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Abstract  Synthesizing high quality dataset has been a long-standing challenge in both machine
learning and database community. One of the applications of high quality dataset synthesis is to
improve the model training. especially deep learning models. A robust model training process requires
a large annotated dataset. One way of acquiring a large annotated training set is via the domain
experts’ manual annotation, which is expensive and prone to mistakes. Therefore, as an alternative,
automatic synthesis of high quality and similar dataset is much more plausible. Some efforts have been
devoted for synthesizing image dataset due to the rapid development of computer vision. However,
those models can not be applied to the structured data (numeric & categorical table) directly.
Moreover, little efforts have been payed to the numeric & categorical table. Therefore, we propose
TableGAN, the first generative model from GAN family., which improves the performance of the
generative model with adversarial learning mechanism. TableGAN modifies the internal structure of
traditional GAN targeting numeric & categorical table, including the optimization function. to
synthesize more high-quality training dataset samples for improving the effectiveness of the training
models. Extensive experiments on real datasets show significant performance improvement for those

models trained on the enlarged training datasets, and thus verify the effectiveness of our TableGAN.

Key words deep learning; generative models; neural network; generative adversarial network

(GAN); classification
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Fig. 1 An example of model performance
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Fig. 2 The workflow of training classifiers using

synthesized datasets
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Tor BRI S o DT e T b T G be AR 12
B 3 400 Tr) AL A A A% B Az R BT ) 2% AN [
(172, TableGAN &2k T AL R &L PRAIE T R ALA —
A RRE RN G R, JF B T By 1k M R X s A AR
PR 52 W, F A B A A5 T8 R ) 5 i A 7R v R S i T
L, (EARTI, 3G KT i A MRS I 2 REE  fE— e 1R
JE EREA T AR B 15 (mode collapse) 1/ 88 18 & 4 P8
FATET A, TableGAN H5 5 02 Az Bl 20 X7 Bt ) 2% 7 2%
o A B30 2% A= R 1) 1 Uk R .

9 T AEH] Tabel GAN BYAT &P A SCEAE T 78
2 AR AE B AR 3 Bhar S A 2% 1 — R 1 SE B
SERFNAHOC A3 1. 78 40 1Y 2 56 R W] TableGAN BEf
A B TR TE o A M U R I BB e AR T
AT RE IR TableGAN A B 35028, FRATT e £
T — TR F2 P8 L M3 Kaggle® I HE 4 i S8 1
R 73 AR, S 56 Tk W et 5 i ) s BRI L
ALY 8 ME B 3 AT) T DLtE— 2D 5 Tt
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@D https://www.kaggle.com/c/sf-crime/discussion/15836
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Fig. 3 The structure of our TableGAN
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Y RE B Bl 2 AN 00 A WA & B S R R R
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T I 08 BR DR LG B v AR D 1 — 8 o R AE DL B
BB AS 53 B — TR AT TableGAN W) & Xf
XA ), A 3 A 1 ok G2 i A R R B 4
IR A o A MR R 2 i 22 R X IR A R 4k
KU AL G GAN AL A Bl & 1Y Hi A I P JIR DA . U
(9 TE 25 43 A o TR T A% SCRG 22 AR B 45 0 1h 5E 3=
RV i A 22 U8 43 A 1Y) R PR R 65 3 A B s ) 2
R 20 FAT R 3 B T B &k Ak Oy vk, i
Adam, i f# F§ RMSProp' # 5 3) 7 #ift 28 W] 4% 51 71
g L, E AR, SR UE TableGAN I i &
M E .

TableGAN [l gt FEWNB L 1 B &F X S5k
0 5 v (D 45 i B AR R BOR 23 501 38 2 I kA
A D 28 55 550 8 N 4% D ad BRI BIUR S5 1551

Y”:*argyminV(D,G). (8)

D https://github.com/cocoissong/ TableGAN
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(clipping parameter)d .#t K /) (batch size)m A= 1%,
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END WHILE

3 XWEHSH
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FH & GitHub®.

BEXS BB AR FRATTR I 3 A S50 20 9K

D) 5 FH AR VI A A X6t 43 A R R AT U1 2k 76
DA 175 3] 43 A7 T 00 o 4 %%
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3) A BE 2 i G BB S AT I L 7
AR 145 2] 23 S A Y B TU o A R, IR 3R 1 vk
5 31 B0 o A R BEAT LR
3.1 HES

