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Abstract— Active research on text-to-image continues to this day.
Most of them focus on improving image quality and semantic
consistency between text and image, based on well-established
datasets related to animals and objects. However, little research
has been done on creating text-to-face images. Therefore, in this
paper, we are proposing a model that creates face images from
text using ProGAN[2]. In future, we plan to include Korean texts
by building such a dataset.
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I. INTRODUCTION

An interesting field of text-to-image creation has been
actively researched and developed since the beginning with
StackGAN[3]. Several new models appear and the image
quality of the generated images is very good, and recently,
attention has been paid to the semantic correspondence
between images and text. In addition, the common datasets
such as MSCOCO[10], CUBJ9], and Oxford-102[11] are well-
equipped with data that can be used as an indicator of
performance evaluation. However, most of them are natural
images or datasets about objects and animals, and datasets on
human faces are extremely limited and not well established. Of
course, there is celebA[5] as the public data for image
compositing except text, but there is not enough research for
text-to-face. Therefore, in this paper, we plan to implement the
korea language text-to-face image generation model for the
first time by creating face image using Face2Text dataset
(contain 400 image sample and each face image-5 descrption
pair) and constructing Korean dataset.

Il. RELATED WORK

The text-to-image generation model has been studied as
follows. For the first time, conditional GAN[1] was introduced

as an encoder-decoder-based framework, followed by
StackGAN, which is currently the most basic. This model
consists of two stages of GAN stage after text embedding,
Created an image. Later, AttnGAN[7], composed of the
attentional generative network and the deep attentional
multimodal similarity model, was published and its
performance was superior to previous studies. In addition,
related studies such as stackGAN++[4], MirrorGANI8],
DCGANI6], and FTGAN[12] have been published. In this
paper, FTGAN, the most recent paper in face image synthesis,
was heavily influenced. FTGAN build a dataset SCU-
Text2face based on CelebA, which contains 1000 images. For
each face images in SCU-Text2face, there are five descriptions
given by different persons. It also showed better performance
than the existing models. It will be a good baseline for building
Korean dataset in the future.

I1l. PROPOSAL METHOD

The basic structure is a model introduced in the T2F on
Github  (https://github.com/akanimax/T2F) repository and
consists of ProGAN and LSTM network.
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Figure 1. Overall structure for models based on ProGAN and
LSTM networks model.

First, text descrption is encoded and embedded via the LSTM
network. The random variable c is then randomly sampled
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from the independant Gaussian dstribution N in the
Conditioning Augmentation step. This is useful for converting
text into an image and allowing the same sentence to have
various arbitrary expressions. The text latent vector thus
generated enters the input of the GAN and gradually increases
the resolution of the generated image by gradually adding
layers to the generator and discriminator as the training
proceeds.

IV. EXPERIMENTS

In this paper, we experiment with creating a simple face
image and show information about the dataset.

(a) Male example (b) Female example

= I see a serious man. Such facial expressions in- ® blonde hair, round face, thin long nose
dicate that the man is highly committed and dedi-

cated to his work ® While female , American stylish blonde hair and

blue or green eyes wearing a suit , public speaks
+ A middle eastern gentleman struggling with an ad- person

ministrative problem
@ Middle aged women, blond (natural 7}  well

groomed (maybe over groomed). Seems to be
defending/justifying herself to a crowd/audience.
Face of remorse/regret of samething she has done.

+ criminal

« Longish face, receding hairline although the rest
is carefully combed with a low parting on the per-
son’s left. Groomed mustache. Could be middle-
eastern or from the Arab world. Double chin and
an unhappy face. Very serious looking.

® An attractive woman with a lovely blonde hair
style, she looks pretty seductive with her red lips.
She looks like a fashion queen for her age.

Figure 2. Information about the dataset[13] used to train the
model (400 image, 5 descriptions on average for each image)

Figure 2 shows the dataset used to create the text-to-face image.

It consists of 400 images and five descriptions on average for
each image. As there is no data currently built, there was a
limit to selecting good performance.

- ash blond woman late fourties

- bright smile and nice row of teeth
- brown eyes, red lipstick, beautiful
high cheekbones

- wearing ear studs

- fair coat and a necklace

- a smiling man in his late 4 0 5
early 5 0 s with dark straight short
hair .

- wide forehead and wide chin ,
with a few wrinkles .

- his eyes are small and wearing
glasses

Figure 3. As a result of the experiment, the actual explanation
from the left, real image, generated image

Therefore, it was difficult to expect the ability to catch only a
certain shape like figure 3 and distinguish people properly. In
addition, the image of the image is also much lower than the
existing studies, so not only do we need to construct new data,
but also modify the model.

V. CONCLUSION

The field of text-to-image generation itself is a very
interesting topic and is very likely for future development.
Research on the new image creator itself has been steadily
being published with high quality models. In line with this
period, this paper proposed a model for text-to-face image
generation. Although the field is still under study, the model
itself is the basis of many existing studies, and its performance
is much lower than the papers published so far. In the future,
however, we will increase the 400 datasets by 1000 to produce
better quality images, and we will continue to update the GAN
model. In addition, we will build a new dataset and modify it to
a model that can be embedded in Hangul.
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