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<+ BAGAN: Data Augmentation with Balancing GAN

* Mariani, Giovanni, et al. "Bagan: Data augmentation with balancing gan." arXiv preprint arXiv:1803.09655 (2018).
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Generative Adversarial Network for imbalanced data

BAGAN: Data Augmentation with Balancing GAN

Giovanni Mariani, Florian Scheidegger, Hoxana Istrate, Costas Bekas, and Cristiano Malossi
IBM Research ~ Zurich, Switzerland

Abstract

Image classification datasets are often imbalanced, char-
acteristic that negatively affects the acouracy of :Ic'l.*p—
learning classifiers. In this work we propose balancing
GAN (BAGAN) as an angmentation tool to restore bal-
ance in imbalaneed datasets. This is challenging becanse
the few minoritv-class images may not be enough to
train a GAN. We overcome this issue by including during
the adversarial training all available images of majority
and minority classes. The generative model learns nzeful
features from majority classes and uses these to generate
images for minority classes. We apply class conditioning
in the latent Space to drive the generation process towards
a target class. The generator in the GAN is initialized

enables BAGAN to learn 'Il]l.t]t'!l']_';i.ll.}.'\ features of the Sz
cific classification problem starting from all images and
then to apply these features for the generation of new
minority-class images. For example, let us consider the
classification of road traffic signs [1). All warning signs
share the same external triangular shape. Once BAGAN
learns to draw this shape from one of the signs, we can
apply it for drawing any other one. Since BAGAN learns
features starting from all classes whereas the :.mn] is to
generate images for the minority classes, a mechanism
to drive the generation process toward a desired class
is needed. To this end, in this work we apply class con-
ditioning on the latent space |2, 3. We initialize the
discriminator and generator in the GAN with an autoen-
coder. Then, we leverage this antoencoder to learn class
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< BAGAN
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< BAGAN
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I Experiments

s Data
 MNIST, CIFAR-10, Flowers, GTSRB

Training images per class
Dataset name Resolution Classes Min Median Mean Max
MNIST 28 %28 10 5421 5036 6000 6742
CIFAR-10 32x32 10 5000 5000 5000 5000
Flowers 224 %224 5 533 599 634 TO8
GTSREB 64 x64 43 210 600 011 2250
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I Experiments

¢ Performance Evaluation
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I Experiments

¢+ Performance Evaluation
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¢+ Performance Evaluation
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B Summarization

¢ Conclusion
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Paper

“ IDA-GAN: A Novel Imbalanced Data Augmentation GAN

* Yang, Hao, and Yun Zhou. "lda-gan: A novel imbalanced data augmentation gan."
2020 25th International Conference on Pattern Recognition (ICPR). IEEE, 2021.
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2020 25th International Conference on Pattern Recognition (ICPR)

Milan, Italy, Jan 10-15, 2021

IDA-GAN: A Novel Imbalanced Data
Augmentation GAN

Hao Yang, Yun Zhou
Science and Technology on Information Systems Engineering Laboratory
National University of Defense Technology, Changsha, Hunan, PE. China
Email: zhouyun@nudt.edu.cn

Abstraci—Class imbalance is a widely existed and challenging
problem in real-world applications such as disease diagnosis,
fraud detection. network intrusion detection and so on. Due
to the scarce of data, it could significantly deteriorate the
accuracy of classification. To address this challenge, we propose
a novel Imbalanced Data Augmentation Generative Adversarial
Metworks (GAN) named IDA-GAN as an aungmentation tool to
daal with thes imhalanced dataset This i a oreat challanoes

achieves balance mainly by adding minority-class samples.
However, traditional data augmentation usually apply some
geometric changes on the image classification dataset, e.g.
rotation, scaling, translation or mirroring [6] [7], and it might
disrupt original relevant features. To address this problem, we
introduce an improved GAN model named IDA-GAN in this
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I IDA-GAN: A Novel Imbalanced Data Augmentation GAN
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I IDA-GAN: A Novel Imbalanced Data Augmentation GAN
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I IDA-GAN: A Novel Imbalanced Data Augmentation GAN

