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Abstract— Since the explosion of deep learning, automatic
image generation from natural language is highly desirable
through artificial intelligence (AI) as it makes it easier for users
to create visually rich images through the ease of language. One
of the methods used to generate images from text is GAN, in this
study using word embedding is to process natural language and
develop GAN by concatenate word embedding. In this work, we
carry out our early-stage research which is to explore the simple
technique of concatenate word embedding as the input of the
GAN neural network. We show that this model is a novelty for
the GAN model with the concept of multimodal input that is able
to generate text to image and is expected to improve
performance on a stronger GAN. Based on the explanation of
our research method, this model can be implemented and can be
developed for various GAN tasks such as style transfer, image
to image, face inpainting or image repair semantically, and
super resolution.

Keywords— text, image, word embedding, GAN

I. INTRODUCTION

Since the explosion of deep learning has begun, many
researchers have begun to build many neural network ar-
chitectures. It is often speculated that neural networks are
inspired by neurons and their networks in the brain. Artificial
Neural Network (ANN) algorithms often mimic and copy
these biological structures, but much remains to be discovered
about how the brain works [1]. The Artificial Neural Network
(ANN) Algorithm simply cannot solve the mystery of the
brain. That is why artificial intelligence scientists have to
invent multiple neural network architectures to accomplish
different tasks.

A picture is worth a thousand words, while the text on a
picture makes a description or storyline clear. Such abilities
are essential in generating creative thinking for the visual arts.
Machines cannot have such capabilities, this can be
formulated into the text to image. Text to image is the creation
of an image from a text description. Text to image is a
complex task of computer vision and deep learning which has
made great progress over the last few years. Automatic image
generation from natural language or generating images from
text allows users to visually depict rich elements through text
descriptions. Such capabilities are effectively highly desirable
to be created through artificial intelligence (AI). Advances in
deep learning have resulted in network architectures that
promise to produce realistic images.

One of the algorithms that can generate images from text
is the Generative Adversarial Network (GAN). GAN is an

This work was supported in full by Indonesia Endowment Fund for
Education (LPDP) Ministry of Finance Republic Indonesia.
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artificial neural network created [2], which can generate
realistic images or artistic images such as paintings. In recent
years, GANs have been developed to perform increasingly
complex tasks, such as style transfer[3], [4], image-to-image
[5], [6], human faces [7], face inpainting or semantic image
repair [8], [9], text to image [10], super-resolution [11],
representation learning [12], and data augmentation [13]. The
proprietary Deep Convolution Generative Adversarial
Network (DC-GAN) architecture [10] pioneered the
algorithm for text-to-image using GAN. DC-GAN is a
multimodal learning model that tries to bridge the two
unsupervised machine learning algorithms, namely RNN and
GAN neural networks to generate text to image. The RNN
network serves to represent text into vectors for GAN network
input. DC- GAN’s contribution is to produce reasonable but
effective images of natural language. The DC-GAN algorithm
was tested on the Caltech-UCSD Birds datasets. Each image
in this data set has five text descriptions.

The main work in generating images from text is to rep-
resent natural language in the form of text information in
vector form and enter it into the GAN neural network. Text
representation can generally be expressed in a distributed
form, where the semantics are spread into the vector
dimensions through matrix dimension reduction or neural
network dimension reduction, which 1is called word
embedding.

Mikolov et al from Google [14] released the word vector
training toolkit Word2vec for expressing word semantic in-
formation. Word2vec is a static word embedding model that
can get words from a predicted local context by maximizing
conditional probabilities. Pennington et al. [14] launched a
word vector model with the name Global Vector (GloVe) to
create word vectors based on global information. Glove and
word2vec is a static word embedding that can be used to
handle word similarity, word analogy, and named entity
recognition.

Previous studies often used single static word vectors
which could not take into account multipart feature
information from sentences. In our research, we propose a way
to build a more robust GAN that can generate images from
text by using the concatenate word embedding method. This
research is still in its early stages, the result of this research is
a word embedding design that is combined as input from the
GAN neural network. We show that this model is a novelty
for the GAN model with the concept of multimodal input
capable of generating text to image. This research use dataset
is grouped into 8K images for training and 3K images for
testing.
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This paper is structured as follows, section 2 contains
similar work done with word embedding and GAN networks
that can generate images from text. We present word2vec and
glove approach methods and the GAN architecture in section
3, In Section 4, we describe the experimental setup and the
data set used. The results of this study are presented in Section
5, and section 6 is the conclusions of this paper.

II. RELATED WORK

The development of GPU computing and significant
advances in hardware performance has pushed the task of
generating images from text with GAN deep learning
technology to attract people’s attention. Since GAN’s
inception in 2014 [1], the task of generating images from text
with GANs has attracted more and more attention, and many
GAN-based models have been developed.

In general, the GAN architecture consists of 2 networks
which are referred to as generator and discriminator networks.
The shape of the generator network can be seen in contrast to
the structure of the neural network in general. The generator
network uses a deconvolutional layer whose task is to change
the dimensions of the input data into a larger dimension
(Upsampling). The output of this generator is a 3-dimensional
matrix which will then be referred to as data generation. A
generator network usually consists of a fully connected layer,
dense layer, batch normalization, Leaky ReLu, and reshape
layer.

The discriminator network is a binary classification
network that accepts three-dimensional image input and
outputs a classification value of 0 or 1. The classification of
the discriminator is an assessment of the generator in
generating the generated image. If the generated image is like
the original dataset then the discriminator value is 1 and vice
versa.