RS 2 AR IF R B S T 50 8. — A2
KR A7 B8 L FE W o Kaggle FATFREIREEY , o) —
MEILEF T G FE UCTY AT B4, % 148
BT 2 MBI RS THE B

Table 1 Summaries of the 2 Datasets

F1 ZHBEERITER

Dataset Source # Classes # Samples
SF Crime Kaggle 39 877982
Poker Hand UCl 10 1025010

1) SF Crime. A 845 W4 T IH & i iz 12
AESEAL R 5L 25T 9 AN AN A JE e, L g
“Category” Wt , IA7 39 Tl A [6] (Y HU(E. 43 KA
T % AR AR A0 08 T 14 A A ) [R] 5 b ke S0 A0 R
PRI R 2 PR T AR SR TR ARAE B

Table 2 Summaries of the SF Crime Dataset
% 2 3T SF Crime £[47 &£ H# i4

Attribute Description Data Type
Dates Timestamp of the Crime Incident Datetime
Category Category of the Crime Incident Categorical
Description Detailed Description of the Crime Incident Text
DayO fWeek Day of the Week Number
PdDistrict  Name of the Police Department District Categorical
Resolution How the Crime Incident was Resolved  Categorical
Approximate Street Address of the
Address Categorical
Crime Incident
X Longitude Number
Y Latitude Number

2) Poker Hand. A4l A2 5% T M\ 52 5K $h 58
I R N = Y < S N NS P R S o SRR B R N
myJE e o @ P Class” b2 224G 10 FOR [F Y
WU A5 R AE 7 [ AR 57 55 43 A T
BRI 5 5K b g B R/ 5 AR @R TR R Y.L 5% 3
AL T MR TR R

@ https://www.kaggle.com/c/sf-crime/data
@ http://archive.ics.uci.edu/ml/datasets/Poker-+ Hand
@ https://www.kaggle.com/c/sf-crime/discussion/15836

Table 3 Summaries of the Poker Hand Dataset

& 3 X F Poker Hand %[ #E & B0 # i&

Attribute Description

S Suit of card # 1, ordinal (1-4) representing
! {Hearts, Spades, Diamonds, Clubs}
c Rank of card # 1, numerical (1-13)
! representing (Ace,2,3,+**,Queen, King)
Ss Suit of card # 5
Cs Rank of card # 5

Class Class “Poker Hand”, ordinal (0-9)

3.2 HEER

AR 3 A AT 43 B 445 1 1 fE
R 2 2B HLOMLP) L P K 2 A28 i i 43 28 3
B—PRE ML FF MK (random forest, RF) F1 ot %K #}
(decision tree, DT).

1) MLP. X517 4 21 09 78 50008 52 98 Lo 28 19
Kaggle? I Hi % S SE Wi A9 0 BB AL, B2 — 14 3 2
P2 UGN AR L 7E SF Crime B4 T, X 4> 43 B4
R VERRAE B A 1Y A JFSRE thHERA T 1%,

2) RE.BEHLAR AR 50 o 4 2= ) 1y BLARK 2
RRAR B 0 — B0 B I B A B T R SR T
ERA TR T HLE = T 1 — KAy 3— &l
(ensemble learning) 77 % , H 4 19 2 51 oy 4> 791 #
A 1 1 2 ) P AT S AR U X T — A i ARE
AN BB A N A 2845 58 1 BEAL AR AR L T
JIT A B 73 P SR A 5 B B IR B 2 1 2R ) 98 8
by I A

3) DT PR o — i B A 10 73 28 5 vk D SRy
B B IE 45 4 o 3R 7 B T 5 AR X 5241 R A7 53 2R 1Y)
TR E T LA A & if-then #L0 4E &, AT LIIA
R R R SCAERFAE 25 (8] 55 28 25 8] | i 25 (A 32 40 A
HAT ] B 808w S A

