grained discrimination signal for 

discriminator, and the visual feature map of the last lower sampling block is projected to global text 

representation, and the visual feature map of the second bottom sampling block is projected into the 

local word, The discriminator can be distinguished by integrating local and global language 

representation as supervisory information. 

2. Model method 

2.1 Network structure 

As shown in Figure 1, the network structure of this paper consists of text encoder, generator and 

discriminator. For text encoder, Bi long and short term memory network (Bi - LSTM) [9] is used to 

learn the semantic representation of a given text description. In Bi - LSTM, two hidden states are 

used to capture the semantics of words as local language representation, and the last hidden state is 

used to represent sentence features as global language representation. The generator is composed of 

seven up sampling blocks, which are responsible for different scale feature maps. Each up sampling 

block includes two convolution layers, two conditional batch normalization layers [10] and a channel 

pixel attention module. The discriminator consists of seven down sampling blocks and a local global 

projection block. The downsampling blocks can be regarded as image encoders, which encode the 

input image into a high-dimensional feature map. Each downsampling block consists of a convolution 

layer and an average pooling layer. The local global projection block projects the last two 

downsampling blocks into local and global linguistic representations respectively. 
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Fig. 1 Network structure of text generated image 
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2.1.1 Generator 

The generator takes the global representation vector S and noise vector Z of the text as input, and 

consists of seven up sampling blocks, which are used to generate the visual feature map of each 

resolution. The whole image generation process is shown in equation (1): 
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Where Z is the random noise obeying normal distribution, F0 is the fully connected layer, Fi is the 

residual layer containing channel pixel attention, Gc is the last convolution layer used to generate the 

final image o, h0 is the hidden state of the initial fully connected layer, and h1~h7 is the intermediate 

representation of the output of the residual layer. 

In order to consider the channel and spatial pixel information of the feature map of the volume layer, 

the channel and pixel awareness attention mechanism are introduced in the residual block. Since each 

feature map in convolution layer has different importance to text embedding, this paper introduces 

channel pixel awareness attention module to guide the generator to focus on selecting feature graph 

related to text and ignoring secondary feature graph. The channel aware attention module is shown 

in Figure 2. 

Channel awareness attention module has two inputs: feature graph h and global representation s of 

text. Firstly, channel features xa and xm are obtained by averaging pooling (GAP) and maximizing 

pooling (GMP) of h, as shown in equation (2): 
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In the formula, GAP is used to obtain the information of the whole feature graph, while GMP is used 

to extract the most distinctive part of the feature graph. Then, query (q), key (k) and value (v) are used 

to capture the semantic correlation between channel and input text, where xa and xm are used as query, 

and global representation s is used as key and value, the process definition is shown in equation (3): 
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Where wa, wm, wk and wv are the projection matrices realized by convolution, so as to realize dimension 

matching in the process of attention calculation. The calculation process of channel perceived 

attention is defined as equation (4): 
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Where ,  is the semantic correlation between channel graph and global representation, , 

 refers to the final channel perceived attention weight after average pooling and maximum pooling. 

At the same time, as shown in equation (5), an adaptive gate is designed to fuse the results of average 

pooling and maximum pooling. 
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{
𝑔𝑐 = 𝜎(𝑤1𝑥𝑎 +𝑤2𝑥𝑚)

𝑜𝑐 = 𝑔𝑐𝛽𝑎
𝑐 + (1 − 𝑔𝑐)𝛽𝑚

𝑐                            (5) 

Where w1 and w2 are learnable matrices, σ is the sigmoid function. Finally, the final result is generated 

by adaptive residual connection. 

The image is composed of related pixels, which are very important for the quality and semantic 

consistency of the composite image. Therefore, after obtaining the feature map of channel attention, 

the new feature map is used to calculate the pixel perceptual attention, so as to effectively model the 

relationship between the spatial pixels and the given natural language description, and make the 

important pixels receive more attention from the generator. Compared with the channel aware 

attention calculation, the pixel aware attention ignores the influence of the channel information of 

each feature map, and only focuses on the weight of the spatial information in the feature map to the 

visual pixels, and its calculation process is similar to the channel aware attention. 
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Fig. 2 Attention mechanism of channel perception 

 

