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Abstract

Generative Adversarial Networks (GANs) are a class of deep neural networks that can be used to generate data
examples in imbalanced data situations. GANs consist of two simultaneously trained modes: generative and
discriminative modeling. The generative model generates new data as random noise from the training dataset, and
the discriminator model distinguishes examples from generated new data and real data. We studied the overlapping
data transfer during a generating model in distributed real-time data streaming. This paper proposes a new extension

method on GANs called GANs2T based on tabular time series to improve the model performance and execution time.

We use this technique to capture the covariance structure of the minority class and to generate synthetic
samples along the probability contours for learning algorithms on streaming data. The experimental testing is performed
on binary-class and multi-class imbalanced learning methods from several benchmark datasets. The results validate
GANs2T combine with the XGBoost (GANs2T+XGBoost) algorithm for the overall accuracy = 84.93%, precision =

90.48%, recall = 88.13%, F1-score = 89.93 and average training time for training model = 60.20 seconds.

Keywords: Machine learning model, imbalanced data, generative adversarial networks algorithm, synthetic data

augmentation approach, minority class
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fafdeyalniliiniioudayasss lavdsznoudin 2
funan laun §IUEEI (generator) WATEIUNLONLEE

(discriminator) @4 Figure 5

S Hadws
Discriminator

N— |

Ui a:&aﬁas” 190U

Generator

Figure 5 Generative Adversarial Networks: GANs
(Asue Aadd, 2565)
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91N Figure 5 dana3fiuinIav of1aassdng
\B9riLHha (generative adversarial networks: GANs) %38
LA30TBUN Lﬂué'ana%ﬁwﬁ@hl,ﬁuﬂﬁmgﬂLLuuiuﬂﬁi
Fouidndues lasuuudiaasazinisaianadnian
Toyawudn (input data) uazlanadnslna INMNGY
duannnsthgadeayaingiudeys 1ou Jayalndniw
%&Lﬂu’ﬁagaa’%amﬂgmﬁaga WaTEIEETY (generator)
V‘iwﬁwﬁﬁwﬁayalmi Lm:ﬁﬁagaﬁﬁwﬁum ngEIn
KHusnues (discriminator) A fdaaunianenugzin
Fouansuduntn (Dudoyasse (1N udaya) wie

u

2

v P

v Ig 1 v v { U v v
mamﬂaﬁﬂ%mum (mnmug}lmn) Iﬂﬂﬁﬁ’]ufﬂﬁﬁﬂ{l

e e

2 2

'ﬂz@laa‘wmmaJmw’uagaslﬁmﬁauﬁuﬁa;&aﬁamnﬁq@
ﬁ’J%Q/LLEJﬂLLEJZﬁ’ENLLEJﬂLLEJZ’J"I“ITEIHﬂﬁﬁ%’ld‘ﬁ%&l’]l%&iﬁﬂu
Tayad3eg Mlkamuguonuezazdasdivanusuim
°nammaqLﬁaleiﬁlﬁqﬂudau;ja%’lavsaaﬂ Tnsfiragasainuil
az@TmLL“ﬂ@“ﬁ'uﬁ’uLﬁaﬂ%’uﬂ;amiﬁwmmaaéf’sl,aa s
iagalmiﬁmﬁauﬁagm’%a

FUNT5A 2 auN1TVeILATer18iNEATITY
Bl wIalaIatnauny (Goodfellow et al., 2020)

GmianaXV(D,G) = Dx~ P data(¥)[log D (x)] + (2)
Y ~p z(2)[log(1 — D(G(2)))]

las?

e  G""D™V(D,G) fia Mamnnatirang 1iNe
lﬁmsql,‘i‘]mmzlmiﬁwmumaaé'aﬂa%ﬁu

v o

amaa@mﬁumﬂﬁd’smjﬁw (generator)

@

! . A 1 1 2
fstay (minimum) wialdinalunsang
6

fid }

yalnal LLa:mu@mmLm (discriminator)