AR TableGAN % JZ M 2 9 2% APT——
Keras R SZ P, 3£ F TensorFlow Jg S, &1 XF 4 4~ %k
i £E , TableGAN R Y5 Epochs F1 D _iters X 2 72
B TR B AR B 17 1 AN [ 19 5 7808030 A A
F L, Epochs W7 BLRY B 2% SRR B, A0 SR Y 2Rt
Epochs #3/N s BT RHAE S 2 AR08 58 45 42 U & B
s R AN 2 LA KR $ w3 S AT AL 1% T O o
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RZ MR Epochs i3 K MR 22 ] Jdfi vhoad T B
PR AR o A TH 23 52 0 53 2R A5 R Y Fo0I0 o 1 38, A 5
I Epochs WEBUETE 20~90 Z[B].D iters SCHL T A5
0 e 3] g A X T AR A Y 2% AR R, BB Y A
FREAR 1 R B R E R AR B FI I D _iters =5
F WA R AR AR I 2R 1 U B ] 88 I 2k 5 IR
W2 B W 5 A B R0 ) g 3k 2 SRR I 25 7R
JE MBSV B o R L.

33 EAEEZR

AR 10 A7 32 S5 AR /9 J7 2R R Ry
TableGAN BIE I 4 AT EAE 2 D EESE AT T
EN RS LR ST SN T

1) Without scaling up. 7 >R FATfa] A= pli A= A,
57 FH AR VI ZRAE A X 43 R B AL 171 2.

2) Dscaler™. $it4f 2 435k 45 7 169 45 ¥4 1k 55 0%
Y7 J5 7 Dscaler, — M5t X 25k HAT HAMEX R
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Table 4 Quantitative Results on the 17 Versions of Training Data

x4 DEBEEVANTRARENNEETHREERIIE

Epochs (D_iters=6) D _iters (Epochs=30)
Datasets Classifiers
20 30 40 50 60 70 80 90 1 2 3 4 ) 6 7 8 9 10
MLP 27.84 27.84 27.84 27.84 27.84 27.84 27.84 27.84 27.84 27.84 27.84 27.84 27.84 27.84 27.84 27.84 27.84 27.84
MLP* 25.95 25.95 25.95 25.95 25.95 25.95 25.95 25.95 25.95 25.95 25.95 25.95 25.95 25.95 25.95 25.95 25.95 25.95
MLP~ 27.86 27.86 27.86 27.86 27.86 27.86 27.86 27.86 27.86 27.86 27.86 27.86 27.86 27.86 27.86 27.86 27.86 27.86
MLP* 27.83 27.65 27.56 27.24 27.52 27.67 27.67 27.97 27.89 27.62 28.02 27.91 27.84 27.65 27.64 27.91 27.89 27.24
MLP~ 27.97 28.05 27.88 28.41 28.08 28.18 28.12 28.28 27.97 28.06 28.01 28.03 28.11 28.05 28.27 28.22 27.81 27.56
RF 23.33 23.33 23.33 23.33 23.33 23.33 23.33 23.33 23.33 23.33 23.33 23.33 23.33 23.33 23.33 23.33 23.33 23.33
RF* 23.11 23.11 23.11 23.11 23.11 23.11 23.11 23.11 23.11 23.11 23.11 23.11 23.11 23.11 23.11 23.11 23.11 23.11
SF RF~ 23.35 23.35 23.35 23.35 23.35 23.35 23.35 23.35 23.35 23.35 23.35 23.35 23.35 23.35 23.35 23.35 23.35 23.35
Crime RE* 23.36 23.41 23.40 23.44 23.43 23.40 23.39 23.40 23.28 23.34 23.31 23.31 23.30 23.31 23.35 23.33 23.30 23.27
RF~ 23.37 23.39 23.44 23.41 23.49 23.44 23.46 23.47 23.48 23.45 23.35 23.52 23.49 23.39 23.26 23.50 23.34 23.31
DT 18.3 18.3 18.3 18.3 18.3 18.3 18.3 18.3 18.3 18.3 18.3 18.3 183 18.3 183 18.3 18.3 18.3
DT* 18.33 18.33 18.33 18.33 18.33 18.33 18.33 18.33 18.33 18.33 18.33 18.33 18.33 18.33 18.33 18.33 18.33 18.33
DT# 18.37 18.37 18.37 18.37 18.37 18.37 18.37 18.37 18.37 18.37 18.37 18.37 18.37 18.37 18.37 18.37 18.37 18.37
DT~ 18.33 18.36 18.38 18.32 18.30 18.33 18.37 18.37 18.33 18.35 18.31 18.36 18.38 18.36 18.29 18.28 18.30 18.31
DT~ 18.41 18.39 18.37 18.32 18.38 18.36 18.40 18.40 18.38 18.41 18.40 18.34 18.39 18.39 18.39 18.47 18.36 18.49
MLP 54.71 54.71 54.71 54.71 54.71 54.71 54.71 54.71 54.71 54.71 54.71 54.71 54.71 54.71 54.71 54.71 54.71 54.71
MLP* 51.71 51.71 51.71 51.71 51.71 51.71 51.71 51.71 51.71 51.71 51.71 51.71 51.71 51.71 51.71 51.71 51.71 51.71
}:kj’ MLP~ 55.82 55.82 55.82 55.82 55.82 55.82 55.82 55.82 55.82 55.82 55.82 55.82 55.82 55.82 55.82 55.82 55.82 55.82
. MLP* 51.55 52.45 51.51 52.66 53.22 51.84 52.15 52.65 53.63 53.52 50.84 52.77 52.58 52.45 51.66 54.16 51.28 51.27
MLP~ 53.64 60.16 56.05 56.27 56.87 57.45 56.34 55.71 55.57 55.56 56.94 56.77 56.51 60.16 56.63 56.76 56.81 56.55
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Continued (Table 4)