2.1.2 Discriminator 

Discriminator plays two important roles. On the one hand, it is responsible for identifying whether 

the image is real or generated; On the other hand, it determines whether image and text descriptions 

are semantically related. This paper proposes a local global projection block in the discriminator to 

capture the correlation between vision and semantics, and its structure is shown in Figure 3. The last 

layer of feature graph vD is projected to the global representation s of the text, and the penultimate 

layer of feature graph vD-1 is projected to the local representation Sl of the text. The idea behind this 

operation is that vD is closer to the global semantics of the text in the high-dimensional semantics of 

vision; The low dimensional visual representation of vD-1 is more suitable for the local embedding of 

text. In this paper, cross modal projection is designed to correlate visual and text information. 
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Fig. 3 Local global projection structure 

 

Specifically, the projection operation first copies the feature graph, and then feeds the original feature 

graph and the copied feature graph into two fully connected layer networks. One of the output results 

is multiplied by the language representation, and finally outputs the mean value of the two layer 

feature graphs after projection operation. Since the global and local language representations have 

two different formats, one is a vector and the other is a matrix, the projection methods of matrix 

multiplication and element by element multiplication are adopted for each format, as shown in 

equations (6): 

{
𝑃(𝑣𝐷−1, 𝑠𝑙) = 𝑓𝑎1(𝑣𝐷−1) × 𝑠𝑙 + 𝑓𝑎2(𝑣𝐷−1)

𝑄(𝑣𝐷, 𝑠) = 𝑓𝑏1(𝑣𝐷) × 𝑠 + 𝑓𝑏2(𝑣𝐷)
                   (6) 

Where fa1() and fa2() are for the two fully connected layers of vD-1, fb1() and fb2() are for the two fully 

connected layers of vD. The total discriminator output is shown in (7): 

𝐷(𝐼, 𝑠𝑙 , 𝑠) =
1

𝑁𝑝
∑ 𝑃𝑖
𝑁𝑝
𝑖=1

+
1

𝑁𝑄
∑ 𝑄𝑗
𝑁𝑄
𝑗=1

                      (7) 

The dimensions of the two projection vectors P and Q are NP and NQ respectively, and the subscripts 

i and j represent the indexes of the dimensions. I contains real images and generated images.  

The projection module provides local and global linguistic representations as conditional information 

embedding discriminators. This method provides fine-grained gradients for training the whole text to 

image generation model, so as to obtain the correlation between visual and linguistic representations. 

2.2 Loss function. 

Anti loss is used to match the generated sample with the given text description. In this paper, hinge 

loss [11] is used to stably generate the training of the confrontation network. The basic idea is to keep 

the generated negative samples and the real samples in a decision interval, so as to avoid the gradient 
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oscillation when the two samples deviate too much. The counter loss function of the discriminator is 

shown in (8): 

( )( )  ( )( )( )  ( )( ) ŝ,ŝ,xD1,0maxE
2

1
s,s,s,zx̂D1,0maxE

2

1
s,s,xD1,0maxEL lpxlpxlpx

D

adv c
++++−= →→→

(8) 

Where x is the sample from the real image data distribution p,  (z, s) is the sample generated from 

the generated data distribution pG, and  and  are text representations that do not match the image. 

The corresponding generator loss function is shown in equation (9): 

𝐿𝐺 = 𝐸𝑥→𝑝𝐺[𝐷(𝑥, 𝑠𝑙, 𝑠)]                            (9) 

At the same time, in order to improve the semantic consistency of the generated image, MA-GP loss 

[12] is added to the discriminator to optimize the gradient of the real image and the given text 

description. MA-GP loss [12] is a zero centered gradient penalty, which makes the generated data 

distribution more likely to converge to the real distribution. The expression is shown in (10): 

𝐿𝑀𝐴−𝐺𝑃 = 𝐸𝑥→𝑝[(‖∇𝑥𝐷(𝑥, 𝑠)‖2 + ‖∇𝑠𝐷(𝑥, 𝑠)‖2)
𝑇]                (10) 

Therefore, the total loss function of the discriminator is shown in equation (11): 

𝐿𝐷 = 𝐿𝑎𝑑𝑣
𝐷 + 𝜆1𝐿𝑀𝐴−𝐺𝑃                            (11) 

Among them γ and λ1 is the super parameter, which is set to 6 and 0.1 respectively. 

3. Experiment and analysis 

This section mainly introduces the data sets used in the experiment, model training details and 

evaluation indicators, and then evaluates the proposed model quantitatively and qualitatively. 