The way GAN works to create generative images is
through the adversarial process. Two models, namely
generator G and discriminator D are designed to compete with
each other. G tries to imitate generating a sample distribution,
while D tries to judge the data comes from G or which is
sample data of the dataset. The results of the assessment are
then calculated with an optimizer function or loss function to
optimize the network. Both can learn from the results. This
process is executed many times. According to research [1], it
is possible for the probability value of D is 0.5 to assess the
data from the sample or from the results generator.

- [——
Fig. 1. The Step of Original GAN

Reed et al, were the first to develop GAN with the aim of
generating images from text. His research uses RNN network
to convert text input into character level so that it becomes
code. Another contribution of his research is pairing original
images with mismatched text other than original images with
matching text and images generate with matching text. It aims
to be able to generate images outside of the context of text
input.

Another architecture developed by Gorti et al created Mir-
rorGAN. The idea is to extend the cycleGAN architecture and

add stacking, attention, and cycle consistency. MirrorGAN
also uses word embedding to convert text input into word
vectors, that code that feeds into the GAN generator [15].

Zhang et al built StackGAN by stacking two GANSs to
generate images from text. In his research, the stage-I GAN
produced a low-resolution outline of the resulting image from
the desired text and the stage-II GAN filled in the details of
the image sketch. Another contribution from Zhang et al. is
that the fully connected layer produces the mean and variance
before taking text input and samples from the normal
distribution. This sampling can add data and increase
robustness [16].

The use of GAN and word embedding to generate text has
been explored by Rajeswar et al [17]. This work tells the story
by using embeddings at the sentence level allowing the model
to represent the expression of an author in creating a text in a
simple and effective way, rather than using word-level
embedding.

Two important and widely used word embedding models
because they have significant results in downstream NLP
tasks are word2vec and glove embedding. Naderalvojoud et
al. [18] applied pre-trained GloVe and Word2vec embedding
vectors in their deep learning model and improved sentiment
classification accuracy. Rezaeinia et al. [19] proposed to
combine several word vector representations such as
Word2vec, GloVe, POS2Vec, Lexicon2Vec, and Word-
position2Vec to verify the accuracy of sentiment prediction.

Text-to-Face (TTF) synthesis has been carried out. In this
paper, we propose a Text-to-Face model that not only
produces images in high resolution (1024x1024) with text-to-
image consistency and also displays multiple multifaceted
faces to cover various facial features that are not naturally
defined [20].

III. METHOD

The three stages carried out in this research are the stages
of data loading, training, and generates. The steps of proposed
system GAN can be seen in Fig 2.
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Fig. 2. Steps of Proposed System

In our formulation, not only noise as input to Generator,
textual description is first converted into word vector by text
insertion, then combined with random noise vector as input to
Generator. For example, the textual description has been
converted to a 256-dimensional insert and merged with a 100-
dimensional noise vector [sampled from the Normal
distribution. This formulation will help the Generator to
generate an image that matches the input description and does
not generate random images.
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A. Data Loading

At the data loading stage, the text description is converted
into word vector by word embedding, and the image data is
converted into an array using a trained network such as
Inception V3 CNN. Changes in text data into word vectors
through the word embedding model, where each word is
mapped to a different vector form. Word vector can be seen in
fig 3.

Fig. 3. Representation of Word Vector

B. Training

The training stage is the stage of the system recognizing
image and text objects. Generators and discriminators are
trained together, each of which may consist of a network layer
consisting of a ResNet network (Residual Network).. The
training process for a GAN means training the generator and
discriminator simultaneously. The generator work to generate
images that match the text description provided, while the
discriminator evaluates the generated images based on the
input of three pairs, namely the original image with matching
text, generated image with matching text, and the original
image with unmatched text. The process of training GAN is
not easy, in training that uses adversarial and backpropagation
methods, neither generator nor discriminator can win. When
the generator wins from the discriminator there will be
overfitting or producing the same generated image. When the
discriminator wins from the generator, there will be no
learning process from the generator. Hyperparameters on the
GAN architecture are very important to set in the training
process. In the training process using learning rate, batch, and
epoch.

C. Generate

The generate stage is the stage after getting a trained model
and is able to produce images according to text input, whether
text is in the dataset or not. At this stage the system will create
a checkpoint that is stored in the file directory. This
checkpoint file can be reused someday to continue train GAN
network with parameter update or not. The system will also
save the Generator and Discriminator models in a predefined
format such as h5. When this step is over, you can evaluate
whether the GAN is performing well enough.

IV. DATA, TOOLS, AND ENVIRONTMENT

This study using hardware with specifications for an Intel
Core 17 processor, clock speed of 2.3 GHz, Nvidia Geforce
RTX 3060 GPU engine graphics, |6GB RAM, and Win- dows
11 operating system with 64bit architecture. The soft- ware
specifications used include python version 3, anaconda,
jupyter, and google colab for the editor, then Pytorch, Tensor-
Flow, tensorlayer, hard, and the python library.

The image and text description dataset used is Caltech-
UCSD, the dataset overall contains 11k images of birds that
have been collected from the labeled bird in the wild. The
dataset is grouped into 8K images for training and 3K images

for testing, which have been described by special annotators,
and the corpus dataset is used as word embedding to change
the text description. to be word vector is Wikipedia and
Gigaword 5 vector with 300 dimensions.

