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The given work is devoted to the text-to-image translation. This transiation
can be realized in two steps. First, a large text should be tansformed mto a
small set of captions. Second, these captions should be used to generaic imagys.
There are different methods thet can help to implement both steps.

Self-publishing becomes more and more popular. And many people crevte
cover and/or illustrations to their own texts by themselves. So, it would be very
convenient (o automate the process of ¢rcating images by generating them Lo
text using certain software, The text may be too large to convert it to a specific
image. First, it should be shortened, for example, by finding a description
{without dialogs), generating an annotation on the whole work or finding
keywords in the text. So, the task can be divided into two main steps: the
compression of the text in the best way for the next processing and the
generation of the image from the first step output. And bath steps should get a
quality assessment of conversions. The image can be converted to the caption
and compared with the input of the first siep.

There are several algorithms ta find keywords in the text such as TF-1Dw,
RAKE, and TextRank. The RAKE algorithm is based on the construction of a
co-oceurrence graph from the viords that occur most often in the text,

All these algorithms are represented by Python libraries. There is NLTK =
2 suite of libraries in Python for natural language processing (NLP) for English
written text. One of the Python libraries which implements RAKE algorithm is
multi-rake that helps to extract keywords from a text wrilten in any language.
They all work enough quickly but represents result in different ways. Multi-rake
library should be configured tc return word combinations instead of one word,
because for the next step captions are nceded as input. Also, the output doesn’|
always correspond to the most :mportant part of the text, but the most repeatable
motive. There is a problem with the language of the text an this step because
rexts written in English have maore possibilities for their own processing.

Generation of images using ncural networks is actively developing now.
Different variations of Generational Competitive Netwarks (GAN) arc used for
that. GAN is represented by two networks - Generator and Discrininator, the
first penerates images based on the input; the second attempts 1o distinguish real
images from generated and outputs a certain result {they are real or not).

A group of developers from the Lehigh University, Rutgers University, and
ouke University and Microsoft have proposed their own solution for gencrating
mages — the Attentional Generative Adversarial Network (AUnGAN) allows
=ulti-step change of the generated image according to the change of sonw
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words in the text description. There is an implementation of AttnGAN &%
Python with PyTorch framework. But there are problems with the choice ¢f &
dataset with labels (the language of the labels, the number of images, the class=
of images), and with the speed of training neural networks.

The whole process is represented in picture 1.
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Picture 1 — Text to image conversion

The results below (pic. 2) were received after combining multi-rai=
algorithm and AttnGAN. The Last Leaf by O. Henry was chosen as a test input.

s
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:.Plctur 2 — llustrations for The Lt eaf y O. Henry (1 — avs, 2-3 — doctor’

The quality of generated images depends on datasets on which the neurz
network was trained. So, it is better to concentrate on a certain type of texts 2
improve the generation. For-example, generate images of nature only and traie
on a dataset with such images.-This may not be nature; any topic can be chosen.

The first step should be expanded with the extraction of only necessary
parts of the text in this case. The text can be divided into paragraphs (or the
sentences) and the number of words indicating the nature can be calculated (b3
the dictionary, by the classes of the dataset or its captions, etc.). Sequential
paragraphs or sentences can be combined into one. All dialogs can be deleted
before processing the text. If the number of words (or the percentage) exceeds 2
given threshold, the paragraph is sent to further processing. Thus, the program
knows which input it expects and the output becomes more predictable and texi-

‘related.
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Abstract - The given work considers the existing methods of text compression (finding keywords or creating summary)
using RAKE, Lex Rank, Luhn, LSA, Text Rank algorithms; image generation; text-to-image and image-to-image translation
including GANSs (generative adversarial networks). Different types of GANs were described such as StyleGAN, GauGAN,
Pix2Pix, CycleGAN, BigGAN, AttnGAN. This work aims to show ways to create illustrations for the text. First, key
information should be obtained from the text. Second, this key information should be transformed into images. There were
proposed several ways to transform keywords to images: generating images or selecting them from a dataset with further
transforming like generating new images based on selected ow combining selected images e.g. with applying style from one
image to another. Based on results, possibilities for further improving the quality of image generation were also planned:

combining image generation with selecting images from a dataset, limiting topics of image generation.
KEYWORDS: Image generation, Text keywords, Image-to-image translation, Text-to-image translation, Text compression.

1. State of the Art

Online publications are currently very common. Their
advantage is simplicity and accessibility for all people. A
publication of their works is no longer unattainable for most
people. Access to the Internet solves almost every possible
problem.

One of the components of a successful, attention-
grabbing publication is the illustrations that accompany it.
Not everyone can create its unique illustration or buy the
rights to someone else's picture. Images in the public domain
often repeat and quickly become boring. How, then, can you
create an illustration without art skills?

One of the options may be the generation of images by
software.

There are neural networks such as GAN. GAN is a
generative-competitive network, which is based on a
combination of two neural networks, one of which generates
candidates, and the other tries to distinguish the right
candidates from the wrong ones.

There are a lot of types of GAN, and each of them does
its job.

For example, the face generation is very popular now.
There is even a website that creates faces of non-existing
people. This creating process is based on style-based GAN.
The architecture of StyleGAN leads to an automatically
learned, unsupervised separation of high-level attributes
(e.g., pose and identity when trained on human faces) and
stochastic variation in the generated images (e.g., freckles,
hair), and it enables intuitive, scale-specific control of the
synthesis [1].