3.1 Data sets and training details 

In this paper, a model evaluation experiment was carried out on cub bird data set [13]. The dataset 

contains 11 788 images of 200 bird species, each with 10 descriptions in English. The data set was 

preprocessed according to DM-GAN [7] method. Among them, 8855 images of 150 bird species were 

used as training set, and 2933 images of the remaining 50 bird species were used as test set. In this 

paper, Adam [14] optimizer is used to optimize the model network. At the same time, according to 

TTUR [15], the learning rate of generator is set to 0.0001, and the learning rate of discriminator is set 

to 0.0004. 

3.2 Evaluation index 

According to the previous work [5, 7], this paper selects the perception score (IS) [16] to evaluate the 

network performance proposed in this paper. The definition of IS is shown in equation (12): 

𝐼𝑆 = 𝑒𝑥𝑝 (𝐸𝑥𝐷𝐾𝐿(𝑝(𝑦|𝑥)‖𝑝(𝑦)))                      (12) 

Where x is the generated image and y is the label generated through the pre training of the perception 

v3 network [17], Is calculates the KL divergence between the conditional distribution p (y | x) and the 

marginal distribution P (y). If the model can generate a variety of images that match the text, the 

larger the KL divergence is. The higher the is value, the higher the image quality and the more diverse 

the images belong to the same category. Since the CUB bird data set used in this paper is disjoint in 

the training set and the test set, but the perception v3 network has been pre trained in the test set, the 

is value on the CUB bird test data set can be used to evaluate the semantic consistency of text images. 

3.3 Quantitative analysis 

In this paper, StackGAN++ [4], AttnGAN[5] and DM-GAN [7] are selected as the best models for 

multi-stage stack structure text generation in recent three years. As shown in Table 1, the proposed 

model based on single-stage GANs has the highest is value on the CUB data set. Higher IS value on 

CUB test set means higher image quality and better matching of image text semantics. Compared 

with AttnGAN [5] only uses pixel attention in the front layer of the full connection layer of each 

generator, the single stage GANs in this paper uses channel and pixel attention to each residual block 

x̂

lŝ ŝ
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at the same time, and is value is is value is increased from 4.36 to 4.88; Compared with DM-GAN 

[7], the fuzzy images generated in each stage are refined by introducing additional dynamic memory 

network. In this paper, the IS value is increased from 4.75 to 4.88 by local global representation of 

discriminator. The quantitative comparison of initial score (IS) shows that the single-stage GANs 

model proposed in this paper can synthesize more realistic images and have better semantic 

consistency of text images. 

 

Table 1. Comparison of IS scores of different models on CUB dataset 

Model method IS 

StackGAN++ 4.04±0.06 

AttnGAN 4.36±0.03 

MirrorGAN 4.56±0.05 

DM-GAN 4.75±0.07 

this paper 4.88±0.03 

 

 

Fig. 4 Generate image contrast 

3.4 Qualitative analysis 

As shown in Figure 4, from top to bottom are StackGAN++ [4], AttnGAN [5], DM-GAN [7] and the 

visual effect of the image generated by the model in this paper according to the text. It can be found 

in the figure that the images generated by StackGAN++ and AttnGAN lack visual authenticity and 

are more like the stacking of some simple text attributes. The reason is that the stacking of multiple 

generators and discriminators causes the gradient to disappear, And both models only use the spatial 

attention mechanism of visual features and ignore the channel attention between each feature. 
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Although the introduction of dynamic memory network into DM-GAN further alleviates the problem 

that the generated images seem to be simple combination and lack of visual authenticity, there is still 

a lack of coherence between visual pixels (for example, the surface skin of birds generated by the 

first column of DM-GAN is rough). 

The proposed model only uses a pair of generated countermeasure networks with residual structure 

by removing the stacked structure, and introduces channel attention in the generator and local global 

projection in the discriminator, It makes the generated image more realistic and diverse rather than 

the stacking of various attributes. 

4. Conclusion 

This paper presents a new method to generate the confrontation network based on the deep fusion of 

single stage, which is used for text to image generation. Compared with the previous multi-stage 

model, the model can directly synthesize more realistic and text semantic consistent images, and does 

not need to stack multiple generation countermeasures network. In addition, a attention mechanism 

combining channel and pixel is proposed to guide the generator to synthesize realistic images, and 

the local and global language representation is embedded in discriminator to cooperate with the 

generator to generate images. The experiment shows that the model proposed in this paper has 

achieved remarkable results in the CUB data set, and is superior to the latest model in quantitative 

and qualitative results. 
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