U

L

& . a '
fidudugega (maximum) Fanaunsluwns
mewzﬁaga

e Vv da WeriTuyas (value function) ﬁga@h
284 action #3a state 'ﬁ'ﬁ@hga UEA9IYn
action 4w ud12:1¢ reward ﬁgamum lag
AuIUAIN (D,G)

o Yi-paaa(@[logD(x)] @aWeriTuny
MUV IEIRAFI %aﬁi@qﬂs:aoﬁlﬁa
aramnauanl Wdaenudul)ldwse
D(x) gqq@ﬁﬁﬂﬁ@,mﬂLmzvlaimmim‘imuﬂ
16 (5 Dx)=1 wNgANNIELeNLzUaNI
31 x 1Ju3a%s w3a D(x)=0 nansaNu
Husnuezuaningy x ﬁyfummﬂmugﬁ’m)
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e P data(X) Aansuanuadinnuinaziduwes
ﬁ'aa:iwﬁa;&a

Y. .2 [ log(l—D(G(2)))] Aanandu

o ' 2 Ao (3
NIINWNINVBIRILLE NS SII\']N'J@IQ‘l]izﬁ{Iﬂ

WD IWNNITNNRIIININT BN I BAn
D(G(z)) NUATNAII

e P z(Z) AanIntzargaanuiiaziduwuas
N1ITUNIU (noise)

nngumsa 2 lasdi G AREILERIY WAz D
Adufuanue %aazﬁmsﬁwjﬁhLLaszmngﬂmw
FIUINAIN Iﬂmtz@‘hl,ﬁuﬂﬁﬁﬂmu%m \afinganuuy
1889 S‘T}ﬂuu@ia:‘5aumiﬁﬂmumm%ﬁ@msamL’ém (loss)
mammﬂmn@aa mummaaumsﬂiuaaﬂai‘mﬂ%
R FUaE amwaa@]mmiammﬂ LR L‘WE]I%NLLEIT\LLEI ZHANT0
muunaaﬂaau‘lﬂamagﬂmq

IMWITHVBI Maniyar, et al (2022) ¥1n13
éfdms’]:ﬁmwlwﬁwaaqmamnﬂagm%m Tapranw
uwaziFoaduunastoyananaindanaifiu GANs s
FIBAETIY LAZEIUNLONUEE LAz 1WITUUD4 Strelcenia &
Prakoonwit (2022) #tluud1aa9 GANs ml%a%f’mﬁaga
éfame:ﬁLﬁa“ﬁaﬂ’lumﬁﬂﬂs:mﬂﬁamsmm6] SN
msdalnstasiasdadgniurmianssufiuiasefiaziin
mMInalng

5 maumwuamwm (data streaming) ﬂa“ﬂa&la
nnmwwuam\maLuaammmawammmumﬂ RFY
fAUARNINLINT tuag mmsmmmmu S, ={d,d_ ..,
d }mum@unm‘nmmaaﬂu &9 S, ﬂamaummuamum
mmmunummao uazdneu (sequence) oW 1 t A
t=123,..n uaz d ﬂamm@mawagasl,w,mazmanm
é’hasmLLmeam"i’fu“?‘iLﬁﬂﬁﬂdﬁ'ﬂﬂﬁﬂix&laawa*ﬁagauuu
ga3ud9 11w 1e3esTnIfivne oL saludalunfues
ﬁia?]“a%la"l,ﬂﬁaLﬂéaau‘ﬁi‘WLaai‘ma@nm A BUFAIEUE
Tunsvias msadoudia aﬂmm:ﬁmﬁ:qﬁnmm EE
mmwdwmﬂiﬂiunﬁumﬁﬁmym‘uquﬂmq VSRREATM]
mslusnud ﬁlﬁqﬂmnﬁﬁma (GPS) 813130 MAUA
FUNUIRz@A9a (latitude) WAZRBIAIA (longitude) Vad
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mMaLnaand Lm:u,amNaﬁ%ﬁfmammiﬂmmwgLﬁml,uw
1Jueit uazINWITL VB Bernardo & Valle (2020) #L&HE
WMARANIFUAIBE UL LN NURTY AL FAINT 9
138091 VFC-SMOTE Iﬂﬁlﬁ%ﬁﬂﬂ’ﬁﬁﬂ%i‘ﬂE’J\‘iLﬂ%;E]\‘JLL‘U‘U
ANHI wazUssAny Tz ENTANNA WA ST b
TR RHE R LLaf:@T'mmmL"%’slumsﬁﬁuﬂagaﬁﬁ
UazEnnwgs @I uIIuva9 Brophy et al. (2023)
WLEUaNINUNIWITIoH (literature review) fitfizadasiu
Suundszinndayadioaanaifiu GANs uaz GANs Ut
ToyALUURATNI TNH9NWITLVRY Xiaomin Li et al.,
(2022) wngnasnilaonssuiienin Transformer
Time-Series GANs ﬁﬂs:ﬂqﬂﬁmmﬁ”’mmwlmj anaia
NINAVWIANTN Lﬁaaﬁwao“ﬁagﬂmjﬁﬁmmﬂLgﬂVL@T
GHARIREER IuLL@ia:éwﬁu*’uadm&ﬂmnm aslunuidoil
leWaun uazdasananuiduues Brophy et al., (2023)
uwaz Li et al. (2022)