< IDA-GAN
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I Experiments

+ Data
« MNIST, Fashion-MNIST, CIFAR-10, SVHN, GTSRB
« MNIST, Fashion-MNIST, CIFAR-10, SVHNE= =& H|0|E{0|7| I{R0| S| H|0|EE B AlA|
> SAM Z0|PFCHIE MES RAIR|Z MEISIH S0 H|0|E MEE 1

— —
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N

L' O HA
TABLE 1
THE DETAILS OF THE EXPERIMENTAL DATASETS.

Dataset name Shape Classes Training set Testing set
MNIST Bx2®x 110 5%%?3?5?6?20[?&1?&%&1%} {399%:%1518???6]2083;’711?:36%8}2

Fabon NNIST | 2832831 | 10| SOODOOIOI D, | (100 ocoumosco o
SVHN | 32323 |10 | 66 S00a00350.15080) | 2384,1977.2019.1660.1595)

R0 | a3 | o | oo | o oo
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I Experiments

¢+ Performance Evaluation
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¢+ Performance Evaluation
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I Experiments

(d) IDA-GAN
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I Experiments

¢+ Performance Evaluation

¢ =R dsHu

« 1 Channel GIO|E| MIE £5 M= H|n

Method MNIST Fashion-MNIST
Precision(%) | Recall(%) | F1(%) | Precision(%) | Recall(%) | F1(%)
ACGAN 86.34 81.10 78.90 T7.15 67.45 66.31
BAGAN 87.09 82.73 80.86 80.28 70.71 69.69
IDA-GAN 88.45 83.25 82.56 83.33 79.72 78.85

« 3 Channel OO ME &% dsH|1

Method _ SVHN ] _ CIFAR-10 _ GTSRB
Precision (%) | Recall(%) | F1{%) | Precision(%) | Recall(%) | FL1{%) | Precisioni%) | Recall(%) | Fl{%)
ACGAN 71.93 54.80 35.39 6d.31 51.58 48.99 83.04 83.08 81.72
BAGAN 77.55 73.94 72.39 69.42 67.82 61.65 83.55 #3.60 B4.46
IDA-GAN 79.32 75.59 74.44 7377 66.01 6d.36 87.20 87.53 86.41
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BAGANO|M autoencoderz 7|2t g I 2/lSH= SHA|2L Dsicriminatort A2 QIsl| &ilioh= 2 otA|IE =25

oF IDA-GAN HHEES AA|

BAGANS| Discriminator X2 ACGANTZXZ H{24s}10] CIRFsI 1 NEZIO| O|0|X|E AfA

IDA-GANE= Autoencoder CH4! Variational autoencoder(VAE)E AFESHA] G|O|E2S| EAIS & Bt CHRFSH

10| ST 4 QU TR} 40| RES 81

IDA-GANS VAES| J1EX|2 %72} 510 GANS| Generator?} LIS CIQFSHT =2 ZX|o| KIS AHASE A 01| &l

IDA-GANS Z H|0|E] 3L A| ACGAN, BAGANC Z ZUSIUZ I HLF R & 40| 252 Ao = 2101




I Generative Adversarial Network for imbalanced data
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“ Enhanced balancing GAN: minority-class image generation
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Abstract

Generative adversarial networks (GANs) are one of the most powerful generative models, but always require a large and
balanced dataset to train. Traditional GANs are not applicable to generate minodty-class images in a highly imbalanced
dataset. Balancing GAN (BAGAN) is proposed to mitigate this problem, but it is unstable when images in different classes
look similar, e.g., flowers and cells. In this work, we propose a supervised autoencoder with an intermediate embedding
model to disperse the labeled latent vectors. With the enhanced autoencoder initialization, we also build an architecture of
BAGAN with gradient penalty (BAGAN-GP). Our proposed model overcomes the unstable issue in original BAGAN and
converges faster to high-quality generations. Our model achieves high performance on the imbalanced scale-down version
of MNIST Fashion, CIFAR-10, and one small-scale medical image dataset. https: //github.com/GHI20/im-

proved-hbagan-gp.