V. IMPLEMENTATION

A. Word Embedding

Word embedding is one of the Natural Language
Processing (NLP) techniques in which words or phrases i.e.,
strings of vocabulary are mapped onto a vector of real
numbers. The need to map strings to vectors of real numbers
stems from the computer’s inability to perform operations
with strings. Since the one hot encoding method is inefficient
and unique ID does not offer a relational representation, word
embedding is able to see the relational representation of words
and can represent each word with a vector that is simpler than
one hot encoding. The final array size is also much smaller
than the one hot encoding encoded vocabulary.

Word embedding can adopt a supervised, unsupervised or
semi-supervised learning approach. The word embedding
model that will be used is Word2vec and glove. The
Word2vec and glove models will create an embedding matrix
for all words in the corpus. The word2vec model contains a
matrix of vector length with a fixed vector size while glove
builds a large matrix by taking into account the global word
for word count in the corpus.

Word2vec and glove are word embedding types of static
words with an unsupervised approach. This is because to find
the ideal vector value for each word and usually use language
models to predict the next word based on its context. The word
embedding structure can be seen in the Fig 4.
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Fig. 4. Word Embedding Structure

The explanation of the word embedding structure in the
image above is as follows:
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1) Text Vectorization Layer to convert text to 1D integer
tensor This layer performs the following procedure:

a)Change every uppercase letter in a sentence to
lowercase.

b) Remove every punctuation.

¢) Turning sentences into words.
d) Merge words into tokens.

e) Doing token index.

f) Converts each sentence using an index into a 1D
tensor of an integer token index or float value.

2) Embedding layer to convert 1D integer tensor to solid
vector with a fixed size.

3) Neural network fully connected layers with
backpropagation algorithm and loss function as well as other
networks. The values that have been obtained are still very
random. Therefore, we need an optimizer to calculate the loss
function and adjust its value with backpropagation and this
optimizer must run on a set of layers called fully connected
layers such as LSTM, GRU, or Convolution layers. Using a
set of fully connected layers can insert strings into labels to
match vector values.

B.  Concatenate Word Embedding

First, in the word2vec model, training was conducted on
the Wikipedia corpus with skip-gram architecture, 300
dimensions in size, 3 threads for multiprocessing, and window
size 3. The use of a smaller window will give a more specific
term to a word context. The frequency of occurrence of words
or called min count is 1. Words that rarely appear are usually
not very important, so the model will ignore words that do not
meet the min-count value.

The word embedding glove model was trained on a Giga-
word 5 vector corpus with memory parameters is 4, verbose
2, size 300, and binary is 2. Verbose is a value that tells the
function how much information to print when training the
model, the larger the value, the more detail. generated
information. Memory in glove and thread in word2vec both
serve as a measure of memory usage used during model
training. Binary is an option to output the model, a value of 0
means text output type, 1 value for binary output type, and 2
value for text and binary output. This parameter is more
influential for the efficiency of memory usage and model size.
Both word embedding models are trained using CNN net-
works because using a set of fully connected layers can insert
strings into labels to match vector values. and the
backpropagation algorithm is needed as an optimizer that
calculates the loss function and adjust its value to produce a
better semantic value.

=)
L

Fig. 5. Tllustration of Concat Word Embedding

Inspired by the form of a word vector is the fixed array, for
example, 50, 100, or 300 dimensions, which when con-

catenate with the model, number of arrays becomes the total
dimensions of the sum of the two models. The process of
concatenate two models word embedding into one model can
be seen in the Fig. 5.

C. Text to Image with GAN

The GAN architecture for this model consists of a GAN
neural network that has a multimodal input consisting of
images and text. The combination of word embedding as a text
modifier and together with images becomes input for the
generator and will be judged genuine or fake by the
discriminator in the GAN.

Details of the GAN generator network consists is 5 layers
of deconvolution layer. The generator works to change the
dimensions of the input data into a larger dimension. The
generator consisting of a 2-dimensional deconvolution layer
receives input in is noise, this noise will go through a dense
layer, batch normalization, RELU, and the output layer is a
reshape layer. This is repeated in up to 4 parts. The output of
this generator is a 3-dimensional matrix which will then be
referred to as data generation. An image of the structure of the
generator can be seen in Fig 6.
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Fig. 6. Structure of Generator

The discriminator consists of 5 convolutional layers, the
image that is input to the discriminator will be entered in the
first part consisting of a 2-dimensional convolutional layer.
Leaky RELU, and drop out, then at the end, the data will go
through a flattened, dense, fully connected layer, so that it
produces 1 value in the form of a decision. If the data entered
is an image from the dataset, the discriminator produces a
value close to 1, vice versa. Image of the structure of the
discriminator can be seen as fig 7.

Fig. 7. Structure of Discriminator

Detailed image of GAN architecture with multimodal
input using concatenate word embedding is described as fig 8.

Fig. 8. Proposed Structure of GAN

In the process of training the GAN network, there is a loss
function that functions to measure the balance between the
power of the generator and the power of the discriminator. it’s
a min-max optimization formulation where Generator wants
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to minimize the objective function whereas Discriminator
wants to maximize the same objective function. The weakness
in the GAN that often occurs is the collapse or overfitting
mode. The loss function generator is made maximal so that it
does not lose with the discriminator loss function.