Fov Iwawddoit dusiunsla plE3EnInisga
Fr081suuuINn RaFasiaaadiuiony wazae
AT su818 (extension method) LUudanaiNauLaIaLane
avdnudaifa dnsuudleilyuimssuundszian
ﬁagaﬁ'vl,ajamqa LLaziaQaﬁﬁﬂ’laﬁwﬁuﬁ'mminﬁwmu
VL@Tuuﬁa;gaLL‘umimﬁam%auuuam%mﬁﬂunmL‘%Uavlmﬂ
16 uwazdssifindseantanuuuitaeslugaiunisaiase

DA NBUNITIVY

avnludiuittsznauds 5 Uszidn leud
1) &0UasNITULAZNTZUIBAITINGG 2) NIFIIEI
Penpiufnusanasfuaiatnoheasiiugeindia
vwlayauuuaawuile 3) naudanidaya uaziatesila
Alflumsvam 4) NT2UIBMINA88I ez 5) Mydsziiin
UssBnBmwmsvhems Noaziduadait

1. #01AsNITNUAZNITLIBNITNY laediin
miﬁﬁ‘*ﬁagaﬁvlﬂam;ammm@ia*’ﬁaga@m 9 (data sources)
I@mﬂwﬁagaﬁﬁﬂmamﬂmy’ VINNINANIFFEINUDY
MNIWINMIENHENMIIEn s UuSanasiueiaterne
AT ULTIRLTe @9 Figure 6
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Figure 6 The overall system architecture of Fast Synthetic the Minority Class using Generative Adversarial Networks

for Imbalanced Data Classification Problems

97N Figure 6 NMwusniasnssun1Iinam
YgInsFaTsRaaasiwiaslasltdanasiuiaiazny
Auasetnudaniie wiaunu Smsuuntyrinsdiwun
ﬂi:mﬂ‘iagaﬁvl&iamqa Buduain 1) M3 dayaiin
(Input) I@Uﬁ,’]ﬁaaﬂnm%yammﬁmmyu (benchmark)
NV |6 KEEL-dataset repository 8w S0 a%la‘ﬁlvl,ajamqa
F1uau 20 gatoyn Usznaudisaaasdiulng (majority
class) ¥INNINARFEIWIDY (Minority class) MNATNAAE
saulnnjunudiofinasudinde wazaaadiutosuny
AUINANTLTL %aﬁﬁaa‘im’au@;mé’nwmzﬁLmn@mﬁu
wazdiiwuamanaansilusuuluwisaas waz Tadaas
ﬁnﬂfyiuﬁ’rﬁagaLﬁﬁg&ﬂwsﬂizuaawa 2) nMIdszunana
Toya (data processing) F8daNaINNLATAULANLATS
ﬁﬂuL%aﬁﬂLﬁ@ﬁﬁﬁmiﬁamiﬁxﬁﬁgaa’auﬁfaﬂﬁumlmi
Foutiadn 2 ﬁh%"L@TLLfi;jﬁ%'m (generator) WAZHLONLDE
(discriminator) udayanmaduias lasdufiuasrilna
(regenerated) W3aaitayalnaininnaiudaya (data
augmentation) T3 19 LLuuﬁ"Lajﬁ‘*iTaya wialdayaifie
1 1um3 Wdayafaanuauga mﬂﬁud’m@wmm:
av1m3U5uL9 (update) ﬁa;&aﬁvlﬁﬁamﬁ:ﬁ%umlmi