Keywords GAN - lmbalanced data - Image generation - Data augmentation - Medical image
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I Enhanced balancing GAN: minority-class image generation

< BAGAN 2| oiH|

* BAGANZ RAISH S2HAV} B2 FR 50| 2erEE
» Flowers I:-'”OlE-'I kllOl PE| -|Q|—A|'_O:__|' %EH jl [[H_,_O-” BAGANO' A—|I_0| _,_xl (L)c!.%% EIF?_I

- 2|= O|0|X| H|O|&] MIEG|X= BAGAN d50| 2¢F8
> E& Hefely Ald|= QIotH IR S X el H|O|H

> ZSchiA 2H X0 L=20p| O3 s

1 GAN C——
ACGAN Ex=x1
z 08r BAGAN mxzwn
E o6
g 04}
< o2}
D d
97.5 40
Percentage of minority-class images dropped fmm the train set [ % |
BAGANS 2 WHE 0|8 257 45 BAGAN OE AMAME| 0|2 0|0|X|
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I Enhanced balancing GAN: minority-class image generation

< BAGAN 2| 317
« Autoencoder(AE)2 AASHAMZ L2 Class?| Latent vector £ 2H0f| SX0| A2 4~ 92
> SEEl 2E(F, Label &0t Y=ot 2I)0] 2[5k 0|2 GAN 2T0f| R3KHE L& 4+~ US
> Latent vector?} 2tE45HH| 24| UAHEIE 2Tl Decoder(D)Of|2F At =~ U2
> GAN RS Z3EH Il Labeled latent vector 2| X E I O[4 HH|O|EE 4~ gi2

v' Embedding 2{¢2 =2

e Class Class Latent Fake
- - —> ..
oo °© labels ¢ conditional vectorszc O Images

latent vector

Original Z d o 3 ‘ e generator
Reconstructe i :
Dat E ' D o Fake
ata Data e Q ..
Original C1
Data

Latent vector

v
)
Q

®Class-0 ©Class-1 @ Class-2

Latent vector
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I Enhanced balancing GAN: minority-class image generation

< BAGAN-GP
« BAGANZ} SYUSHA| AE E AFE0SI Latent vector 2XE IOk
« BAGANZ} X}O|HL Supervised learning 22 AE &&

« Label HEZ Z3H5}7| Q8 Latent vector 2F Label2 74 Embedding(multiply layer) Zt& HA
Labeled latent vectorz gt

Label

. T T )
Original r Reconstructed
E —>| Embedding ITIec; D Data
Latent \____)
vector latent

vector
Autoencoder with an intermediate embedding model
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I Enhanced balancing GAN: minority-class image generation

< BAGAN-GP
« BAGAN-GP2| Generator= AE 2 APH glg=l Embedding 222F Decoder(D) 2| &gt 2 &
« 9|9 Latent vector 2t ¥12|2| LabelZ 25t EH Class?| O|0|X|E A

« Generator LIE2| Embedding 222 GAN 2HOZ £I1H0| AH|0|E AlA| ots

Generator
G h
\ ong
Label . ~ | l Conditional WGANY
I Fake labels
Noise —— b Embedding » D ——» 1. )
| Labeled | Fakeimgs D Validity
| noise ) _ S ™ score
N Real imgs
_______ —_—— n —
\_ Real labels J

BAGAN-GP =&
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I Enhanced balancing GAN: minority-class image generation

< BAGAN-GP

« BAGAN-GP2| Discriminator= cWGAN-GP(conditional WassersteinGAN-Gradient Penalty)2t SA}
> @O obgAg I

