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Improvement of generative adversarial networks for
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2 Computer Science Department, University of Copenhagen, Copenhagen, Denmark.

Abstract:

This research is related to the development of technology in the field of automatic text to image
transformation; also known as image generation from text. In this regard, two main goals are pursued;
first, the produced image must look as real as possible; and second, the produced image should be a
meaningful description of the input text. In recent years, generative adversarial networks that are
capable of producing a wide range of content such as images, text and audio, have been emerged. The
problem of producing images from text is a complex task in the field of machine vision and natural
language processing. With the advancement of new technologies, automatic image production from text
has become especially important due to its application in various fields, such as automated content
production. The basic methods for producing images from text actually used a combination of search
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and supervised learning. These methods use the correlation between the image regions and the words in
the text that can be depicted. These selected words are then used to retrieve the images that are related
to them. The problem with this solution is that it cannot generate images with new content. For this
reason, in recent years, some studies have been introduced for text to image generation based on GANs
and deep convolutional neural networks. In 2016, Reed et al. represented a model for text-to-image
generation using GANSs for the first time. They were able to generate images of flowers and birds with a
resolution of 64 x 64. However, their proposed method usually lacked precise details of objects such as
bird eyes and they were not capable of producing higher resolution images, such as 128 x 128. Zheng et
al. proposed StackGAN model that divides the problem into two smaller subproblems. In the first step,
they generate a low-resolution image with the initial design and color of the objects based on the text. In
the second step, the output of the previous step and the text are given as input to the system to improve
the original image and produce a high-quality image. In 2019, Zhou and colleagues introduced the DM-
GAN network. Their proposed model relies on dynamic key-value memory and focuses on improving
the quality of the image produced in the first step. Primary image properties are used as the search key
in the memory module. In memory units at each step, the words associated with the generated image are
dynamically selected and written. The methods presented so far have used only one sentence to produce
the initial image and also to improve it in the next steps. While the datasets used in this field contains at
least five descriptions for each image. The proposed method is a Multi Sentences Hierarchical GAN
(MSH-GAN) for text to image generation. In this paper, we have looked at two key options: 1) produce a
higher quality image in the first step, and 2) use two additional descriptions to improve the original
image in the next steps. Our goal is to focus on using more information to produce higher resolution
images. The structure of the network is in such a way that in the first stage, one sentence is used to
generate an initial low-resolution image. Then in the next steps, the initial image improves based on the
next two sentences, and the model generates higher-resolution images. The structure of the existing
memory retrieves more important text information in each step to improve image quality based on the
attention mechanism. Implementing programs related to this field require massive processing resources.
Therefore, the proposed method was implemented and tested on a cluster with 25 GPUs using the
hardware platform of the University of Copenhagen. The experiments were performed on CUB-200 and
ids-ade datasets. The experimental results based on Inception score and R-precision evaluation metrics
show that the proposed model can produce higher quality images than the two basic models StackGAN

and AttGAN.
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3 Kullback-Leibler divergence

1 Conditional Augmentation (CA)
2 Robust
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1. It's a bedroom with jade green walls.

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

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

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

The armoire is elevated on a platform.

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

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

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

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

9. The armoire is elevated on a platform.

[6] ids-ade osloas gozo 31 glaiges ) — JSis
Figure-1: An example of ids-ade dataset.
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Table-1: The IS on the CUB-200 dataset.

Model IS (1)
GAN-INT-CLS [10] 2.88
StackGAN [17] 3.70
AttGAN [14] 4.36
DM-GAN [21] 4.69
MSH-GAN 4.80
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Table-2: The R-precision on the CUB-200 dataset.
Model R-Precision (1)
AttGAN 67.82
DM-GAN 72.31
MSH-GAN 79.27
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3 State-of-the-art

1 Batch size
2 Cosine similarity
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Ground truth

Examples of Descriptions Generated images

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

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

3. Alarge bird with a grey coloring.

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

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

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

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

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

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

MSH-GAN (g lgaiiny Joo 3l oo adgi o glai gu LG 31 (glaigus (Y — &)
Figure-2: Example results of generated images from proposed model MSH-GAN
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Table-3: Evaluation of MASH-GAN model on ids-ade

dataset.
Method IS (1) R'Pr(eTc)'s'O”
CS123 4.98 69.95
CS1RR 5.19 80.59
CSRRR 4.87 69.57

&

(F) Jga> 50 odalcwwsa mls 4 a>g L
)5 1y e Cpyge CSIRR 6!, a8 el Laseiue
Jow 5l aS canl g o1 b @ollas sonlcasoas ass
WS 53 e 45 ssblen aenils Ul goliin
SledMbl (ggl> aloz pws ids-ade Boloacgozo 4o
2595 W ez b pgal o 09250 Lot Jro IS
2595 5l G533 oy @ gom alex oz 5
odls I aler pess bl Lo cplply wojle oo
Ayl ) 5 slel S ool Joe s8]
bl _dolas a5 sy alax 5 3l ooliil by g 0t o
Syete nya 5 Spdee ALl (5 i Dl Wsd e
R
95 2 iy Je @l ey Sl ln
ole slacd iy 3Tl bg, L1 ids-ade (8ol
ol Sl Ghey e S dlie 0je> (al o
DM-GAN ool ool (V) Jedz 0 a5 sle g,