One of the implementations of StyleGAN architecture is
provided by NVIDIA labs.

Also, NVIDIA presented GauGAN network in March
2019 and provided an interactive app that generates realistic
landscape images from the layout users draw. GauGAN

allows user control over both semantic and style of created
images [2].

Generally, there a lot of ways to translate image to image,
e.g. Pix2Pix and CycleGAN.

Pix2Pix trains to translate images basing on pairs of
images {A,B}, where A and B are two different depictions
of the same underlying scene. This architecture has examples
of translating labels to facades, changing day to night, edges
to photo, or black-white image to colorful [3].

CycleGAN is an unpaired version of Pix2Pix
architecture. It can translate an image from a source domain
X to a target domain Y in the absence of paired examples.
This architecture is used for changing weather or season on
the photo, or for applying a style of a specific artist [4].

Also, there is a neural style algorithm that can apply a
style of one image to another [5].

There are a lot of GANSs that can generate images basing
on specific labels. They are called conditional GANSs.

One of improving such GANs is BigGAN. It creates very
realistic images for the specific class. It can be trained with
complex datasets such as ImageNet, for example. One of the
observed failures of partially-trained BigGAN models is a
class leakage, where images from one class contain
properties of another. Resulted images can be translated
from one class to another [6].

Another improving of conditional GAN is AttnGAN.
AttnGAN allows changing the generated image in a
multistage manner according to the change of individual
words in the text description [7].

AUtnGAN uses a variational autoencoder. Autoencoders
are neural networks that copy their inputs to their outputs.
They work by compressing the input into a latent-space
representation and then reconstructing the output from this
representation. This kind of network is composed of two
parts: encoder and decoder.



Variational autoencoders (unlike vanilla autoencoders)
allow creating data similar to existing data or even changing
itin a specific direction. Variational autoencoders are trained
to extend their latent space generating possible input and
feed it to the decoder to generate new data samples [8].

Based on variational autoencoders, different GANs can
be built.

Also, there is a SinGAN, an unconditional generative
model that can be learned from a single natural image. It can
generate high quality, diverse samples that carry the same
visual content as the image.

SinGAN contains a pyramid of fully convolutional
GANSs, each responsible for learning the patch distribution at
a different scale of the image. This allows generating new
realistic samples of arbitrary size and aspect ratio, that have
significant variability, yet maintain both the global structure
and the fine textures of the training image. In contrast to
other single image GAN schemes, SinGAN approach is not
limited to texture images, and is not conditional (i.e. it
generates samples from noise) [9].

2. Problem Statement and Proposed Solution

There are a lot of ways to generate images basing on
input images or text description. But how can this
information be received from a big text?

So, the problem of generating illustrations from a text can
be divided into two parts. The first one is text compression
to appropriate data for input. The second one is translating
text to image or selecting images from a dataset.

Consider each of the steps in more detail.

2.1 Text Compression

There are various ways to work with text: generating
annotations, finding key phrases, or choosing certain words
or word combinations. One of them is Rapid Automatic
Keyword Extraction (RAKE) algorithm. RAKE is an
algorithm  to  automatically extract  keywords from
documents [10].

Another way is natural language processing (NLP),
which provides a lot of abilities to understand what text is
about. For example, tokenization (the process of splitting
text to words, sentences, paragraphs or other types of tokens)
is one of the basic components of almost any NLP task, and
it can be the first step to prepare a text for processing.

Extractive text summarization techniques perform
summarization by picking portions of texts and constructing
a summary, unlike abstractive techniques that conceptualize
a summary and paraphrases.

There are several unsupervised graphical-based text
summarizers such as Lex Rank or Text Rank.

In original TextRank the weights of an edge between two
sentences is the percentage of words appearing in both of
them.

60

Lex Rank uses IDF-modified Cosine as the similarity
measure between two sentences. This similarity is used as a
weight of the graph edge between two sentences. Lex Rank
also incorporates an intelligent post-processing step which
makes sure that the top sentences chosen for the summary
are not too similar to each other.

Luhn is an algorithm that scores sentences based on the
frequency of the most frequent (significant) words. It ranks
sentences for summarization extracts by considering
significant words and the linear distance between these
words due to non-significant words.

LSA works by projecting the data into a lower-
dimensional space without any significant loss of
information. One way to interpret this spatial decomposition
operation is that singular vectors can capture and represent
word combination patterns that are recurring in the corpus.
The magnitude of the singular value indicates the importance
of the pattern in a document [11].

Also, there is Parts-Of-Speech tagging (POS tagging)
and is also known as word classes or lexical categories. The
task of POS-tagging is to labeling words of a sentence with
their appropriate Parts-Of-Speech (Nouns, Pronouns, Verbs,
Adjectives, etc.) [12].

For example, only nouns can be selected from the text,
because nouns characterize the text most of all. Or a
combination of a noun and a verb can be chosen. These word
combinations show what actors are in the texts (nouns) and
what actions they perform (verbs) — that is almost the main
idea of the text.

2.2 Image Generation

So, images should be generated based on the keywords
received in one of the ways described in paragraph 2.1.

GAN networks can be used for image generation, for
example, AttnGAN.

Also based on a combination of nouns and verbs (as
described in paragraph 2.1) images of people can be
generated. There are many ways to generate faces, but it is
better to generate the whole person who performs a specific
action (so have the specific pose).

