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Abstract: In view of the difficulty of anti network text image generation, a method 

of anti network text image generation based on attention mechanism is proposed. By 

introducing the multimodality of image attention mechanism, the matching loss 

between fine-grained image and word level text can be calculated stably, so as to 

better optimize the training process of the generator. The test on cub bird dataset 

shows that the network can gradually generate realistic images with more fine details 

and has better application value. 
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1. Introduction 

Text description is a difficult task to generate high-resolution and real images. It is 

helpful for computer vision system to obtain more in-depth visual understanding, and 

the method of generating realistic images has a wide range of application scenarios. 

When it is integrated into the automatic synthesis system, it can support photo editing 

and computer-aided design to assist the work of artists or graphic designers. 

In recent years, the research on text to image synthesis has made exciting progress. 

Researchers combine recurrent neural network (RNN) with generative adversarial 

networks (GAN) [1,2] to create realistic images according to natural language 

description. These methods have been able to give surprising results in some fields, 

such as producing exquisite images of flowers or birds. 

The proposal of attngan [3,4] makes people pay more attention to the detail factors 

affecting image quality. However, this method ignores the impact of fine-grained 

image information on high-quality image generation. 

In order to further improve the quality of the generated image, this paper proposes a 

generation of anti network text image based on attention mechanism. This method 
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can recognize the importance of each image sub region based on word level details in 

the image generation task, and pay attention to the generation effect of important 

sub regions in the image. 

 

2. Related work 

In recent years, the depth generation model has attracted extensive attention, 

including variational automatic encoder (VAE) [6], autoregressive method [7] and 

generating countermeasure network [1,8]. Compared with the other two depth 

generation models, the generation countermeasure network (GAN)  shows good 

performance in generating clearer samples [9]. It is a model proposed by goodflow et 

al. In 2014. There are many methods to study how to better apply Gan to different 

fields, such as medical application [10], pixel to pixel conversion [9], image synthesis 

[11], etc. Reed et al. Proposed a generation of antagonistic what where network 

(gawwn) [13]. The results show that by adding additional conditions (such as local 

key points or bounding boxes of objects), the model can obtain location and content 

instructions to control the location of objects. However, the model only improves the 

image resolution to 128 * 128. Some researchers believe that the instability of training 

is caused by the non joint support of implicit model distribution and data distribution 

[14]. 

In order to solve the problem of instability, many schemes have been proposed. One 

is to propose different training techniques. Berthelot et al. Proposed a new balance 

execution method to balance the generator and discriminator, and combined the loss 

derived from Wasserstein distance to train GaN based on automatic encoder [15]. 

Odena et al. Added an auxiliary classifier to the output part of the discriminator to 

improve the performance of conditional Gan [16]. 

 

3. iAttnGANmodel 

Our proposed iatngan consists of two parts: image attention generation network and 

discriminant network with damm model. 

a. Generation network with image attention mechanism .Gan model for text to image 

generation usually encodes the whole sentence into a single global sentence vector as 

the condition of image generation. The objective function of the whole model is 

defined as: 

 L = LG + LCA + λLDAMSM，其中LG = ∑ LGi

m-1

i=0
                                   (1) 

Among them,𝜆Where, is the super parameter that determines the proportion of 

network loss and damm loss generated in the above formula. With the help of the 

discriminator after training, by minimizing ℒ𝐺 The generator can be optimized to 
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minimize the loss of attention generation against the network, so as to jointly 

approximate the conditional distribution and unconditional distribution. Antagonistic 

loss of generatorℒ𝐺𝑖Designed as： 

ℒ𝐺𝑖 = −
1

2
𝔼
𝑥
^
𝑖∼𝑝𝐺𝑖

[log⁡ 𝐷𝑖(𝑥
^

𝑖 , 𝑒)]

−
1

2
𝔼
𝑥
^
𝑖∼𝑝𝐺𝑖

[log⁡ 𝐷𝑖(𝑥
^

𝑖)]
                                  (2) 

The first item in the above formula represents conditional loss conditional on the 

sentence, and the second item represents unconditional loss. Whether the generated 

image matches the given text description is determined by the condition loss; Whether 

the image is true or false is determined by unconditional loss.  