Epochs (D_iters=6) D_iters (Epochs=30)
Datasets Classifiers
20 30 40 50 60 70 80 90 1 2 3 4 5 6 7 8 9 10
RF 56.08 56.08 56.08 56.08 56.08 56.08 56.08 56.08 56.08 56.08 56.08 56.08 56.08 56.08 56.08 56.08 56.08 56.08
RF* 56.67 56.67 56.67 56.67 56.67 56.67 56.67 56.67 56.67 56.67 56.67 56.67 56.67 56.67 56.67 56.67 56.67 56.67
RF~ 55.77 55.77 55.77 55.77 55.77 55.77 55.77 55.77 55.77 55.77 55.77 55.77 55.77 55.77 55.77 55.77 55.77 55.77
RE” 55.08 56.62 56.39 56.48 56.04 56.10 56.12 55.48 55.11 54,57 56.31 54.98 55.47 56.62 55.67 55.85 55.30 55.38
Poker RE~ 56.36 57.11 56.66 57.56 57.24 57.24 56.29 57.02 56.82 57.68 57.20 57.11 57.07 57.11 57.21 57.59 57.31 56.57
Hand DT 47.86 47.86 47.86 47.86 47.86 47.86 47.86 47.86 47.86 47.86 47.86 47.86 47.86 47.86 47.86 47.86 47.86 47.86
DT* 47.98 47.98 47.98 47.98 47.98 47.98 47.98 47.98 47.98 47.98 47.98 47.98 47.98 47.98 47.98 47.98 47.98 47.98
DT# 47.91 47.91 47.91 47.91 47.91 47.91 47.91 47.91 47.91 47.91 47.91 47.91 47.91 47.91 47.91 47.91 47.91 47.91
DT* 47.99 47.87 51.66 50.85 50.22 50.97 51.48 50.70 47.72 50.03 51.42 47.79 47.87 47.87 50.85 47.90 47.95 47.80
DT~ 52.73 52.54 52.70 52.68 52.45 52.57 52.61 52.65 52.55 52.63 52.52 52.57 52.62 52.54 52.64 52.58 52.51 52.58

Notes:“4” means the corresponding classifiers using the augmented training data produced by data anonymization algorithms (£-anonymity

+t-closeness) ; “&” means the classification results of data produced by Dscaler; “ *

” means the classification results of data produced by

C-GAN;“=" means the classification results of data produced by our TableGAN. The best results have been highlighted in bold.
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Fig. 4 Performance comparison using MLP classifier on SF Crime dataset
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Fig. 5 Performance comparison using Random Forest classifier on SF Crime dataset
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Fig. 6 Performance comparison using Decision Tree classifier on SF Crime dataset
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Fig. 7 Performance comparison using MLP classifier on Poker Hand dataset
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Fig. 8 Performance comparison using Random Forest classifier on Poker Hand dataset
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Fig. 9 Performance comparison using Decision Tree classifier on Poker Hand dataset
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