Generator
—_— e — — — e — — — — —
Label { l Conditional WGAN\
I
e | D Fake labels |
Noise —— Embedding i +. ]
Labelld Fake imgs : Validity |
noise ) Dis — score
Real imgs |
\ i B
Real labels /
~

— — — — — — — — — — — — — — — —

BAGAN-GP =&
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I Enhanced balancing GAN: minority-class image generation

<+ BAGAN-GP
« BAGAN-GP2| Discriminator= cWGAN-GP(conditional WassersteinGAN-Gradient Penalty)2t SA}
« WGAN(WassersteinGAN)
> Wasserstein H2|& 0|85 EHQI otig= T

> Wasserstein H2|: ddE HO|E 22X} 2K HO|H I 2t2| HE2|S Z|48l0k= U4

— —_——

a | >\' | - en;i of rea

o | ceeverme || > K| ClOJE 22t 444 0| RO HOIM QLS B2
| —— GAN Discriminator
| ritic . . .

| e > D& GANS| ER Discriminatore| =

Yo 212

= 2K HO[E E20|M= 1, A HIO|E 2Z0X= 0 TE =9

= Vanishing Gradient?} &4

,,,, )
2

.......
e —_——

Vanishing gradients

> WGANS| 4R 2XO| He|E EHSIEE Gradient?t MEHO Z =

Y \ \ = ASHU O otsLz dd HOlH 250t &M HO|H 222 0|5F
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I Enhanced balancing GAN: minority-class image generation

< BAGAN-GP
« BAGAN-GP2| Discriminator= cWGAN-GP(conditional WassersteinGAN-Gradient Penalty)2t SA}

+ GP(Gradient Penalty)
> 22X O|0|X|2t gl O|OfX] Ato|e] F2t X[Ho[X GradientE AHl+fotl, OFF &3t Discriminator 2|
GradientE =&
= S XEOM Sampling®t O|0]X|i= Gradient Alwtof] 22X O|0]X|2t gl O|0[X|e] EdE & B
= S AIEOIME| Gradiente| 32|E FFo11, 0] 3|7t 78 ERE HOLIX| H== PenaltyS £
" IISAPHEAR 22l FYE 2kt

Weight clipping Gradient penalty

- Gradient Penalty2| 3%
Weight?} Boundarydj|

o= 2AIE 2=t

> Weight Clipping2| Z<
Weight?} Boundaryo||

(.02 (i1 (.00 ‘_-.'.lil 0.02 %Elf _E_x-”jl'HEHCI;I
Weights

— 1}, 5l — 1,25 (1.0
Weigzhts
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I Enhanced balancing GAN: minority-class image generation

< BAGAN-GP

« BAGAN-GP2| Discriminator= cWGAN-GP(conditional WassersteinGAN-Gradient Penalty)2t SA}
> @O obgAg I

> B GE HOH 2ot | Lo 22 AfO|9] HE|E A|aplols FLE2R Generators &5
Generator

Label {/ ______ l_ B Eoﬁdﬁlo_na V_VG_AN \

I

o — | D Fake labels |

oise mbedding —é»LabeI ] e | —_— |

noise ) Dis —>score

Rea_}_lmgs . |

\ Real labels /
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I Enhanced balancing GAN: minority-class image generation

<+ BAGAN-GP
« Discriminator= Label 2} O|O0|X| H|O|{ =& XI5t Real/Fake THEES o~aH
» Embedding layer(RandomdtA| 7|2} = Label Y2 E Embedding vector(Embedded labels) £ #=t6h= It
> AE 2 A e&5El Encoder(BE)2 X7 |2t &|H O|0|X|Z Feature map = Hgt
» Embedded labels 2f Feature map2 Z&olH MZ2 Dense vector 447d
« Discriminator?| £ /22 Qa4 (Validity)= LIEILIE /2= Sli4

FOIT! Y0 2X| CIO[HE =tES LIEf= 2= E?= oy
(Z3 20| 00| k2= PPt HO|E{ Y &&0| =1, 10| PPIk2=+~5 2X| H|O|E Y =t&0| =il oiA)