The second term in formula (5)LCAIt is defined as the KL divergence between the 

standard Gaussian distribution and the conditional Gaussian distribution (i.e. the 

Gaussian distribution of the training data). At the same time, in order to prevent this 

item from having too much or too little impact on the loss function of the whole model, 

it is finally regularized and obtained𝑁𝐼。The mathematical formulas involved are as 

follows.： 

ℒ𝐶𝐴 = 𝑁𝐼，其中 

        
𝑁𝐼𝑖 =

𝐾𝐿(𝒩(𝜇(𝑠),𝜎2(𝑠))||𝒩(0,𝐼))𝑖

1

𝐷
∑ 𝐾𝐿(𝒩(𝜇(𝑠),𝜎2(𝑠))||𝒩(0,𝐼))𝑗

𝐷

𝑗=1

                                      (3) 

The third term of formula (5)ℒ𝐷𝐴𝑀𝑆𝑀It represents the matching loss between fine-

grained image information and word level text, which will be described in detail in 

Section 3.3. 

B discriminant network with image attention mechanism 

The loss of damms can be expressed as: 

ℒ𝐷𝐴𝑀𝑆𝑀 = 𝛼1ℒ1
𝑤 + 𝛼1ℒ2

𝑤 + 𝛼2ℒ1
𝑠 + 𝛼2ℒ2

𝑠                             (4) 
Among ℒ1

𝑤and ℒ2
𝑤It is a loss function calculated according to the sub region of the 

image and the words in the sentence, andℒ1
𝑠andℒ2

𝑠Global image vector𝑣Global sentence 

vector𝑒 Calculated。Here, weights are added to the two loss functions respectively𝛼1 

and 𝛼2。When calculating the matching loss between fine-grained image and text, 

during the training of sentence related loss function and words, the discriminator takes 

the real image and the corresponding text as a positive sample pair, while the negative 

sample pair includes the real image and mismatched text, and the generated image 

and the corresponding text. The super parameters in this section are set as follows:

 = 1.1，  = 0.9，  = 5，The learning rate is set to 0.0002. Cosine similarity and 

Euclidean distance are used to calculate the importance of the image in the generation 

network and discrimination network respectively. At the same time, the real image 

and text pairs are used to minimize To realize the pre training of damms. Since 

the size of the input image used to train damms is not limited, we use the real image 



Volume 7 Issue 11 2020 

   96 

with the size of 299 * 299 for training. The whole training process has trained 200 

cycles on a fixed data set. 

 

4. Experiment 

It is verified on the cub dataset [3]. The dataset contains 11788 images covering 200 

species of birds. We use the method in reference [34] to preprocess the data set. 

Table 1 shows the statistics of the cub dataset. 

Table 1 Statistics of cub dataset 

 Train data Test Data 

DataSets 8,855 2,933 
Words/Pic 10 10 

In this section, we conduct quantitative and qualitative analysis of our method. First, 

iatngan and its variants were quantitatively evaluated (the results are shown in Figure 

3 and table 2). "Iattngan1" in Table 2 represents the structure of stacking two 

generators, two discriminators and one attention model; "Iattngan2" refers to the 

structure of three stacked generators, discriminators and two attention models. 

Table 2 Initial scores of different iattngan models in Cub test set 

model IS 

=0.1，𝛼1=1，𝛼2=1 4.09±.05 
𝜆=5，𝛼1=1，𝛼2=1 4.20±.04 
𝜆=10，𝛼1=1，𝛼2=1 4.17±.05 
𝜆=5，𝛼1=1，𝛼2=1 4.25±.04 

𝜆=5，𝛼1=1.1，𝛼2=0.9 4.28±.03 
𝜆=5，𝛼1=1.5，𝛼2=0.5 4.15±.04 
𝜆=5，𝛼1=1.1，𝛼2=0.9 4.33±.03 

 

We generate images based on the text description on the cub test set to compare the 

iattngan with the previous Gans model. As shown in Table 3, the optimal is value 

obtained by our method is higher, 4.33, compared with the previous optimal concept 

score value of 4.21. Experimental results show that iatngan with image attention 

mechanism can generate high-resolution images with fine-grained details more 

effectively than previous advanced methods.. 

 
5. Conclusion 

In this paper, we propose an anti network text image generation based on attention 

mechanism, which realizes the image attention mechanism to synthesize exquisite 

images based on text description. Firstly, the image attention mechanism is 

implemented in the attention generation network, and high-precision images can be 

generated through multi-stage process. Secondly, we add the image attention 

mechanism to the discrimination model and damsm to evaluate the matching between 
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fine-grained image and word level text and the authenticity of the image. Practice 

shows that our method is better than the previous model. In the future, we can also 

try to use other methods of calculating distance to explore images with higher is value. 
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