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Improvement of generative adversarial networks for

automatic text-to-image generation
Elham Pejhan 2 and Mohammad Ghasemzadeh **

1Computer Engineering Department, Yazd University, Yazd, Iran.
2 Computer Science Department, University of Copenhagen, Copenhagen, Denmark.

Abstract:

This research is related to the development of technology in the field of automatic text to image
transformation; also known as image generation from text. In this regard, two main goals are pursued;
first, the produced image must look as real as possible; and second, the produced image should be a
meaningful description of the input text. In recent years, generative adversarial networks that are
capable of producing a wide range of content such as images, text and audio, have been emerged. The
problem of producing images from text is a complex task in the field of machine vision and natural
language processing. With the advancement of new technologies, automatic image production from text
has become especially important due to its application in various fields, such as automated content
production. The basic methods for producing images from text actually used a combination of search
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and supervised learning. These methods use the correlation between the image regions and the words in
the text that can be depicted. These selected words are then used to retrieve the images that are related
to them. The problem with this solution is that it cannot generate images with new content. For this
reason, in recent years, some studies have been introduced for text to image generation based on GANs
and deep convolutional neural networks. In 2016, Reed et al. represented a model for text-to-image
generation using GANSs for the first time. They were able to generate images of flowers and birds with a
resolution of 64 x 64. However, their proposed method usually lacked precise details of objects such as
bird eyes and they were not capable of producing higher resolution images, such as 128 x 128. Zheng et
al. proposed StackGAN model that divides the problem into two smaller subproblems. In the first step,
they generate a low-resolution image with the initial design and color of the objects based on the text. In
the second step, the output of the previous step and the text are given as input to the system to improve
the original image and produce a high-quality image. In 2019, Zhou and colleagues introduced the DM-
GAN network. Their proposed model relies on dynamic key-value memory and focuses on improving

the quality of the image produced in the first step. Primary image properties are used as the search key

in the memory module. In memory units at each step, the words associated with the generated image are
dynamically selected and written. The methods presented so far have used only one sentence to produce
the initial image and also to improve it in the next steps. While the datasets used in this field contains at
least five descriptions for each image. The proposed method is a Multi Sentences Hierarchical GAN

(MSH-GAN) for text to image generation. In this paper, we have looked at two key options: 1) produce a

higher quality image in the first step, and 2) use two additional descriptions to improve the original
image in the next steps. Our goal is to focus on using more information to produce higher resolution
images. The structure of the network is in such a way that in the first stage, one sentence is used to
generate an initial low-resolution image. Then in the next steps, the initial image improves based on the
next two sentences, and the model generates higher-resolution images. The structure of the existing
memory retrieves more important text information in each step to improve image quality based on the
attention mechanism. Implementing programs related to this field require massive processing resources.
Therefore, the proposed method was implemented and tested on a cluster with 25 GPUs using the
hardware platform of the University of Copenhagen. The experiments were performed on CUB-200 and
ids-ade datasets. The experimental results based on Inception score and R-precision evaluation metrics
show that the proposed model can produce higher quality images than the two basic models StackGAN

and AttGAN.

Keywords: Generative Adversarial Network, Deep Learning, Hierarchical Model, Natural Language

Processing
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1. It's a bedroom with jade green walls.

2. The bedroom suite is all light colored
wood. There is a bed, dresser, night stand
and an armoire.

3. The bed is a Full bed with a wooden
headboard and footboard inset with
scrolled metal.

4. An off-white oriental carpet is in the
middle of the white floor.

The armoire is elevated on a platform.

5. It’s a bedroom with jade green walls.

6. The bedroom suite is all light colored
wood. There is a bed, dresser, night stand
and an armoire.

7. The bed is a Full bed with a wooden
headboard and footboard inset with
scrolled metal.

8. An off-white oriental carpet is in the
middle of the white floor.

9. The armoire is elevated on a platform.

[6] ids-ade esloas goceo 3 (gldiges 1) — S5
Figure-1: An example of ids-ade dataset.
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Table-1: The IS on the CUB-200 dataset.

Model IS (1)
GAN-INT-CLS [10] 2.88
StackGAN [17] 3.70
AttGAN [14] 4.36
DM-GAN [21] 4.69
MSH-GAN 4.80
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Table-2: The R-precision on the CUB-200 dataset.

Model R-Precision (1)
AttGAN 67.82
DM-GAN 72.31
MSH-GAN 79.27
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3 State-of-the-art

1 Batch size
2 Cosine similarity

OF 2le Fo,lel 1P Jlo



Ground truth

Examples of Descriptions Generated images

1. The bird has a white and gray speckled belly
and breast with a short orange bill.

2. A bird with a grey head and white throat, the
bill is short and pointed, with grey covering
the rest of the body.

3. Alarge bird with a grey coloring.

1.  This bird has a red breast and a white belly
and has a red head.

2. Asmall predominantly red colored bird with a
small rounded beak, and a speckled white and
red belly

3. Asmall red bird with light brown sides and a
small brown beak.

A medium sized bird that has tones of grey
and a large sized bill

2. This small bird has a thick beak, with brown
feathers on it.

3. A bird that has a thick yellow beak, and a
thick gray neck.

MSH-GAN (solpsiin Jow 3l ool adgi pgliai g Lo 31 (glaiged (Y — Ji)
Figure-2: Example results of generated images from proposed model MSH-GAN
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Table-3: Evaluation of MASH-GAN model on ids-ade

dataset.
Method IS (1) R'Pr(eTC)'S'O”
CS123 498 69.95
CSIRR 5.19 80.59
CSRRR 4.87 69.57
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Table-4: Evaluation of MASH-GAN model on ids-ade

dataset.
Model 1S (1) R-Precision (1)
C-R 4.61 69.73
C-1 4.35 65.3
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1.There are two wooden doors shown.

2.There is one picture of a woman on the
back wall.

3.There is a cocoa brown colored rug on the
floor of the image.

1. A picture contains the glass window with
wooden frame

2.Atable is there near the window

3. A plug point was there under the window

1. A bathroom with birght yellow walls

2.There is yellow towel sitting on the his and
hers sink

3. Using the mirror over the sink; you can see
a red towel next to the shower.

1. All around the room there are very dark
wooden cabinets

2. Above the kitchen sink there's a window
with white lacy scalloped curtains

3.Above the oven there's a white microwave
built in to the cabinets

0 ol g ol ‘s).l.b&i,.o} (Y - JSS)

ids-ade 5815 ac gosxo

Figure-3: Examples of generated images on ids-ade dataset
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