There is Pose Guided Person Image Generation network
that allows synthesizing person images in arbitrary poses,
based on an image of that person and a novel pose. A
generation framework PG2 utilizes the pose information
explicitly and consists of two key stages: pose integration
and image refinement. It allows simultaneously transferring
the appearance of a person from a given pose to a desired
pose and keep important appearance details of the identity.
Each stage is focusing on one aspect. For the first stage,
several model variants can be used and, for the second stage,
conditional DCGAN is used to fill in more appearance
details. [13].

Another way is not to generate an image (because the
result can be unpredictable), but to find specific images by
labels in datasets.



The dataset should have not only images but labels,
which describe each picture. Images can be selected using
these labels. Image labels should match input keywords as
much as possible. An example of a suitable dataset is
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Table 1.

Results of Text Compression Methods (The Last Leaf)

The Last
Leaf

Settings
&
Metrics

Image selection

l

Image-to-image

translation

ImageNet.
A full process of generating images for the text is shown
in Fig. 1.
TEXT
Text compression
b
Keywaords
¥
Text-to-image
translation
¥
IMAGES

»

Fig. 1 — Steps of image generation for the text

3. Conclusion

First, several ways to compress text (find keywords or

create summary) were considered.

Examples are created for the story “The Last Leaf” by
O. Henry and the novel “The Old Man and the Sea” by
Ernest Hemingway. These texts were chosen because they
are short and have a lot of descriptions to generate
illustrations. The obtained text compressions are shown in

Table 1 and Table 2.

pillows about me, and I will sit up
and watch you cook."

de world mit der foolishness 12 keywords
dot poor leetle miss yohnsy
elegant horseshow riding trousers min
useless woollen shoulder scarf characters = 3,
pen-and-ink drawing max
E sue found behrman smelling strongly words =5,
S red eyes plainly streaming min
especial mastiff-in-waiting frequency = 1
lone ivy leaf clinging
wide-open eyes staring 5 (both other
small dutch window-panes texts) and 2
three-story brick sue common key
phrases
michael angelo's moses beard curling 12 keywords
de world mit der foolishness
dot poor leetle miss yohnsy min
elegant horseshow riding trousers characters = 3,
B useless woollen shoulder scarf max
S red eyes plainly streaming words =7,
= sue found behrman smelling strongly min
E lone ivy leaf clinging frequency = 1
= brick house twenty feet
busy doctor invited sue 5 (both other
ravager strode boldly texts) and 3
feet trod slowly common key
phrases
dot poor leetle miss yohnsy 12 keywords
miss yohnsy shall lie sick
brush without getting near enough 5 (both other
de world mit der foolishness texts) and 1
ﬁ art people soon came prowling common key
E brick house twenty feet away phrases
e useless woollen shoulder scarf
e elegant horseshow riding trousers
allow dot silly pusiness
sue found behrman smelling strongly
last one said johnsy
brick wall one ivy leaf
"It is the last one," said Johnsy. 2 sentences
And then they found a lantern, still
= lighted, and a ladder that had been
& dragged from its place, and some
% scattered brushes, and a palette with
— green and yellow colours mixed on
it, and - look out the window, dear, at
the last ivy leaf on the wall.
You may bring a me a little broth 2 sentences
now, and some milk with a little port
= in it, and - no; bring me a hand-
3 mirror first, and then pack some




Table 1 Continuation.
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Table 2 Continuation.

The Old

Man

and the
Sea

Settings
&
Metrics

Rake NLTK

sorry qua va

get four fresh ones one

white cumulus built like friendly piles
old man saw flying fish spurt

old man said happily

head let pedrico chop

hands well old man

day ends let us hope

Lex Rank

He cannot know that it is only one man
against him, nor that it is an old man.
But there was not much of it.

2
sentences

Luhn

After that he began to dream of the long
yellow beach and he saw the first of the
lions come down onto it in the early dark
and then the other lions came and he
rested his chin on the wood of the bows
where the ship lay anchored with the
evening off-shore breeze and he waited
to see if there would be more lions and
he was happy.

He took all his pain and what was left of
his strength and his long gone pride and
he put it against the fish’s agony and the
fish came over onto his side and swam
gently on his side, his bill almost
touching the planking of the skiff and
started to pass the boat, long, deep, wide,
silver and barred with purple and
interminable in the water.

2
sentences

LSA

How would you like to see me bring one
in that dressed out over a thousand
pounds?" "I'll get the cast net and go for
sardines.

No matter what passes I must gut the
dolphin so he does not spoil and eat
some of him to be strong.