I@ﬂﬁ’lmsﬂ%'uﬂ;a“ﬁayama@nm t uazHah
VL@T%:ﬁﬁmsﬂ%fuﬂEMTaga%nﬂ%\iﬁﬂmad’mﬁaﬂ ol
;jl,mmm:ﬁwmiaiwLLunﬂs:mWﬁ'aHalﬁﬁmwgﬂﬁm
LAz mn&uﬁﬁagaﬁé’omiwzﬁ%umimj fald
ANTLUARMTEIUNRANE uaz 3) FIUNANT (output)
Lﬂuﬂ’]‘iﬁ’]‘ffa%laﬁﬁdLﬂ‘i’]:ﬁ%uu’]l%&iﬁ]’mﬂ’ﬁﬁi&lﬁ’lE’Jii’h‘]
LUUNIN uw‘hLﬁummi”wme‘haaomwﬁagaﬁauqa
Tuan t

2. IguEUIEN RN AN UL aNes UG a1
dhoassduBiiiiauudeyauuuaaiauds wiaseni
WNUNT (GANS2T) uuﬁugmmaamgﬂmnmuuumsw
(tabular time series) Lﬁaﬂ%'uﬂyl,mm‘haaa
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Algorithm 1: GANs2T extension method
Input:
S: data stream
T = time series-dependent rows
V = vector for building time series dictionary
Gi = Generator for each minority class
r= number of synthetic observations
f = probability of X1 = 1
The first phase:
1. S<- d1,d2,...d
2. T<-t,
3. V<-012,...
The second phase:
4.  Create sliding window from dT
N = len(array) //length of the array
callarray = sum(arr[:k]) /k-elements
sumvalue = callarray
for | in range(n-k):
callarray = callarray -arr[i]+arr[i+k]
sumvalue = max(callarray, sumvalue)
5.  Optimization the sliding window
The third phase:
6. Data transformation method to tabular time series with
GANs
7. Generating Synthetic data which is the number of synthetic
observations

Ti

Gy =F*
t ST

8.  Update the discriminator on GANs
Vo, =X log (1 - D(G(z)))

9. Use the Binary Cross-Entropy Loss function
Output: GANs2T model
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1N Algorithm 1 MIRIIDMTVENEY (extension
method) sLGnundanasiintaiatnedoasstnud
e wIauniunw)f (GANs2T) &9 2T wnanénin
DUNTUIAUUUATM (tabular time series) Fafiuldlums
UTNIANANIBIBITUTNG (natural language processing:
NLP) mﬂswqﬁl’ﬁ’lumﬂﬁwﬂiz‘éw%mwme‘haaﬂu
izvxdwm‘m’wmiawﬁagaﬂ?‘iﬁwﬁauﬁ’mmnm‘l,umm:"?‘iﬁ
mssfauuuiassuutayawuusaTuiisluaSoalnad
msdinmsudadn 3 seos ldun szusi 1 Avue
fudsnan 3 @audslaun data stream, time series wae
vector 3xp:di 20 FmssieiEmaaeuntiieng (sliding
window method) Uuﬁagmmuam’%uﬁaLﬁaﬁw%u@aumaa
a0 (1) RawnsanlEEwiunmsvinmeluduaoudely
LLazﬁwmiﬂ%ﬁﬁ'ﬁﬂ’mﬁau%ﬁmwﬂﬁmmmwﬁuiaga
wazszezd 3: NIETIEUNIVNALUAN (tabular
time series) Undanasuuny Weimualassaironuy
ﬁﬁﬁu%uuuia;ila mnﬁ?uuﬂmia%la (data transform) @8
NILTNIRRUDILARZLD Lﬁiaa@mm@ﬁagaiﬁﬂs:ma
NAl®wIAN t ﬁﬁaymiﬁm@imﬁaaﬁ’ﬂﬁ f9Na AN TN
iﬁaau‘,munmLmumﬁaﬁmmsnﬂﬂaauiagaLLuua'N
%ﬁ'}é\y'uwiﬁa%laLéuLﬁwgszuuﬁﬁagaﬂmsmﬂﬁ N
ﬁﬂm‘sﬁwﬁagaslmimnmié‘dme:ﬁﬁnm t WAZNNY
Usuanbminlhdunnasguaudazinuanioludiu
HUONULeza89 GANs LﬁaiﬁmmsnLLUﬂLLU:iTaQaVL@Tgﬂ
datlunan tlag uazmsssefaidugmadmiunmam
FRAANTALANIIIINTANNLANA IR UaENI L q@ﬁmvlﬁ
HaAwSeduunuenuozdayaTznivaas uazliuaaa
na;uﬁaﬂsl,ﬁl,ﬁumn%uvl,ﬁ