Generator o
Discriminator
Label . Conditional WGANY _ ——
l Label — Embedding —>
Fake labels —
Noise ——— Embedding - D — + — Validity
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. score _ E >
Real imgs imgs
+ — L
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I Experiments

+ Data

* Fashion-MNIST, CIFAR-10, Medical image dataset: cells

« CIFAR-10, Fashion-MNIST= 7 H|O|E{0|7| 20| S| H|0|EE g AHA|

> ACc ddX el / B,DE Het 20 JE

—

T- Trouser Pullover Dress  Coat Sandal Shirt Sneaker Bag Boot
shirt
A 4231 4165 4199 4211 4185 4217 4189 4241 4175 4187
B 4166 73 139 210 287 370 422 387 545 651
Airplane Automobile Bird Cat Deer Dog Frog Horse Ship Truck
C 3527 3523 3500 3458 3563 3455 3535 3509 3453 3476
D 3490 71 130 221 269 349 435 485 572 628
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I Experiments

% Data
* Fashion-MNIST, CIFAR-10, Medical image dataset: cells
« Medical image dataset: cells = &7 G|O|E
> Cl= A 194, A= SefA 34

> 58 50N 80t LEXEAIHHOZ FASHH 55| Type 2 2t Type 3 MEE #+ZoP = Oeis

) Type O Type 1
Mormal Ring Schizont Trophozoite . ‘ .‘
(type 0) (type 1) (type 2) (type 3) o ‘ N
Train 5600 292 106 287 / ’
Test 1400 73 27 222 O | .
Type 2 Type 3

POEYEIYFR
APee Y09
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I Experiments

¢+ Performance Evaluation
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I Experiments

¢+ Performance Evaluation
¢ /44 O|0|X| H|

« CIFAR-10 73 H|0|5 MIE 2 274 H|0|E| M|E AHA o|O0|X| H|

= 1 0 6 o 6 Y I 0 S Y I e o
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8 e I e 0 e S T I e
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SESANEEP S NN

o
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-
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I Experiments

¢+ Performance Evaluation
¢ /44 O|0|X| H|

« cells 7 O[O|E] ME 4dd O[0|X]
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I Experiments

¢+ Performance Evaluation
@ cells data latent vector t-SNE 2. H|@ t-SNE: TIXH GIO|EAS Al2fefst| /s AFRE|S Bl Atel &4 7|

CIO|E ZZRIES| FAIE=S 112010 XA S2Hof| OHE

 Encoded latent vector 2XI& t-SNE Plot

@

Original
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Latent vector

BAGAN
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I Experiments

% Performance Evaluation
@ cells data feature layer output t-SNE X H|1l
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I Experiments

o2 i
* Performance Evaluation v FID(Frechet Inception Distance) score:
@ cells data FID score H|ul A= O|0|X|ef AH| o]o|X| 2t EHC| SHE FAFIS HILISIH & O|0|X| 2L AO[2| X[0|E &

(2 score= 4 dEl O|O]X|D}AK| O[0]X|QF FAFSICH= 2 2|0))
« L0 (L= FID score H|w!
Type0 Typel Type2 Type3 » v1,v2:Embedding §i= 22
(1400 samples) (73 samples) (27 samples) (222 samples)
_ = v1: A Label AFE
Rec. samples (Autoencoder) 132.715 247.174 322.567 240.519
BAGAN 197.961 213.705 278.755 184.903 . v2 - AlH| Label / AHA Label At
¢DRAGAN 90.981 184.440 233.512 155.564
BAGAN-GP (v1) 77.831 211.698 227.366 168.240 noise _, Fake
BAGAN-GP (v2) 97.445 152.986 213.864 141.798 'mgs
BAGAN-GP (v3, 100) 100.151 143.703 195.926 112.875 abels
BAGAN-GP (v3, 200) 88.562 147.994 194.544 115.881 (" Labels | Real
Real samples (Train) 20.498 93.721 127.392 58.048 'mgs
Iabels