2
sentences

s & 2
3 S £23
= 3 =
And then they found a lantern, still lighted, 2
and a ladder that had been dragged from its sente
% place, and some scattered brushes, and a nces
N palette with green and yellow colours mixed
on it, and - look out the window, dear, at the
last ivy leaf on the wall.
In a little district west of Washington Square 2
é the streets have run crazy and broken sente
5 themselves into small strips called "places." nces
j“_, "Johnsy, dear," said Sue, bending over her,
5 "will you promise me to keep your eyes
= closed, and not look out the window until 1
am done working?
Table 2.
Results of Text Compression Methods (The Old Man and the
Sea)
=T @n ]
SEZ -
o = ==
= & 2 s <=
=% 73} =
portuguese man-of-war floating dose 12 keywords
white tipped wide pectoral fins
portuguese men-of-war min
long deadly purple filaments trailing characters =
purple pectoral fins set wide 3,
o two-decker metal container max
3 projecting green sticks dip sharply words =5,
M ordinary pyramid-shaped teeth min
man-of-war bird frequency =
thrusting all-swallowing jaws 1
high dorsal fin knifing
great erect tail slicing 7 common
key phrases
white tipped wide pectoral fins 12 keywords
long deadly purple filaments trailing
purple pectoral fins set wide min
portuguese man-of-war floating dose characters =
) high dorsal fin knifing 3,
i) Lo . .
< projecting green sticks dip sharply max
= great erect tail slicing words =7,
S | he’ll weigh ten pounds min
= small delicate dark terns frequency =
great long white spine 1
shark’s yellow cat-like eyes
small tuna’s shivering pull 7 common
key phrases
ﬁ good luck old man good luck 12 keywords
E know others better que va
© beg keep warm old man 0 common
é know sleep well old man key phrases

Text Rank

He saw the phosphorescence of the Gulf
weed in the water as he rowed over the
part of the ocean that the fishermen
called the great well because there was a
sudden deep of seven hundred fathoms
where all sorts of fish congregated
because of the swirl the current made
against the steep walls of the floor of the
ocean.

After that he began to dream of the long
yellow beach and he saw the first of the
lions come down onto it in the early dark
and then the other lions came and he
rested his chin

on the wood of the bows where the ship
lay anchored with the evening off-shore
breeze and he waited to see if there
would be more lions and he was happy.

2
sentences
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Table 4.

Second, AttnGAN was used to generate images from

resulted keywords.

Results of Image Generation (The Old Man and the Sea)
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As part of further researches, the freedom of GAN image
generation can be combined with an easy and exact selection

Examples were created based on results from the
previous step, so the same texts were used. The obtained

images are shown in Table 3 and Table 4.

Table 3.

Results of Image Generation (The Last Leaf)
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of pictures. If the GAN receives a specific template for



creating an image, the resulting images will be more logical
and realistic. It is necessary to think where this template can
be obtained and how it can be used in the GAN.

GAN freedom should be limited. The ability to generate
any image complicates the training of the network and its
further use. Perhaps for each topic (type of image) networks
can be trained separately with some specific parameters and
additional restrictions or conditions.

Also, existing images can be translated using other
images, as the StyleGAN mentioned in paragraph 1 does, for
example.

A combination of a text-to-image translation and an
image-to-image translation can be a way to provide better
results of an image from text generation.
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The given work considers ways of text-to-image translation using RAKE (algorithm for finding keywords in a text) and GANs
(generative adversarial networks). An example of a topic for image translation is nature. Images are selected from a dataset by
keywords, transformed using their segmentation, GauGAN and StyleGAN. Results are compared with image generation using
AttnGAN. Based on results, possibilities for further researches are suggested: merging images with different types, for example,

nature images with generated people images.

NATURE, LANDSCAPE, IMAGE GENERATION, TEXT KEYWORDS, IMAGE-TO-IMAGE TRANSLATION, TEXT-TO-IMAGE

TRANSLATION, TEXT COMPRESSION

1. State of the Art

In the age of modern technology, there are a lot of
opportunities to create images with the help of software. For
example, people without an aptitude for drawing can illustrate
something by themselves not to buy images or use stock ones.

There are neural networks such as GAN. GAN is a
generative-competitive network, which is based on a
combination of two neural networks, one of which generates
candidates, and the other tries to distinguish the right candidates
from the wrong ones.

There are a lot of types of GAN, and each of them does its
job. But usually generated images are not so good as people can
draw. The larger set of images network can generate — the less
intelligible is the picture.

So how to make networks to generate illustrations for a
really extensive but still specific topic like nature?

NVIDIA presented GauGAN network in March 2019 and
provided an interactive app that generates realistic landscape
images from the layout users draw [1]. So, this network allows
creating a specific type of illustrations (a nature) if the user can
provide layout (or segmentation) for it.

There are a lot of algorithms for image semantic
segmentation, most of which are improvements of Fully
Convolutional Network (FCN).

One of them is Mask R-CNN. The Mask R-CNN is a Faster
R-CNN with 3 output branches: the first one computes the
bounding box coordinates, the second one computes the
associated class and the last one computes the binary mask? to
segment the object. The binary mask has a fixed size and it is
generated by an FCN for a given Rol.

The Faster R-CNN architecture for object detection uses a
Region Proposal Network (RPN) to propose bounding box
candidates. The RPN extracts Region of Interest (Rol) and a
RolPool layer computes features from these proposals to infer
the bounding box coordinates and the class of the object. Mask
R-CNN also uses a RolAlign layer instead of a RolPool to avoid
misalignments due to the quantization of the Rol coordinates.

The particularity of the Mask R-CNN model is its multi-task
loss combining the losses of the bounding box coordinates, the
predicted class and the segmentation mask [2].

These segmentations can be used as a layout in a GauGAN
network.

Also, there is a neural style algorithm that can apply a style
of one image to another [3]. Usually, such networks are used to
apply the style of some artists. But it doesn’t matter which
image is used as an input — a piece of art, photography or
something else.

There are a lot of GANs that can generate images basing on
specific labels. They are called conditional GANSs.

One of improving of conditional GANs is AtthGAN.
AttnGAN allows changing the generated image in a multistage
manner according to the change of individual words in the text
description [4].

