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Motivation

» Tabular data usually has Sensitive Information which can cause privacy problem.
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* Privacy Information can be extracted easily from data synthesized by generative models,
when the Likelihood(Log-density) of synthesized data is high.

* VAES generates blurred samples but achieves a better likelihood than GANS.



Introduction

Proposed Concept

» Making GAN invertible, GAN can be trained with both likelihood loss and GAN loss.

* When sharing with Trustworthy people, decrease GAN loss and the negative likelihood loss

* When sharing with Untrustworthy people, decrease GAN loss, but sacrifice the negative likelihood
loss.
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Related Work

Neural ODE, Ffjord — Efficient Determinant Calculation

‘ aZ(tl)
aZ(to)
* |t usually costs O(D?) or O(D?), when D is the size of data dimension.

0z(t1)
l()gp(z(tl)) — lng(Z(tO)) . lgglaZ(tO)l

| Is main bottle neck of calculating likelihood.
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Related Work

Neural ODE, Ffjord — Efficient Determinant Calculation

. 19z(t1)
| dz(to)

» It usually costs 0(D?) or 0(D?), when D is the size of data dimension.
0z(tq)
logP@(t) = [ogP(Z(to)) — | 0glm|

| Is main bottle neck of calculating likelihood.

* By Instantaneous change of variables formula, (Neural ODE)

alogp(z(t)) af 0z
— —T ) . Z(t)) t; H
ot "\ 3200 dt A 2

p(2(t1)) pzitoy _ [ of
logPEt)) = [ogPEE) — | T dt
0g 0g fto T(Gz(t))

» By Hutchinson estimator, logP(?(t1)) can be efficiently calculated. (Ffjord)
* The cost of calculating Hutchinson estimator is slightly larger than that of evaluating f, since

calculating e’ 6:{15) has the same cost as f, using the reverse-mode automatic differentiation.

dlogPZ(®) of . Of
= —T1r - — p(€) [E E]
ot 0z(t) 0z(t)




Proposed Model

ITGAN(Invertible Tabular GAN)
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* |TGAN synthesizes the data on hidden space, and Decoder recover the real data from that. (Green)
 There are 3 parts in ITGAN. (Red: AutoEncoder, Orange: GAN, Blue: Likelihood(Log-density))



Proposed Model

ITGAN(Invertible Tabular GAN) - AutoEncoder
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* AutoEncoder makes hidden space, and GAN operates on that.
* Using AutoEncoder meets the invariant dimensionality requirement of NODEs and, relieves the burden of

GAN by separating the labor.

* AutoEncoder is learned by L,g, where ﬁfake Is a reconstructed hidden vector by Encoder(Decoder(hsqge))-



Proposed Model

ITGAN(Invertible Tabular GAN) — GAN, Likelihood(Log-density)
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GAN generates hidden vector with Neural ODE. The integral time i1s 0 ~ 1.

GAN Is the same with the original WGAN-GP model, except the invertible structure and the operation on hidden
Space made by autoencoder.

GAN is trained with L4y and Rgensity, Where Lg 4y 1S the WGAN-GP loss, and R;ensity IS NEgative log-density
regularization calculated using Hutchison Estimator.



Proposed Model

Training Algorithm

Algorithm 1: How to train IT-GAN

Input: Training data [i,;:5,. Validating data

) qr. Maximum iteration number
max_iter, The training periods
periodp, periodea, periody,

1 Imitiahze 6., 6., 8,, 84, and k + 0;
2 while &k < max _ifer do

3

= oh = = L s

10
11
12

13
14

15 end

k+— k41
Train @, and @, with Ly g and Lo oan:
if & mod periodp = 0 then
| Train 8 with Lgan;
end
if £ mod periods = 0 then
‘ Train 8, with Lo an:
end
if & mod period; = 0 then
| Train 8, with Racnaity:
end
Validate and update the best parameters,

f:,68:. 0, and 83, with D,4;:

i6 return 8, 8;, 0, and 0;

AutoEncoder
- Train with L,z every iteration
- Training the Encoder with L. 45 helps the discriminator better distinguish
real and fake hidden vectors by learning a hidden vector in favor of the
discriminator.



Proposed Model

Training Algorithm

Algorithm 1: How to train IT-GAN

Input: Training data [i,;:5,. Validating data

) qr. Maximum iteration number
max_iter, The training periods
periodp, periodea, periody,

1 Imitiahze 6., 6., 8,, 84, and k + 0;
2 while &k < max _ifer do

3

= oh = = L s

10
11
12

13
14

15 end

k+— k41
Train @, and @, with Ly g and Lo oan:
if & mod periodp = 0 then
| Train 8 with Lgan;
end
if £ mod periods = 0 then
‘ Train 8, with Lo an:
end
if & mod period; = 0 then
| Train 8, with Racnaity:
end
Validate and update the best parameters,

f:,68:. 0, and 83, with D,4;:

16 return 8;, 87, 6, and 0

AutoEncoder
- Train with L,z every iteration
- Training the Encoder with L. 45 helps the discriminator better distinguish
real and fake hidden vectors by learning a hidden vector in favor of the
discriminator.