*The top two scores are decorated with bold style
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B Experiments

o i
* Performance Evaluation v FID(Frechet Inception Distance) score:
@ cells data FID score H|1t ‘g O[0|X|2f & O|0]X| 2te] £ SHIK fAMES A4S0 & O|0[X| 2 AfO|2| X[O|&§ £

(22 score=d-d &l O[0|X|7} 24| O|O|X|2t RAISH = 2= 2[0])
« 90| = FID score H|W!
Type0 Typel Type2 Type3 » v1,v2:Embedding §i= 22
(1400 samples) (73 samples) (27 samples) (222 samples)
_ = v1: A Label AFE

Rec. samples (Autoencoder) 132.715 247.174 322.567 240.519
BAGAN 197.961 213.705 278.755 184.903 m V2 : *'I—” | abel / AHA‘I | abel Al—.g_
cDRAGAN 90.981 184.440 233.512 155.564
BAGAN-GP (vl) 77.831 211.698 227.366 168.240 noise _, Fake
BAGAN-GP (v2) 97.445 152.986 213.864 141798 'mgs
BAGAN-GP (v3, 100) 100.151 143.703 195.926 112.875 ['abe's
BAGAN-GP (v3, 200) 88.562 147.994 194.544 115.881 Labels Real
Real samples (Train) 20.498 93.721 127.392 58.048 'mgs
*The top two scores are decorated with bold style ISSSIS
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I Experiments

NG i
* Performance Evaluation FID(Frechet Inception Distance) score:

v
# cells data FID score H|i® ‘Al 0|0fX|2f A O|0fX| 2te] £ AN RAMdS HILISHH & O|0[X| 22X ALO|2| X0|5 57
(52 score= H'dEl O|0|X[7} =X O|0|X|2t FAfSH= ZiE 2|0])

—

« EIY| = FID score H|W

Type0 Typel Type2 Type3 » v1,v2:Embedding §i= 22
(1400 samples) (73 samples) (27 samples) (222 samples)
_ = v1: 2K Label At
Rec. samples (Autoencoder) 132.715 247.174 322.567 240.519
BAGAN 197.961 213.705 278.755 184.903 = v2:AIX| Label / A Label ARZ
cDRAGAN 90.951 184.440 233.512 155.564
BAGAN-GP (v1) 77.831 211.698 227.366 168.240 > V12| 3L
vower e o gadiopE MEok R
- (v, . . o O 2 *Ix E X_I = _l_:l
o| =9
BAGAN-GP (v3, 200) 88.562 147.994 194.544 115.881 Samp“ng = = ﬂ Label O:I = | BEO
Real samples (Train) 20.498 93.721 127.392 58.048 n GANO' E_l-_)lk_ %EH&(}” Xl%‘c'ﬂ-o:i -O:!-ﬁ

*The top two scores are decorated with bold style

Daota Mining
o.:.o Quallity Anailytics




I Experiments

NG i
* Performance Evaluation FID(Frechet Inception Distance) score:

v
# cells data FID score H|i® ‘Al 0|0fX|2f A O|0fX| 2te] £ AN RAMdS HILISHH & O|0[X| 22X ALO|2| X0|5 57
(52 score= H'dEl O|0|X[7} =X O|0|X|2t FAfSH= ZiE 2|0])