AttnGAN uses a variational autoencoder. Autoencoders are
neural networks that copy their inputs to outputs. They work by
compressing the input into a latent-space representation and
then reconstructing the output from this representation. This
kind of network is composed of two parts: encoder and decoder.
Variational autoencoders (unlike vanilla autoencoders) allow
creating data similar to existing data or even changing it in a
specific direction. Variational autoencoders are trained to
extend their latent space generating possible input and feed it to
the decoder to generate new data samples [5].

Also, there is a SInGAN, an unconditional generative model
that can be learned from a single natural image. It can generate
high quality, diverse samples that carry the same visual content
as the image.

SinGAN contains a pyramid of fully convolutional GANs,
each responsible for learning the patch distribution at a different
scale of the image. This allows generating new realistic samples
of arbitrary size and aspect ratio, that have significant
variability, yet maintain both the global structure and the fine
textures of the training image. In contrast to other single image
GAN schemes, SInGAN approach is not limited to texture
images, and is not conditional (i.e. it generates samples from
noise) [6].


https://context.reverso.net/%D0%BF%D0%B5%D1%80%D0%B5%D0%B2%D0%BE%D0%B4/%D0%B0%D0%BD%D0%B3%D0%BB%D0%B8%D0%B9%D1%81%D0%BA%D0%B8%D0%B9-%D1%80%D1%83%D1%81%D1%81%D0%BA%D0%B8%D0%B9/In+the+age+of+modern
https://context.reverso.net/%D0%BF%D0%B5%D1%80%D0%B5%D0%B2%D0%BE%D0%B4/%D0%B0%D0%BD%D0%B3%D0%BB%D0%B8%D0%B9%D1%81%D0%BA%D0%B8%D0%B9-%D1%80%D1%83%D1%81%D1%81%D0%BA%D0%B8%D0%B9/aptitude+for+drawing

2. Problem Statement and Proposed Solution

Text-to-image translation can be divided into two steps: text
compression and image generation. The result of the first step
must be controlled to be suitable for the second step.

If the resulting keywords are too abstract, any GAN won’t
be able to generate images, regardless of which dataset it was
trained on.

In this case, it can be done oppositely. Only keywords that
match the dataset and the trained GAN model accordingly
should be selected.

2.1 Text Compression

A text compression can be obtained using the Rapid
Automatic Keyword Extraction (RAKE) algorithm. RAKE is
an algorithm to automatically extract keywords from
documents [7].

But how can be controlled what exactly is received?

For example, there are a dataset of images with labels. So,
the list of all possible labels can be received. These labels can
be called a dictionary.

Then the text can be checked for the presence of words from
the dictionary and only those sentences or paragraphs (text
units) which contain them should be selected. And only after
this step the text received should be compressed. The resulting
key phrases can also be analyzed for the presence of words from
the dictionary.

The number of matching words or the percentage of such
words in a text unit can be calculated and only those units where
the number exceeds a certain threshold value should be
selected.

Paragraphs can be analyzed separately,
paragraphs can be combined into one.

or adjacent

Using WordNet, not only the presence of words from the
dictionary can be checked, but also their synonyms (choose a
certain percentage of similarity). WordNet is a large lexical
database of English. Nouns, verbs, adjectives, and adverbs are
grouped into sets of cognitive synonyms (synsets), each
expressing a distinct concept [8].

Depending on the topic, dialogs may or may not be counted.
For example, descriptions of nature can be found without
dialogues at all.

The "extra" punctuation marks can also be removed.

2.2 Image Generation

Based on the keywords obtained in paragraph 2.1, images
from the dataset should be selected.

The dataset should have not only images but labels, which
describe each picture. Images can be selected using these labels.
Image labels should match input keywords as much as possible.

An example of a suitable dataset is ImageNet.

Further, the received images can be converted in a certain
way. There are several ways to do it.
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First, different autoencoders can be used. Autoencoders
copies their input to output, and variational autoencoders can
generate new output based on input.

Second, GauGAN. The first step will be receiving image
segmentation, and then generating a new image based on
segmentation.

Third, StyleGAN. In this case, a new image will be created
based on two selected images: will be taken the segmentation
first and applied the second style. Or even first GauGAN can be
applied to one of the images, and then the styles of the other
images can be applied to the resulting image.

Fourth, SinGAN. Preliminarily models can be trained for
each image in the dataset (but it will be very time consuming).
After, new images can be generated based on models of the
selected images. Also, SInGAN allows transforming paints to
images. So, an image segmentation can be used like in the case
when GauGAN is used.

Thus, a large number of new images can be obtained, almost
unique and quite diverse.

3. Conclusion

First, RAKE algorithm was used to compress text (find
keywords). The obtained text compressions are shown in
Table 1.

Table 1.
Results of Text Compression Method (The Old Man and the Sea)
= ) )
SEZs £
2ZF@ b
= < 72}
[('man heard dip push oars', 25.0), 12 keywords
("boats beaches', 4.0), (‘'moon hills', 4.0),
('sea’, 1.0)] min
characters =
[(‘clouds building trade wind looked 3,
ahead', 36.0), (‘sea’, 1.0)] max
words =7,
% [('signs sky days ahead sea', 25.0), min
« | (‘hurricane', 1.0)] frequency =
1
[('sleep moon sun sleep', 16.0), ('days
current flat calm', 16.0), ('ocean sleeps', By
4.0)] paragraphs,
paragraphs
[("ate afternoon', 4.0), (‘sea sky', 4.0)] are
connected

Second, several images were found. For example, the
keywords ‘late afternoon’ and ‘sea sky’ can be chosen to find
images. A dataset which images below were selected from is
called Earth Porn and was taken from Reddit [9].