This min-max formulation of the objective function has a
global optimum. The loss function in this research adopts
AttnGAN’s property[21]. DAMSM loss function is able to
calculate the similarity between the resulting image and the
sentence using global sentence level information (t) and
detailed word level infor- mation (w). DAMSM loss function
measures the degree of match between the image and the text
description. Based on the DAMSM loss function, the
discriminator classification the image according to 3
categories:

1) Original image with matching text D(x, ¢(t))

2) Generated image with matching text D(x", (%))

3) Original image with mismatched text D(x, ¢(t))

The described GAN architecture has the basic parameters
of DCGAN [10]and adopts AttnGAN's DAMSM loss
function [10]. DAMSM loss function is designed to study
model attention in a semi-supervised manner, where the only
supervision is matching between the all of picture and the all
of sentence (order word). A collection of pairs of pictures-
description (Qi, Di) . Posterior the probability of a Di
sentence being paired with a Qi image is calculated as

ID(QI, 0[) _ 5 exp(YR(Qi,Di) (1)

M  exp(yR(Qi.Di)

Substitute value for R(Q, D) is

R(Gi, Di) = log XiZ{ exp(yR(ci, 1)) 2)

The following is loss function formula for DAMSM based
(1) and (2)

Logmsm = LW+ LW+ Lf+ LF 3)
when,

2 == %L, 1og P(Qi|Di) “4)
Also applies to Lw and if (2) defined with R = (Q|D) =

% then subtitution to (1) and (4) is obtained L and L5.

The following is loss function formula for generator:

Le=— %[EprG log(D(x)) + Ex~pG log (D(xa (P(t)))] (5)

When the input is a noise distribution, many probabilities
are generated due to vector differences. Some exist mode is
preferred over other modes. The mode-seeking loss function
tries to amplify the distribution of minor modes between major
modes. When the noise distribution is used to generate two
different samples based on the same input. The first point z1
causes the formation of a mode image 11 = G(c, z1) and the
second point z2 points to the image 12 = G(c, z2) after
applying generate image and text (c). D( ., . ) is a distance
function that calculates the distance between two tensors or
vectors. The numerator calculates the distance between object
vectors while the denominator is the distance between
ordinary vectors. The purpose of this formula is to maximize
the distance between vector objects. The following is the
MSGAN loss function formula.

Lms=max G ( D1z

) (6)
Based on (1) until (6), The calculation of the loss function
formula is (7)

L=%iLc+ Lpgusm + lus (7
The structure of the GAN architecture that adopts
DCGAN [10], the difference between the input generators is
the distribution of noise and text. The text encoder does not
use word embedding but a Skip-thought model[22]. Adoption
of the DCGAN structure as it mimics the workings of
discriminator networks studying the appropriate relationship
between description of text and image content with GAN-
CLS and GAN-INT function.

At the start of the training, the discriminator ignores the
text and easily reject the image generated from the generator,
because it doesn't look reasonable, but after the generator
receives feedback update weight from the discriminator, the
generator learns to generate a reasonable generated image and
learns to align it with the text, the the discriminator also learn
to evaluate the resulting image to satisfy this conditioning
problem. Based on this intuition it may complicate the
dynamics of learning, but GAN-CLS pays attention to this by
adding an alternate decision to the discriminator, namely a
third input consisting of the original image with mismatched
text. It is in accordance with the DAMSM loss function.

GAN-INT works with word embedding on the generator
side. GAN-INT utilizes manifold interpolation learning to
generate additional text for word embedding during training.
This matter serves to make the generator stronger to generate
images and can deceive the discriminators from being able to
distinguish the output. The results of the added text to be
inserted do not need to match the facts so that GAN-INT does
not require a cost.

VI. CONCLUSION

Word embedding glove and word2vec are static word
models which are the most widely used word embedding. The
availability of pretrained word embedding models and with
vocabulary area coverage can reduce the high computational
requirements for training word embedding models. In this
work, we explore a simple technique, namely concatenate
word embedding, which contributes to developing GAN for
the task of generating images from text and is expected to
improve performance on a more robust GAN. Based on the
explanation of our research method, this model can be
implemented and can be developed for various GAN tasks
such as style transfer, image to image, face inpainting or
image repair semantically, and super resolution.
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Mikoloy e1 &l from Google [14] released the word vectar
trainisg toolkit Word 2y for capaes sieg word somemic in
fomuntion. Wordlver ks o satic word embedding model thar
can et womnls Fom a predicted local comded by mantimizing
comidisionyl probabilities. Penningion o al. [14] unched 2
wurtl vector mele] with the mame Global Veckr (GlaVel ks
crgaie Wil vecins Dased an glohal infrsnion, e g
wirdZves s b =itic word anbedding el can be wead 1w
handls woad sumlorily, wood analogy, sed moossd clity
et

Prevous sudies often wmed single =atic wond veoors
which coald not ke im0 socowed  multipen {miore
imfizarmation from sentence. In e resenrcly we propose & wiy
o boild o more mbug GARN thad cim geneabe mages fom
iext by aming the concalenae wond emboeckfing methad. This
rescarch is skl in i carly wages, the resely of this researchia
a wurd embedding design that is combined & input fom the
AN ol pefwak. Wio showy thst fhus mesicl = o noselly
for the GAM model withi the coneept of malincdal inpud
sipable of penamuting best o imange. This ressirch wee datesct
is grouped min 3K mages for tmining and 3K images far
ieshing
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This pagsr 15 alneamed g follims, ssiion I oaminins
shimilar work does with word enbabding and GAN networks
il can genoie ez om el Wo prosend nosdZves amd
gl npproach methods and the (oAM architeonee in section
3, In Section 4, we describe the cxperimeatal sevap and the
dete et ised. The readiz of this sbudy gre pressibed in Section
5, imel moctom & i U comclaesiomns ot this paper.