—

« EIY| = FID score H|W

Type0 Typel Type2 Type3 » v1,v2:Embedding §i= 22
(1400 samples) (73 samples) (27 samples) (222 samples)
_ = v1: 2K Label At
Rec. samples (Autoencoder) 132.715 247.174 322.567 240.519
BAGAN 197.961 213.705 278.755 184.903 = v2:AIX| Label / A Label ARZ
cDRAGAN 90.981 184.440 233.512 155.564
BAGAN-GP (v1) 77.831 211.698 227.366 168.240 > V29| 3L
(- 2 i 2.986 213.86 : =
BAGAN-GP (v2) 97.445 152.986 I 864 141.798 - jl_ul_ OlDlxlO_” EHOJ | abel *‘”EO‘”*‘I
BAGAN-GP (v3, 100) 100.151 143.703 195.926 112.875 Samolin AI*'
BAGAN-GP (v3, 200) 88.562 147.994 194.544 115.881 pliing =
Real samples (Train) 20.498 93.721 127.392 58.048 A %EH& A(lb'lkoﬁ jHIA_ _'é'_]l_l-

*The top two scores are decorated with bold style
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I Experiments

¢+ Performance Evaluation
& cells data FID score H|1l

« EIY| = FID score H|W

FID(Frechet Inception Distance) score:
AH FAMSS A|LSH0] & O|O|X| 2L ALO|2| XIO|1E &7

v
‘d-d€l 0|0[X[2t =X O|OfX| 2t
(52 score= & O[O|X|7t A O|O|X|2t FAFSITL

EX| E
71 O O

Typel
(73 samples)

Type2
(27 samples)

Type3

>

(222 samples)

Type0

(1400 samples)
Rec. samples (Autoencoder) 132.715
BAGAN 197.961
cDRAGAN 00.981
BAGAN-GP (vl) 77.831
BAGAN-GP (v2) 07.445
BAGAN-GP (v3, 100) 100.151
BAGAN-GP (v3, 200) 88.562
Real samples (Train) 20.498

247.174
213.705
184.440
211.698
152.986
143.703
147.994
93.721

322.567
278.755
233.512
227.366
213.864
195.926
194.544
127.392

240.519
184.903
155.564
168.240
141.798
112.875
115.881
58.048

*The top two scores are decorated with bold style
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B Summarization

¢ Conclusion

BAGANO| SAfSH S AQ| H|0|E{ AHdofl= A1 &Y

« BAGANZ2| autoencoderE Supervised autoencoder= H3

> HEE T SkEdtk= Embeddingg 227t 8104 Class2te| 24 O} A2
* CWGAN-GP2| ZES HESIH L= QPIH O = otgd o= U= BAGAN-GPE |2t

* BAGAN-GP= 2|= O|0|X| H|O|H M|EL2t 20| mAfet SeiA0t B2 T0]H2| BAR0|= IF22| oo SeiAE MY
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B Conclusion

R

e X AAI2| B2 =7 H|0|E7F =XHSIHH O|= Deep learning ‘d&0]| £8%Q1 Hok=Z O|H

< =0 YH0[HE UHOZ ALESI0 GANS S9lf H|O|EE SZ0k= ?[H= 27H(BAGAN, IDA-GAN, BAGAN-GP)

s BAGAN
> Autoencoders A2 *f01| GANE X7|3511, Latent spaced|M ClassE Encodingste B S S
O|E &3l BAGANZ 24 SE|AL| EFZ &0, A SEfA0]| Cliet O|0|X|E Hde +~ US
s IDA-GAN
> BAGANS JjAsHHIEHZ O 2 Variational autoencoder®2 GANS X7|3f6111 discriminator £ 11X 2 HA810

A2 ZfA O|0|EHS BAGANELH OPHH O Z Adst 4= Ql2
< BAGAN-GP

» BAGANZ et & % 2 =7t Embedding RS AFR3}HH, 0|2 8| SARSEX|2t CH2 S2)A0| O|0|X|2 LA
7= Label HEE ot&

> Generatore Label HEE 0|30 20 H|O|EAIO||IA A= S2fA MMHS

ot ZHATL B2 O|O|E{ Q] ZR0| BAGAN EL} =2 4502 0|0|X|E A

A

= LIE o~ QUOMH, O|=L[0|E{Qt 22 LA}
1S
> WGAN-GPL| ILXE A1 GANS| ek50| OFHXO 2 0|20 X2 JHM

I-AOIQ
= T AN
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