Then GauGAN was used to translate images from images.
The obtained images are shown in Figures 1-4.



68

a) Input (found image) a) Input (found image)

b) Segmentation ¢) Output (generated image) b) Segmentation ¢) Output (generated image)

Figure 1. Image-to-image translation Figure 3. Image-to-image translation

a) Input (found image) a) Input (found image)

b) Segmentation c) Output (generated image) b) Segmentation ¢) Output (generated image)

Figure 2. Image-to-image translation Figure 4. Image-to-image translation



Also, template segmentation can be used. The result is
shown in Figure 5 (different input images can be applied for a
neural style transfer).

Figure 5. Image-to-image translation

For each selected image models were trained using
SinGAN. Then new images were generated. Received results
are shown in Table 2.
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Table 2.
Results of SinGAN Image Generation (The Old Man and the Sea)

The Old Man and the Sea

9[eds

S

9|e2s

€

ETLRIS

€

ETLRIS

14

9]e2s

14

ETLRIS

€

9|e2s

g




A result can be compared with images generated by
AttnGAN, look at Table 3.

Table 3.
Results of AttnGAN Image Generation (The Old Man and the Sea)

It was getting late in the
afternoon and he saw nothing
but the sea and the sky.

late afternoon

sea sky

So, a combination of a text-to-image translation and an
image-to-image translation with GauGAN provides better
results of an image from text generation than just text-to-image
translation with AttnGAN.

As part of further researches, images generated for different
topics can be merged. For example, people’s images can be
generated separately and background (like landscape or
interior) separately.

There is a Pose Guided Person Image Generation network
that allows synthesizing person images in arbitrary poses, based
on an image of that person and a novel pose [10]. Combinations
of anoun and a verb can be obtained from a text. Images can be
selected from the special dataset by these word combinations
showing what actors are in the texts (first group of images with
people’s looks) and what actions they perform (second group of
images with people’s poses). And based on that, people’s
images can be generated.
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And then an image of a person (or people if several images
are combined) can be merged with a landscape image to receive
one resulting image.
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XAPKIBCHKMI HALIIOHAJIBHUI YHIBEPCUTET PAJIOEJIEKTPOHIKH
@akyabTET KOMI'FOTEPHUX HAYK

BIT'YK

Ha aTecTaliitny po0oTy MaricTpa
[Munopenko [ap’i Onekcanapisau, [13Cm-18-1,
crietiabHICTh 121 - [HXkeHepis nporpamMHoro 3ade3neyeHHs

ocBiTHRO-TIpOdeciiiHa mporpama «IIporpamue 3a0e3MEUCHHS CHCTEM
Tema arecrartiitHoi po6oTu «JlocniKeHHs METO/I1B TeHEPYyBaHHS LTIOCTpaIliii Ha
OCHOBI TEKCTY»

B arecrartiitniit poOOTI pO3IJIIHYTI aKTyasbHI 3a/1a4l aHaJli3y MPUPOJIHOT MOBU Ta
re’epaiiii 300pa>keHb, KOMOIHAIIS TAKMX METO/IIB JI03BOJIUJIA PO3POOUTH 1HHOBAIIIMHE
pIIIEHHS IS TeHepallii UTFoCTpallii, JoJaBaHHS CTHII0 Ha OCHOBI TEKCTIB Pi3HOI
TTOBKUHHU.

Crygent Ilunopenko /. mposiBuiia cebe sK CaMOCTIMHIN JOCIIIHUK, MPOBENA
JIOCIIIJIPKEHHSI METO/IIB CTUCHEHHSI TEKCTY, FeHepallii 300paxeHs. Ha ocHOBI IpoBeieHUX
JOCITIJIKEHb, B MEPIINN pIK BUKOHAHHS POOOTH, OyJM OTpHMaHi UTIOCTpallii HU3BbKO1
SAKOCTI Ta YMOBHOI BIJMOBIAHOCTI 70 BXigHOro Tekcty. Cucremna po6orta Hap’i
[MunopeHko npuBesna 10 OTPUMAaHHS HAJICKHOTO Pe3yJIbTaTy.

B pe3ynbrati BUKOHaHHS aTeCTaliifHOi poOOTH aBTOpOM OyJIHM OTpUMAaHI HAyKOBI
pe3ynbTaTH, SKI TpeAcTaBieHl Ha MonoabkHoMy (opymi, HIATOTOBIEHI TE3U
KoH(pepeHii Ta myosikaiis B ()axoBOMY BHJIaHHI JIJIsl TEXHIYHUX HaYK.

Marictpaar r1p. [I3Cwm-18-1 IImmopenko J[.O. roToBmWiAi 10 CamMOCTIHHOI
1HKEHEPHOI JIAJIbHOCTI. ATecTaiiiiHy poOoTy MoxHa mnojgatu Ao 3axucty B EK 3a
cnerianbHicTIO 121-«IHXKeHepis mporpaMHOro 3abe3nedeHHs», OCBITHbO-TTPOQECIHHOIO
nporpamoro «IIporpamue 3a0e3meueHHs CHCTEM.