OY 2le ¥ o kel 1FY JLlo

2 iny Joe jleadiadgs pglas I (slaiges
Cawloads 05,51 (V) JSs jo Baiy Bolsacgeo (59,
alojl ool 53 (Bly gl Cnst (gt (V) ISS 50
rgas & bape alox 00l dle an pg i ol
Slp basS o Sl Bolai O jsody Jow a5 ol
S neal @y (otalejl asgezme o Sz ge o3y e
odbadgs pgal 98 ¢ (VIS pgwsr (gt )0 &5 @23)S
Cewlodiools lis golpadin Joe dlwgas
Wb ole B glagisn )0 o5 axil 4 arg b
O oloacgazme (g9, p S ped Alie ol Glaal 51 S
O S Gp0dn palal (gel> 4 cuwl ids-ade
Lol Wy Foloac goze
P slp &S ey mh lesleidn Joe
Iy Grogi dw Lo )lo 5925 slijgel soosls o pgad
aw o wloz aw pl Ol gly oS 0 Sl
Al olyemdas aslsl jo aS oS 12l 1) alize oSy
wiloadsesls 7 i dagyl gl B!
Ol 4 Cuwss alem 4wl oolawl :CS123 e
Diloasl bjgel laools joaS 5y
old 0 arogd miwwss 5l colanwl :CSIRR e
PSS o8 4 (9099 Aoz plyiear (o5l
Szl Bolar alex g0 Sl § golprinn Jow
o 3 p9s Sopls sl onile S alox
oy gy 3l dex aw dolai Gl :CSRRR e
5900 slosls jo 3940
5o ealsdlyl slaISel, a5 L MSH-GAN o

S8 Syl 9,90 ids-ade Bolsacgexe (59, » YU


http://dx.doi.org/10.61186/jsdp.19.4.33
https://jsdp.rcisp.ac.ir/article-1-1170-en.html

[ Downloaded from jsdp.rcisp.ac.ir on 2026-05-07 ]

[ DOI: 10.61186/jsdp.19.4.33]

3 el jasie 30 (F) S5 ,0 a5 jsbles
A5l Jod BB s pgas sy 4 0l Jae o)lge (S
L oo & galad e 5 (o5 28l

Hlex dds-ade Bolsacgome ;o a5 bl
L psal 5o Sszge Lbl &dly jo ooy Uopgo
Slabez 99 9 05 oo oy laz O 504 Jaars sbas
lal Ojgoh Wgy oo 5 4 pgal dgp slp S
L'; J...\A )l QMA.J}' )49..44 u_a‘))l.u ‘u\.ug.u.vso ul.‘}b.»‘
oz a5 Yl o e opylid o lCawsdy =
)‘ OM..\.J}‘ ).:3@ ‘J.M:Lu ‘SH.AJLA-Q uLC}Ua‘ 65[} S
bl aalyx (65l CualS (o

S 5 A -V
SlaaSed e (ol peabades g, Sy dlie cnl )
3 sl ag alies 6l aboz Wizl p Wae (1B,
S9) » liy by O Ses muols &l e s,
b b g Buy a4 base Bolbacgese
9y o s ool bglel @l s o)y
St Ofbes iy Slaghy) A Cund s3liin
L olias ol Jan Jol> o3ags 3575 b 3l
ryatay odaliwsy @l cwl gus, alagtly
Awly ppdy ez 45 ids-adeBolsacgeza (sl y
ol O Ol g 4 e s
Slyp ey pl 0 &5 ids-ade  Bolsacgese
s 3 13 eolawl 0,90 09> (pl o Lowisd
Srim Sl gl pala &5 cal slasgers
@ S aspeme ol s Sk 5l aiee
oolaiwl 5y50 059> (wl jo L8 o a5 SBslvacgesne
Ol g0l slp 5SS Glaaiges olows wslaxs S 18
Gl o GAN lasis 5ok ¢l oS
Slge pam 53 iy Joe g)cnlil Db sooguine
e (639,9 Do slp clie pgal w4y 0l
2 e sty b olies Ghegk cnl aabl s
pr iz glapl o el lall STl
o gty 5 b Joo ol B ol 205 1, lalne

Wl ui’}?*T
PO g 1,8l

(Shalllae o d oo 5l (6550 2 b SR (!
Clml 69l g Slisdon pgle &)l )b Sl llael
A 1y €SS olBiils (igualS pole castiiloy o

ids-ade ,Foloacgeme 59, 1, ol g 00,5 cdb o
s ks DM-GAN Jow slp a5 ool 5l eo,S
waogeil 25 )00y 90 b1y (ogy ol el 3Y iogs
og 7y ciog S Solas Ol :C-R e
o> &S Aoz miy jl des sy Ol C-loe
Lol pgaas 51 IS Sledlb

JSely g0 ulwl 5y DM-GAN Jue gl >l mls
odel (F)Jgax o ids-ade . olsacgozmo 59, » YU
G2l a5 oo F 5 ¥ Gla g anglie Lol
zls ids-ade Bolsacgorme (59, » solpiin Jowo
S oo g ) e

ids-ade (1> (59, 3 MSH-GAN Jow 2L, :(F - Jgu=)
Table-4: Evaluation of MASH-GAN model on ids-ade

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

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

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

1. A picture contains the glass window with
wooden frame

2.Atable is there near the window

3. A plug point was there under the window

1. A bathroom with birght yellow walls

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

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

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

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

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

3 0 sl ol (gilbsigns (¥ - J50)

ids-ade ols ac gosxo

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