3. naneladwTaya uaziasasiionlslnnis
NI

3.1 ngudatdaya mu"?%‘mﬁﬁné”aamam
TayANUHNIAIZ U (benchmark) niIuleod KEEL-
dataset repository (KEEL-dataset, 2023) é'm%fuﬁaga
filiisuga $1mam 20 gadeys Samasrulng) nnd
aanaawitay lu 4 sUuuy uunaundscasIw laun
1) 1.5-9, 2) 9.1-40, 3) 41-100 @Az 4) N1NN31 100 wag
ﬁi‘immqmé‘ﬂwm:ﬁmﬂ@hdﬁu Ui wInaaw
nadnEsuuUluwIaas uazuuuTafaaE AR
NIUIUMILEILNTDYA (data preparation) 3UTBLUA?
nsi’nﬁaLﬂuﬁagaﬁwﬁ”amﬁm%ﬁmiaﬁ”’mme‘haaa B9
mMInalRanAmANE M (feature selection) @59 il
ia;&amdwﬁw%aulﬁmuﬁa LLazLﬂu"q@ﬁagaﬁmuﬁﬁs
Fwnunoauiy wazldSumsaRuineunslwnTans
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TUINTZALWIWITIAFIRIUNITNA RO UL TZRNTA NNV B
danasny

Table2 The example dataset for 20 items

No. dataset title No. of feature Ratio
wine 9 1.5
IrisO 4 2
Vehicle3 9 3.2
Glass6 9 6.38
Glass0 8 8.44
Yeast-2_vs_4 8 9.08
Glass2 9 10.29
yeast-1-2-8-9_vs_7 8 30.57
Yeastb 8 32.73
Thyroid 7 36.94
lymphography 8 40.5
yzjquality-white-?,_ 1" 44
i\zi:(_];ality—red—S_ 1" 165
winequality-white-3-9_
ve.5 11 58.28
shuttle-2_vs_5 9 66.67
ecoli 8 71.50
poker-8_vs_6 10 85.88
kddcup-rootkit-imap_
vs_back 41 100.14
pageblocks 10 164
shuttle 9 853

91N Table 2 Fadayaflag 1931w 20 1UAT
lauFaa It 1000 6889 Lu yﬂia%mﬁﬁﬁuﬁ 1 18 wine
Tiwuguansue = 9 QuUANME (feature) UAzlFAFIH
1.5 RANEANNIN 1:1.5 Wiadwauaaaawlng 1500
ARE dasrwanaaadIuias 1000 Ang lasdayasiiy
15 Lﬂuiagaﬁﬁmﬁ@mmzm’m 1.5-9, ﬁagaéﬁé’u‘ﬁ'
6-10 Lﬂuﬁagaﬁﬁmé’ﬂmmzmw 9.1-40, Tayadey
# 11417 Hudanafiendadinszning 41-100 IRRGER

U
&

faun 18-20 iudayanisiddasiuninni 100
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Table 3  Setting values for parameters of GANs
Parameter Generator Discriminator
Value Value

The total neurons per 128, 256, 512, 1024 512, 256, 128

hidden layer

Optimizer Adam (15.00 steps) Adam (15.00 steps)

Loss Function BCEWith BCEWithLogitsLoss
LogitsLoss

Learning Rate Le-4 Le-4

Batch-size for training 128 128

970 Table 3 MIMAUAAININALADTVDI GANS
UsznaudismNiaasinmwim 5 wmindwesuan laun
The total neurons per hidden layer, Optimizer, Loss
Function, Learning Rate LLaz Batch-size for training 184

¢ Generator W8z @1 Discriminator

3.2 1030s8la (wBiiEmses uszMsasIFeL
ATNIN) ln3asilafildda Google-Colab uazldnimn
Twnesw (Python) lun1swam Tasiiwyszansamn
nsUsTaNad BRI Bl NIaNaNIIANE (Graphics
Processing Unit: GPU) #wiun1iianisnszuadaya
@8 Apache Spark l4laus3 PySpark I 3.0.0 lag
Sonldlausi3 (library) 289 GAN_Deeplearning4J
lun1vaisuuudnaedves GANs vunszuadaya
wazvinmsdszifiunauuuinaasaelausisvas pyspark.
ml.evaluation model 31WI% 2 Iuga léun Binary
ClassificationEvaluator ez MulticlassClassification
Evaluator U8z 301/ 3e&nEnmuuuiassndinnugnees
(accuracy) ANANULNKEN (precision) AIANNATUNIH
(recall) @1UszanSnnlasTiu (F-measure) uazenLaaY
UaILIN (average training time) Tumstnsauiuuinaes