« » 2019 p.
T1ITNC KepiBHuk atecraiiiitnoi poO0oTH Marictpa

Typyta O.B., nouent kad. I11., k.T.H., Jo1IeHT
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Penensis
Ha aTecTarliiny poOoTy mMaricTpa
cryaenTa rpynu [13Cm-18-1 IMunopenko /1.0.
cnemianpHicTh — 121 - [mkenepis mporpamMHoro 3a0e3neueHHs
OCBITHBO-TIpOdeciitHa mporpama «IIporpamHe 3a0e3neUeHHS CUCTEM
«JlocmimKeHHs METO/1IB TeHEPYBaHHS UTIOCTpAIliii Ha OCHOBI TEKCTY».

ArecTariiiina po6oTa CKJIa/1a€ThCs 3 MOSCHIOBAJILHOI 3aMIUCKU __ CTOPIHOK; IrpadiuHO] YaCTUHU
___ apKyImlIiB; MporpaMHe 3aCTOCyBaHHS y BUTJISAI HaOopa (aiiiiB Ta Mojenelt  ¢ailliB 3araibHAM
ob0csarom  KoOaiT.

B po6oti mpoBoguTCS MyIBTHAMCIMILIIHAPHE TOCTIHKEHHS, SKE MOEJHYE METOIU OO0pOOKH
NPUPOIHOT MOBH Ta reHepamii 300pakeHb. AKTyaJbHHM € METOAM TeHepallii 300paKeHb Ha OCHOBI
KJIFOYOBHUX CJIIB Ta IMONEPEIHBO ONPALlbOBAHOTO IA0IOHY.

ArecTariiiina poboTa cKJIaJaeThcs 3 pO3AUTIB aHalli3y MpeIMeTHOI 00JIacTi, MOCTAaHOBKY 3ajaui,
CTHCHEHHS TEKCTY, T'eHepallisi 300pakeHb, OLlIHKa OTPUMAHOI'0 Pe3yibTaTy, BUCHOBKIB Ta A0AATKIB. B
pO3/iiaX CTUCHEHHS TEKCTY MPOBEACHHM aHalli3 iICHYIOYMX METOMAIB BHJIIJICHHS KIF0UOBOi iH(popMarlii
HAa OCHOBI YaCTOTHOI XapaKTePUCTHKU CJIIB Ta HAa OCHOBI TI'paMaTHYHUX OCHOB. JlochimKeHHS
IIPOBOJISITHCS TSI KOPITYCiB TEKCTIB, 110 MPEICTaBIeH] aHTIIIHCHKOI Ta yKpaiHChKOIO MOBaMH. B po3aiii
rerepanii 300pakeHb MOPIBHIOIOTHCS METOJU CTBOPEHHS 300pakeHb Ha OCHOBI NMPETPEHEPOBAHUX
MoJieNiell HeHPOHHUX MEpeX Ha TeKCTOBOMY HAa0Opi JaHWX Ta HAa OCHOBI MOMEPETHBO CETMEHTOBAHMX
300pakeHb. J[01aTKOBO pO3MISAAETHCS METOT TIepeIadi CTUIIIO Bijl 0a30BUX 300pakeHb.

Po3pobiene mporpamMHe 3acTOCyBaHHS € aBTOMaTHYHUM PIIIEHHSM CTBOPEHHS LTIOCTpaLii 1is
TEKCTIB pi3HOI JoBKUHU. [IpoBeaeH1 JoCIIKEHHS MIATBEPKYIOTh MOXKIIUBICTh CTBOPEHHS 1JTFOCTpALlii
JUIS TEKCTIB OyJib-sIKOi JIOBXKMHU Ta TEMAaTUKH, aje HalKpalll pe3yJbTaTh OTPUMaHi JJsl CTBOPEHHS
nei3axis.

BuxonaHi 1ocniKeHHs Ta MpoBeAeHa po0oTa Ta OTPUMAaHI pe3yJlbTaTH MOBHICTIO OMHMCAHI B
nosiCHIOBaNbHIM 3anucui. [1o pesynbpraraMm gociifkeHHs ommyOIiKoBaH1 T€3H JIOMOBI/II Ta MiATOTOBJIEHA
myOiKaris.

B sixocTi HeOMIKIB CTil BKa3aTH Pi3HY SKICTh OTPUMAHUX UTFOCTPAIliil Ta X BIAMOBIIHICTH 10
BX1JIHOTO TEKCTY.

Artecrariitna po6orta marictpanta rpynu [13Cm-18-1 ITunopenko /1.O. Bianosigae BUMoram J1o
aTecTallifHUX poOIT 1 3aciIyroBye OLIHKM «BIAMIHHO — 96 A». ATtecrauniiiHy po0OOTy MOKHA
npencraButd s 3axucty B EK 3a cnenianbhicTio 121 - IHXeHepis mporpaMHoOro 3abe3lneyeHHs,
ocBITHBO-TIpO(deciiiHoro mporpamoro «IIporpamue 3a6e3nedeHHs cuCTEMY.
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Ha aTecTalliiHy poOOTy MaricTpa
cryaenTa rpynu [13Cm-18-1 IMunopenko /1.0.
cnemianpHicTh — 121 - [mkenepis mporpamMHoro 3a0e3neueHHs
OCBITHBO-TIpOdeciitHa mporpama «IIporpamHe 3a0e3neUeHHS CUCTEM
«JlocmimKeHHs METO/1IB TeHEPYBaHHS UTIOCTpAIliii Ha OCHOBI TEKCTY».