. RELATID WORE

T develogimem of (LD cowvgaring and sigrdbeant
wivances in handware performance has pushed te fask of
pomersting images fram wexd wilh GAN deop keaming
lechrology o antract people’s aiwentinn. Since GoANs
inception in 2004 [ T]; the sk of peacmting imapes fom )
with (i AN s has attmcied more amd more atienbion, mmd mamy
AN -based moduls hinse been desuloped.

Iz general, e GAN architertune comaiss of 2 nepworks
which are referred [o Al generaior rnd discrivinginr senwarks.
The shape of the enerane network cam b soen in comiras o
(1 smisd e o fhe me il ieraanrl i penernl, The giicraler
neiwork wses o decomolutional layer whose sk s 40 chaage
the ditsensiois al’ the inpui deiz @mio a larger Smersdon
{Ugsanpling L The nstpan of this gosema is o Jdimersional
matrix which will then be relermed 1o as dam genemion. A
prrorsior metnosk uamilly consasts of o Tully conmecied Taver,
derse biyer, babch mormalization, Leaky Bels and rechape
liyer.

The: diseriminmor nerwork = 0 binary clessificsnon
ek thel smxepls deec-dmeisenel inage inpul and
nuwets A clasei leation vehie ol Dor 1L The e fcation of
ihe dacnmerator 1= an asscemsl of the peneralor m
penerading the gemernted imags. ke gencrmted image is ke
the erigisal dotnset then the dscrimingor vadue i | and vice
VeTEd.

The way {iAN works o creste penenative mmages s
through the adwersanal prooes. Two models, anmehy
grneraior U and discrimémaibor [ arz designed tocomgpeie with
et oher G ies 1o et Eeneralisg o sampe disa o,
whils [ nes % judes the daly vomes from O or whish i
smnple diln of the dieet. The sosslis of e asscament ue
than calvutotid with an opdimes finction or ke function W
nphrnie e network. Bodh con beom from the resuls, This
precess s sneculed many nmes. According i reseasch (1], b
ie possdibde dor the peohehiling wine of 0 s 05 o ases the
dlzta fram the sumple or fom the reaulis generater.

= B - ==t

P 1. The Skp onOnigieal G0

Feed o1 al, were the first wo develop GAMN withthe vim of
gerernting ignges fromn fend. His reszarch uses RMM serwork
1 corvestt et input ida character level so that it hecomes
cocke. Another contnbation of ks research ix pamag original
images with mismiched text other than origiml images wish
matiching fexd and iTmges pemersie with maiching lext | ams
1o b alle e penemls imags etaide of the contexl of G
inpu.

Amsther wohitwcture deve bpsed by Gorti of ol created Mir-
ren RAN. The iden in o extend tee cvele(GAN arahissoture and

ad] slmckmg, aienioh asd oycle consieay, MireeGAN
alsd yres werd embedding e Comver sl e o wiond
e, il oode Pl fesds tndo s GAN genicrtor [15]

Fhong et al bl SackGAN by sscking o GAMs b
generate images from t=ut In his reseorch, the sege-1 GAak
produced a low-resshtion cudhine of the remlting insage fom
the dizired text and the stage=11 GAM Filled inthe details aff
the mmage: skeich. Anodher contribetion fom Zhang et al. is
that the: fully connected fayer produces the meas sl vmance
bk wiing wxl inpul el samples §iom the nomyel
distributem, This samplme cm adld dam and ogreosc
mobm e [ | 6],

The e oF GAN and ward emBeedding o peaerase texi has
heen explored hy Rojeswar et ol | 17]. This work sells the sory
iy uming enheddings atthe semence level alkowsg dhe mesde]
o represead the egpression of an oather e creaisg a tedtin e
simple and effective way. miher than usng wond Jevel
embedding.

Twn imporier and widely vsed word embedding models
bacmes by hwoe sipnifiael reolls w downalrean NLF
Taabs are worZvee aned rlove cbodding. Made elvepoud &
al. [TR] applied pro-tneined GiloYe and Wornd2wes cmbeddiag
wpelnrs in their deep learmmp meded asd 1 od mgidinEsT
classificetion accurncy. Remaeing o ol [19] propessd 1o
comntvine several  wand  Vemor  represeninlioss  sich &=
WordIver, LikWe, POSIVE, LexiconiVer, and Worl-
pasitbend Ve ta vimify the accuracy of sestimem predicion.

Textdo=-Face ITTF) symihesis hes bheen cariad out Inthia
paper, we propose a Tewtse-Fece model thar nat unly
produces images in high resolution | 1024x) 024 with test-4o-
image consiency sl alse displeys multple malibeoted

laces o cover vanous ficial [eammes dhad wre mob nisemlly
chefimad [20).

1L PAETIOD

T throe stzgaes camied oul m this reseach are the stipes
al'ilas leenBag. imining and penerates The sage of progesod
avslem GAN Can be soen i Fig 2.

g 1 Siges ol Prepossl SvEom

Iiw cir Formrlation, 100 only noise as gl w0 Gk ator,
fenbwal descnptem = Orsl comvaicd mdo word secior by bexd
imertwn, then copbmad vwigh mandom pomsc vector as mpul o
Genenrtur, For €xomgde, the fextual desenption bas boos
coaveriad b a 256-dimersicnal insen end merged with o 100-
dimersinnal  naiee  vector  [ampled  from  the Neaval
distmhutan This formulanon will kelp the Genmtor 1o
grnerale am omage that maic hes the input descriptinn mmed doss
mol pemerate cmdnm mmges.
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A Do dewding

Anthe dain Inoding sage, the e description is converted
inte wiord vector By wond embeddiag, mmd the image dar &
porvertad (80 e oray eming & wrained network such es
Irepticn W3 CHN. Chaages in et daa imo word vecions
through the word embedding mmdel, whene ach wond i
muippex te o differesd vecar form. Wond secios can be seen i
fig 5.