4. NTEUAIUMINAREY aniunTin 3 Usziau
loun ﬂﬁé'al,mw:ﬁia;ilaslmiﬁ'm GANs2T TadlumIaas
wazhuudafaaa waz MmadSoufisunszuiuwnsnelu
GANSs 729714 Discriminative Waz Predictive N GANs2T

4.1 naguanzidayalnidin GANs2T 284
luniSaaa wazdadaaa dLiuni1slasindsn1sves
GANs2T m@‘hl,ﬁumiéfaLﬂi'\:ﬁﬂmaﬂﬁiuﬁaﬂﬁa Table 4

Fast synthesis of the minority class using generative adversarial networks

for imbalanced data classification problems

Table4 Synthesising data with GANs2T for
binary-class
Initial Ratio
No. Dataset title

class ratio GANs2T
IrisO 1000:2000 2000:2000
Vehicle3 1000:3200 3200:3200
Glass6 1000:6380 6380:6380
Yeast-2_vs_4 1000:9080 9080: 9080
Glass2 1000:10290 10290:10290
yeast-1-2-8-9_vs_7 1000:30570 30570:30570
Yeast5 1000:32730 32730:32730
winequality-

1000:44000 44000:44000
white-3_vs_7
winequality-red-8_

1000:46500 46500:46500
vs_6-7
winequality-

) 1000:58280 58279:58280

white-3-9_vs_5
shuttle-2_vs_5 1000:66670 66669:66670
poker-8_vs_6 1000:85880 85878:85880

kddcup-rootkit-
imap_vs_back

1000:100140 100138:100140

270 Table 4 MIFILATLAD ayjaimi@?’m GANs2T
vasluw3eans mnvenae 13 pOMEEE wufedasin
senhemadulnafidannnin 50000 datna ilal#3s
MIFIATZRARREIN B8 GANS2T ﬂﬁjmé‘samaﬁﬁ
nMIuSan (overlap) vadaaaaInlng lasuaNuaunla
21137 GANs2T :u’m‘?iq@ M lkaanasiutasiianny
FuaneviRaUnale (MUNLANVINARFRIWUBTIINT
Fuanzitayavasamalnidldlisanadoinialnaifios
AuFasIBIInEEInING) uazdInalilszansniwl
MINWEHATBLD LN ABIN8Y GatumnlTiE GANs2T
Iuﬂicﬁﬁﬁmjuﬁaazhﬁagal,t,a:é'mhuu'lnﬂiw 50000
a:ﬁaaﬁmsmi@aaﬁﬁ@ﬂﬂa (outlier) uazauaanllnian
AIFILAIER s lRaFadrundundudnd 69
Figure 7
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. iris0 Table 5  Synthesising data with GANs2T for multi-class
Vehicle3
V= N Dataset tif Initial Ratio
o. ataset title
5 s class ratio GANs2T
Yeast-2 vs 4
3t e ] wine 1000:1500 1500: 1500
Glass2
— : Glass0 1000:8440 8440: 8440
yeast-1-2-8-9 vs_7
3 Thyroid 1000:36940 36940: 36940
Yeasts
LE lymphography 1000:40500 40500: 40500
winequality-white-3 vs 7
3 ecoli 1000:71500 71500: 71500
winequality-red-8_vs 6-7
3 e s e praa ' pageblocks 1000:164000  164000: 164000
a shuttle 1000:853000  853000: 853000
winequality-white-3-9_vs 5
! 97N Table 5 MIFAMzHToYAWIdIH GANs2T
¢ Pa90afaaE NNINAA 7 gadays wudilanis
shuttle-2 5 o v aa @ o A @
c — faaneiaiedt GANs2T vastayaunuiafema azld
o= Hadlunsdsiansiaaianguiasdedasiudayafd
' PG a6 WANAIITEWINIAAFEIN DY (3231967 1500 - 853000)
‘= waztilatayafiaanadiulngidaninnit 800000 dratng
¢ AITFILATIERARFEIUR D ARIVITOEIWIUATARI
kddcup-rootkit-imap_vs_back [y A o .
) deudn@ a3 Figure 8
(]
0 20000 <0000 60000 80000 100900 e Sasse
1 1
b 1] 1]
. ) . . Thyroid ymphography
Figure 7 Synthesising data with GANs2T for binary-class ; z
and binary-class with noise o: o
I ecoli pageblocks
971 Figure 7a. ugAINIFLATIZATOYA NI lt 1:
GANs2T vasluwiiama (Fagiufiduanzitoyaas d ‘1