ArecTariiiina po6oTa CKJIa/1a€ThCs 3 MOSCHIOBAJILHOI 3aMIUCKU __ CTOPIHOK; IrpadiuHO] YaCTUHU
___ apKyImlIiB; MporpaMHe 3aCTOCyBaHHS y BUTJISAI HaOopa (aiiiiB Ta Mojenelt  ¢ailliB 3araibHAM
ob0csarom  KoOaiT.

PoGora mnpucBsueHa aHamizy MPHPOJHOI MOBH Ta TeHepallii 300paXeHb Ha OCHOBI
IIPOAHATI30BAHOTO TEKCTY. AKTYyaJbHICTh TeMH OOyMOBJIEHA BHKOPHCTAaHHSIM CYYacHUX IiIXOIIB
BU3HAUEHHS KIIFOUOBOI iH(OpMaIlii, IHTOHAIlIT TEKCTY Ta alTOPUTMIB HEHPOHHUX MEPEX sl IEPEHOCY
CTHJIIO 300pa)kKeHHS Ta reHeparlii 300pakeHb.

ATtecTamiiina poOoTa CKJIaJaeThCs 3 HACTYMHHX PO3AUIIB: aHali3 MpeAMETHOI 00macTi,
MOCTAaHOBKA 3a/layi, CTUCHEHHS TEKCTYy, TeHepallisi 300paxeHb, OI[iHKa OTPUMAHOTO pe3yNbTary,
BHCHOBKIB Ta JTOJaTKiB. B po3aimi anamizy mpeamMeTHoi 00JacTi po3TisAaloThCs iICHYIOUl allrOpUTMHA
CTHCHEHHS TEKCTy Ta TeHepauii 300paxkeHb. B mocTtaHoBHi 3amadi AOCHiPKEHb copMyliboBaHa
aKTyaJbHa 3a/a4a CTBOPEHHS UTIOCTpaliid Juii TEKCTy. B HacTymHHX poO3ainax po3risgaroThbes
QITOPUTMHU CTUCHEHHS! TEKCTY, BU3HAYCHHS KIIIOYOBHX CIIIB, TPaMaTHYHUX OCHOB, CEMaHTHYHOTO
BIJITIHKY TEKCTY; aJlTOPUTMHU TeHepallii 300pakeHb, TpaHcepy CTUITIO 300paXkeHb, aHai3 MiAXO01B AJIs
rerepariii 300pakeHb; po3po0Ka METOIY OIIHKH SKOCTI 3r€HepOBAaHMX 300pa’keHb Ta BiAMOBIIHOCTI
NEPBICHOTO TEKCTY. B nonaTkax mpuBoAsTHCS /B1 MyOmiKalii CTyIeHTa.

B po6oTi mpoBoAWTbCS TOPIBHAHHSA METOJIB CTHCHEHHS TEKCTYy, PE3YyJIbTaTH MOPIBHSIHHS
HaBeZieHl B Tabmumi 4.2. IlpoBeneHO MOpPIBHSHHS METOAIB TreHepallii 300pakeHb Ta BH3HAYEHHI
e(eKTUBHI MIAXOIU JUIsl CTBOPEHHS BIAMOBIIHUX 300paxkeHb. Po3poOiieHui 10aTOK aBTOMATUYHO
CTBOPIOE UIIOCTpAIlii Ha OCHOBI TEKCTIB YKpalHCHKOIO Ta aHMIMChKOIO MoBaMu. JlociimKeHHs
MPOBE/ICHI B HEOOXITHOMY 00Cs31, /laHa OIliIHKAa SKOCTI Ta BiAMOBIAHOCTI 300pa)KeHb JO BHUXITHOTO
TekcTy. Ha OCHOBI NpoBeneHuX AOCHTIIKEHb pealli3oBaHe Mpane3aTHe MporpamMHe 3a0e3leYeHHs Ta
BIIPOBA/DKEHO y BUTIIAMI cepBicy. [losicHroBanpHa 3amucka odopMieHa BIAMOBIIHO O BHUMOT Ta
CTaH/IapTiB.

B sxocTi HEmOMIKIB CNiJl 3a3HAYUTH HEJOCTaTHIA o0csar HaObopy 300pakeHb OMHCAHHUX
YKpaiHCBKOT MOBOIO, 1110 00MEXY€E MOXKIIMBOCTI TeHepallii 300pakeHb Ha OCHOB1 TEKCTIB YKPaiHCHKOIO
MOBOIO; BIICYTHICTb 1HTErpalii B ICHyI04l TEKCTOBI peaktopu (Hanpukiag, MS Word).

ArtecrariitHa po6ota marictpanta rpymu [13Cm-18-1 [Munopenko /1.O. Bignosigae BuMoram 110
aTecTallifHUX poOIT 1 3aciyroBy€ OLIHKU «BIAMIHHO — 96 A». ATtecTamiiiHy po60OTy MOKHa
npeacraButu s 3axucty B EK 3a cmemianmphicTio 121 - [HkeHepist mporpamHoro 3abe3redeHHs,
OCBITHBO-TIpOeciitHoIo mporpamoro «IIporpamue 3a06e3MeUeHHs CUCTEM.
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