-l 3.

L e
= T
- ,utan
- o P
; o Ve
e

= b

o

N b I
- - i - -

Fig 1 Fepremmimmnn of Werd Ve

# Trokingr

The maining siape is e siage al’ te sysiem recognizing
image and text pbjects. Generators and discrimimaiers ane
trxined 1wegether, each of which may consistof a nevwork o
coasisting of @ KesHel nevwark (Residsal Networky. The
truining provess fior o RAR means trainmg the generaior wnd
disgriminaior smmlimeeasly. The penerter wock 5
imapes tat malch e wxt desmpbion provided, wiile the
diseriminaior exaluates the genersted images based om ihe
Inpim ol three podrs, namely the on@mal imige sk marching
lexl, peneratal mags with matcking fenl aml s orighsil
I willy piwiched war. The proces of ainieg GAMN i
ol sy, i rnning Bt uses sdversanal and bes kpropogetion
methods, neither genemtor nor discringinater can win. When
the generater wins from the diseriminaior there will be
nverlitting or producing the same genermed ivogs. When the
discriminaine wins from the peaerstor, there will be o
lpaming process o the genemtor. Hypempammeterc on the
UiAaN archilechire anz vy imqosant @ se in e mming
process inthe mining process using learming rate, hasch and
mch

. dremenaie

The: peseraassmpe ieihe sge afer pefing o imine] model
i i abvkes o prcediee (imapes conling o sen ingon, whether
1en ] isdn the Garaser of o, A s sape e e will gresc
p checkpoind that is siwored o he file direciery. This
checbpmnt e cam be rewsod somcday o cominue tmin (AN
network with parameicr wyadaie o not The system will alsa
urvg the Ceenemitor and Dhecrimimator models in o prodefined
lormat wach as h3, When thes dep is over, you can vl
whedher the GAN = performing well eacugh.

IV, DATA TOOLE AND ENVIRIHTMENT

Ths swdy using karsdwane with specificiiioss for on Intel
Coee 17 processor, clock speat of 2.5 Gz, Myvilia Geforce
R ) G B cng e sraphics, T8 RaML and W is- dows
11 opombimg ssiom with S4bit sechiteibins, The sall- wase
wpecilications aeed inchede paythem vemkm 3 anssomi,
w.mi poogk volib for the editor, then Pysonch, Tossir-

v, texeaaalayer, hard, and the python libory.

The image and bext Sescription dataset wwed s Calieeh-
LIS, the damset avemnll cossaing 11k inmages of hirds tha
have Been valleshed from the labeled bimd m the wild, The
dntaset 15 groeped izia SE images Tor iraining and 3k imges

[od g, which hive Desn Sescribed by spegial amopions,
aril The corpes dolissd is ol ps wond enbsddisg o Gange
the ewt desriptem, W be word ook i Wikipedie and
(rigaword 3 vootor wish 306 dimens s

W, EFLEMENTA TR

A Ruoid Earbedliios

Ward embekling i= ome af the - Masturl Languope
Processimg (MLF) sechmiques nowhich words or phreses e
strings of wecsbubiry are mappad onn @ sector of real
e The nesd b e sigs o vesiors of ieal numbers
alene oy e eomgmier s ey woperlans opaaions
wigh srimga, S the oo bol cagodimg method 13 incffhao
arl vy 10 choes mod ol Tz a labosa] mpecscrdation, waord
cinbeedding i ohle 1o pee therelational repreaemtation of wondk
and com repersed each woad with o veotor thal b simpler e
ome et enceeding. The final ey size i sl much smaller
thai the o hiot eieeding encoded vocabiilary,

Ward embedding can adapt @ apervised, arsupervised ar
semizvoperyised learning ipproack. The word embedding
meske] that will B owicd s WorlZvee aml glove, The
WoslZve: ol phrve models will crzate on embsalding matna
for all worde i the ¢conpus, The woendlves model contine a
mabria of vistor length with & fimed vector see while glove
tailids & Inrge mmnix By aking it geconnt the glohal word
foor werdl oo in the opus

WardZTvee and glode are word emhedding iypes of satic
wurds with as ueapervised opproach. This is beoawse: to find
the ideal vector value for each word and esuslly e laegunge
meoideds o peedict the next wond basied on /s ooneex). The wind
ermbedding strecium: cun be sgen in the Fuyg 4

12T R A |

i mEi i e Ay s
i PERTTR

a sywsir s b oot o
S W AR S ST ST

Fraiss e

fil = 3=, zA},
[X¥F, Lk, Ea).
{ ik, L, #371¥ |

Fg 4 Wonl [emadking Smicom

The explasation of the word embedding srecbire in the
image ahowe is g fnllows:
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10 et Fre b rumedi Daiyr i comver e e 100 inaeger
tengiar This lyer performe e folkaving paoe sdare:
alhadge siery apioremd Lo (B o senbedcs w0
liwweTe mae.