amadIwlng wazaaadutasdanriniunialnaifss
A1) 91NF1WIU 9 §20819 A1 GANS2T EaNIDFILATIZN
amanguiarlaiiuaaanguaiulng uas Figure 7b.
uxaInIFIaTIzRdayalniidan GANs2T vasluwd
ANFLULTFYYIMIUNIL WIn3undRaUnddiuin 4
§hognsfi GANs2T sunInFsaTzdaaanguiayled
liwhAuamangusulng (+- 1 1-2)

0 200000 400000 £OOCOO  EOODOG
shuttle

 —

1] 200000 400000 600000  BOOOOQ

Figure 8 The results of synthetic data with
GANSs2T for multi-class

4.2 maUIsufisunszuawnsnieli GANs
32%374 Discriminative 182 Predictive N GANs2T L‘ﬁ'a
TadwAnEawnmsuenue: waznIinwedayaszning
GANs U8z GANs2T annAmanume (feature) LA
HAdWTaITATaYA %atﬂuﬁagaﬁy’umué’amm (numeric)
wazToyaIBIauaL (ordinal data) 34158ana3fiu XGBoost
%38 eXtreme Gradient Boosting lumsiiaziigavinune
(predictive analytics) Tayalnal 63 Table 6
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Table 6 The performance evaluation of discriminative
and predictive measures using GANs and
GANs2T models
Accuracy
Metric Method Training Training Training
step 0 step 5000 step 10000
GANs 52.73% 59.32% 56.78%
Discriminative
GANs2T 51.50% 55.52% 59.24%
GANs 55.70% 56.96% 58.36%
Predictive
GANs2T 54.02% 56.98% 59.44%

210 Table 6 NMTIAUTLENTNINNITULNUYE LR
mstwstdeyalaslfuuuiines GANs uaz GANs2T
Iﬂﬂﬁ'@@hmmgﬂﬁad ﬁnﬂmiﬂnaauﬁaga%umuﬂu 34
aaulawn 0, 5000 waz 10000 wazlidanasiiu XGBoost
fmSumsunedoyalnl wunluiuaas Discriminative
A5M7 GANs HA1ANNNABIEIFA = 59.32% FWIL
ningeudaya 5000 sau wazluduaon Predictive
ABM3 GANs2T §A1ANUNeAaIgIaa = 59.44% dni
nstinsautiaya 10000 sau AUlAI13TN1T GANS2T
a:ﬁwmvleﬁ”aﬂwoﬁﬂs:%w%mwuuﬁayjaﬁﬁmiﬂnaau
wanann (nafarimsilingawinwin 10000 sau)

5. M3Usziludss@nsawnmsineu lasnns
WisufisudsesEniawavisnsgudladianuuan
d1m7u 595 lduA SMOTE, ADASYN, BorderlineSMOTE,
GANs Laz GANs2T UuayauuuaaIuils a4 Table 6

Table7 Comparing the performance of random
over-sampling with 5 methods
Overall Average Training
Methods
Accuracy (%) Time (s)
SMOTE+XGBoost 82.42 54.80
ADASYN+XGBoost 80.42 57.45
BorderlineSMOTE 83.96 5611
+XGBoost ' :
GANs+XGBoost 84.79 75.72
GANs2T+XGBoost 84.93 60.20

210 Table 7 M3tUIsunaulss@nsawnunms
guABLILLLNINGIE 5 35 Wud1 GANs2T dein overall

for imbalanced data classification problems

accuracy §9§@ U6 average training time lfaandaudn
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Figure 9
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Figure 9 The comparison results with 5 methods on overall
accuracy and average training time
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