oo GV Ty pansiwalion
CF Furmisg SEMENCES ING wWinnds
i Morre woads into tokens.
erfiomg oken unlc
A Canvera ey saienee psing mn mdey ino ok 110
lenserafan ime ger teken index or floal vahe,
Ay Embedding layer io convert | I isazger tensor to solid
vecher with & foed iz
3 Newral  wetwerk fully connecied  leyers  wish
beckpropagatiun alzenthm md loss fimction s well as othar
networka, The wilues dhid have beim obtamad ace =hll sury
randfomn. Thoctiore, we necd un opimnizer v calsuleic the Doss
{umctinn amed adjis its valee with backpropagatem amd this
apirnizer must nm on 2 set of laers called Adly cossectod
levers such as LSTM, GREU, or Coavelotion lyers. Uskng a
g ol Bl comneied Lavers can maEem ssrmps inio [ehets
makeh ves i wiliees,

. Coventenate Wond Emitedding

First, im the wonddvee medel, tmiming was cosducted an
the Wilipedia corpus wids slrip-gmm aschitectune, 500
dimenaens nsize, 3 threads for maliprocessing, oad windasw
sire 1. The oo of 0 smaller wndow wall give a more speabic
term fo 3 word context The freguency of poosrrenoe af words
or called rein coend i 1. Weomnds that mrely sppenr ane wozlly
ol viry smprsand, 5o the meesde] wall 1gnore worshs thit do st
ot the nuin-comend value

The weunil '-'IT‘JUHEIIE ove pwskel wos e on s Gipge-
wond & varor conpos memary parameters is d. verbose
2, mize 3L ond binory is 2. Verbose is o value thai iells the
fomction lwvw much iefoomstion o peim whes trainsg the
moadel, e lrger the wnlue, the mire detal, generaied
informarian Memary in ghove anid thread in wondver ek
serve &% @ mensure of memey wage used dwnng mxedel
truiming. Brimary is an optionbo outpul the model, & value of 0
meiss oot oumpal b, 1 value for hinory eetput dvpe, and 2
valug for tewd mond binary cmput. This parameter is mon
influsmtial For the efficiency of memary wge end medd st
Aith word embedding models are iruined using CHNM met:
o s e g wsing e ol Tully connecied layers can insert
smngs mio Iehel 0 mmch o vesior veles ol ke
heckpopagation glgarihm = neadel as an oprinizr e
caleuloies e kods Ainctien and adjsest s valos 0 probece o
hedter semantic value.

s i L ia]x

- Bl o CETErELaLED) .1 ¥ m

= W[ ] e
=~ P EIEES

Vg 8. Alessriiee of Coseal Word | mbed idng

Imaguinead by the farm of & word veotor is dhe froed armay, for
example, 30, 10, or 308 dimvensioss, which when cos-

walsmare with e mods], e o mmeys become: G ol
diiermions of e s of e o issdel. The process af
smsnelc o mesdcls wond smbedding miv one mesicl cam
e meen in the Fig 5.

C, Tewr 2o driange sk GEA

The (kAN architectune for this moedel comsias ofa (AN
neurn] nemwork thet bas o maehineods) ispol consistieg of
immges und el The gonthamiios o el etk g oy o
mesdifier and fogwiher with images eomes input for the
generaler and will be nedged penuine or fuke by the
diszimmimnor m the GAR,

Ieetmils of the AN geserasor netanrk corsicns & 3 ayers
al deservalution nyer, The genemior works (0 clmps the
dimersions of the inpui dsie (w0 n larper dimensioa. The
generalor comeisting of o 2edimensonyd deconvoluion layer
recgives inpulin is noise, s noise will po teougls o dense
leyer, batch normalizaton, RELU, and the owpse loyer is 2
rechape Bayer. Thix 15 mpusted in up o 4 parls, The cuiput of
this generaior i w8 dadimensions] madris whack will then he
referred 1o caia peneration. An mage of the souchure of the
pengmbor cin b seemim Fig 6.

|

| e | | ——| :_ (L e | o | L omn |-

- o il —— L — i —— It I _ . - |
| e || — -

el i | | - a2 | |

Tg & Smeim ol Genawen

e discrmninator coisists of 5 comvo ktionel levers, the
image that is input in the discnmmator will he emered inthe
firse gart consisring of & J-fmenssonal eormohmiomal byer
Lesky RELLL and drop ot then & the end, she data will go
ihraough o favened, deese, fully conseciod layer, so that it
produces | value in the fomm of a decision. I the dais entered
is an image from the detesct, the discrimisator produces e
value cless o [, vice worm1, Image of the sbucture of the
disemmminitor can be sem 2= fig T

Fg 1 Smeim ol Dhacrinimiar

Meeiniled mage of GAN architeciure with smshimsocdal
imgna usineg concatenate word enobeddisg is descnbed as Mg &

Fg s Preposd Srwciora of GAN

Iy ther prcce ss ol wrainisg the GiAMN netword, thene is a loss
finciion thet functions o messue the balance Behaeen the
pawer of the pracrater s the pemr of the disonmmatar. if's
a min-max oplimzniien formulaten when Cenerator sank:
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(o irmiimee the objective funcibos whereis Diserim sl
WA B L i (D seairie obpecdiveg Functenk, The weakiess
i ghe GAMN that ofiee oovurs = the collapse o -'.l'-'n'ﬁl.airq.:
maonde. The loss fkelion gens rabor is & manimel 5o that it
diocs meot |ose wilh 1he dezenizararor boss fusction,

This min-veee fmwelation of dee chgeeiive function e o
glebal ppimman. The leex functios in s research sdopi
Atindiab s properis 21]. DAMSM [ose fenchon i ahie 80
mlculake the smilarity between the nsulting image and the
serencs wEing gkl senieney level ladoomarion (1 mid
detailal wead kvel mlor- mation (wh TRAMSM loss funcikm
mewsre the degree of masch betvwoon e mmaps il the iosd
desemiption. Hased oo the DAMEM Jus fimection, the
digeriminaier classificanen dhe wmage pooording s 3
cale e

It Chiganal e with maschinge bext Dz, @i 1)

2 Geperaied fevage with mathing st B, @il

A Origanal mage with mismitched text D, al £l

The demmnbed GAN architechpe bas the basic paramesers
of DUGAN  [10fand adopis AbnlANS  DAMSM s
funcaion | 1] [IAMSM las funeton (s desgned i sty
mastel anenien i3 semi-aupervised momnes, whene the omly
supLrvision bs msichingg berwoss the 871 of picigre amd the gl
of semence {oader wordl A collection of pairs of pictizes
description {5, &Y . Posterior the prohabiliy of o Di
serience heing paired with o€ ivage is caboulapad as

e (AL

A =T i
Subepire vl oe RACY TN 08
AR A = log BT explpRd o, el e |

Tz following is loss funciion formubs Gor DAMSM nsed
| Trond {2

dapaci = S 4 S e gr (3
when,

&= = Bl log POQIIDY i
Also applics to0 Lw ond if 1) defined with B = (i) =

= dthem sultitwion 1 [ 1) and (4] is chtaized L} and 1

The follemmes 18 loss e hos Tormuda Sor penerates:
L=~ 3 Esne EDIT * Ev o loig (L5, (L1 ¢5)

Whan the apan 1= 8 nekse disinfaution, many probabilities
v genemabd due 1oovecwr dEfferenoes. Some exisl mods is
mredemed o ather modce, The made-2eking kigs Bmekn
I e san e By the disaribanon of i mode s ety imajor
itoakes. Whch thes ot di=trition 5 desad o gl o
differont samples based onothe seme mpet. The fied poim x|
causes the Sarmation of a mesde emege 1 = Gic, 21) and the
socoad point 22 poms b the image 12 = Gieo #2) ofie
ppplving pessrade image and text (ch [N . , .} is 0 disionee
fimctian thist calenlies the dsdance belwees s lerass or
vectors, The mmmerainr caloulstes the didance bebwess obgect
voctors while the . denmminexe = the disance  between
pidiinfy vectors, The puipose of Uk Bdiiali & 50 DEsiniee
e dismnes: bebween vedaw obigvis The [dkwamg 13 the
MEGAN ke Bmg i limmenls

EijdieBr ofeda)
L= max G| e ¥ Iy

Biresed o (17 wmil (00, The caloulanan ol loss inciisn
tometka 15487

L= Eu‘\. + Lpgepean + L [7h
The srucwure of the GAMN archiectwe that adopis
DO CAAMN [ 10], the dference benesan the M gerermnrs =
the disarifunion of nedss and s, The Ex7 encoder does o
i winrd] g dilirg tan 4 Skip-ihough madel 22], Adoptios
ol the DUGAN sinkiine a5 0 minees e workings ol
discviminotor metwnrks studvisg the mppropoiale welotinnshig
hetweay description of oo el bmage content with GAN
CLS and GGANIMT fanctinn.

Al the st of the frising, the dscrinvingor ignoses the
st amd Emsiky mepeet the imape genarmated from the penerstor.
beringe it doesnl ook reimesable, but ofier the penerator
meceives fecdhack mpdate weeight oo the discrmminator, the
Al leRms e et sl o reisonie prnsaie] g ad
lezarmss b sl wath fhe lest, the the J rsermumaer olse igam
i cviahiets the remling imape W salisly this combilionmg
preblkem. Hascd o this intwdion i1 mway complioine the
dymamecs of leaming, bul GAN-CLES pays attenticn o this by
add ing am ekernote desizion o the disorminator, namehy &
thired mpar conssting of he oniginal image wath mismmiched
test. It is i pocordance with e DAMSM s fimction.

GARINT works with word embedding am the gezerasar
side. (RANINT wtilizes mazifold interpalation leaming o
penerats whlivmmal text for wond embsddizg during Samang
This mallzr serves b mske the pencraler stonper (o goTmc
tmages anl cam desoivw the decnaminmon From bing ablk s
histingmrish the outpat. The mesolis of the sddod ot b be
inseried din nni nesd o snadch e Boim s dhar CAN-INT doss
TSE FEENe & COEL

VL OO s

Wiond enhealling glove amd wordIves gre - stane wond
okt wikich ane e most widely used wond embakling, The
anilability of preuained wond embedding medels il with
wocahuliry wea covenge cen reduce the high competosonal
mequireiees for traiming wond embcdding modelk. In this
work, we explore o simple technspe, nemely conceienoie
wurtl embedding, which contribses o develaping GAN far
the ik of penemting mmeges from test end is expected b
improve performance on & mone modmst GAR. Based on the
exphingtion of vur resmarch method, this mede cm he
linplenienicd piwl can B devcloped S5 vatlous Gl lasks
aush ws atyls ansler, dmaps b e, Bce mgamting or
image ropair semerdically, and supor resoluton

AR PR TR
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