GAN, Likelihood(Log-density)

- generator, discriminator are trained with L4 €very each period,
where AutoEncoder is trained every iterations. Because Generator
and Discriminator rely on the hidden vector by the AutoEncoder.

- log-density regularization also has a period, since frequent log-density
regularization negatively affects the entire training progress.



Experiments

Evaluation Score(Binary Classification)

Table 1: Classification in Adult Table 2: Classification in Census
Method Fl ROCAUC  Dist. Method Fl ROCAUC  Dist.
Raal (L 600 00 08 8200 00 O, 000, 000 Raal (LA740.01 0.90x 0.0 0,000, 00
PrivEN 0432002 0.8440.01 0.3520.05 PrivEN 0.2320.03 0.8120.03 0.5720.05
TVAE (L6240.01 084001 0. 162004 TVAE (4440001 08620001 0.14+:0.01
TGAN (L630.01 0852001 0224002 TGAN (L3840.03 0862002 0.140.02
TableGAN (L46240.03 0812001 0424003 TableGAN (L31+0.06 08120003 0302006
IT-GANCQ) 0.6420.01 0.860.00 0.33£0.03 IT-GANCQ) 04540001 089000 0.32+0.05
IT-GAMCL) 0.64220.01 (L8520.01 04120085 IT-GAMCL) 0.4620.01 0880001 049010
IT-CAN 0.64220.01 0.83620.01 0302001 IT-CAN 0452001 0882000 0.32+£0.05

Test score of Regression/Classification Machine Learning Model
trained with synthesized samples of each generative model



Experiments

Evaluation Score(Multi-Class Classification)

Table 3: Classification in Credit Table 4* Classification in Cabs

Method Macro F1 Micro F1 ROCAUC st

- Method MacroFl Micro F1 ROCAUC  Dust.
Real (045001 06120000 0672000 O,00=0.00

Real  0.65=0.00 0.68+0.00 0.780.00 0.00=0.00

Ind  0.27+£0.01 044001 0512001 0.7520.04
PrivEN 0322002 0.51+0.01 0.600.00 0.99£0.11
TVAE 039000 0.57£0.00 0.55:0.00 0.27+0.03
TGAN 0402000 0.55£0.01 0.539£0.00 0.44+0.03

PrivEN 0.64+0.00 0.67+0.00 0.7720.00 0.52+0.02
TVAE  0.60=0.02 0.6620.01 0.7420.01 0.3320.01
TCAN  0.64=0.00 0.67+£0.00 0.7620.00 0.49+0.02

VeeGAN 0.54=0.06 0.60=0.05 0.71£0.02 1.4620.12

MedCAN 0370002 0512003 0562001 2637287
IT-GANCQ) 0410001 0542001 0.60£0.00 1.5 2+0.06

IT-GANCL) 04020001 0.5520.01 0604001 0L69+0.04
IT-CAN 04020000 0540001 0594001 0.59£0.04

IT-CANCD) 0.66=0.00 0.690.00 0.79£0.01 0.5620.06
IT-GANCL) 0.66=0.01 0.6820.01 0.7920.00 0.64=+0.05
IT-GAN 0.64+0.01 06720001 0.77+0.00 0.3320.04

Test score of Regression/Classification Machine Learning Model
trained with synthesized samples of each generative model



Experiments

Evaluation Score(Regression)

lable 5: Regression in King Table 6: Regression in News (Ex. Var. means

explained variance.)

Method I Ex. Var, MSE MAE [dist.

Real  0.500.11 0.61£0.02 0044003 0.3020.03 0,000.00
TVAE  0.4420.01 0.52+0.04 0. 160,00 0.32+0.01 0.29£0.02

Method - Ex.Var  MSE MAE [Jist,

TOAN 0434001 0.60:20.00 0164000 (332000 0,550 (1 Real 0154001 0.15£0.00 0,69+ 0.00 0.63£0.01 0.00+0.00
TableGAN 0.4140.02 0.4640.03 0.1740.01 0.33£0.01 0.61+0.03 TVAE  -0.09£0.03 0.03£0.04 0.8820.03 0.67£0.01 1.84+0.04
VaoGAN 07540 15 (13240 14 02140 (4 03740 03 4 6147 33 TCAN  0.06+0.02 0.07£0.01 0.7620.01 0.66+0.02 1.97+0.05

TT_OANCO) 0.5920.00 0.60L0.00 0124000 0 38<0 00 0 anenns  IT-GAN(Q) 0.09£0.01 0.09£0.01 0.74£0.01 0.65£0.01 2.31+0.02
IT_H.;EE; 05340 01 0 5640 01 0132000 0.70+0.00 1 00e0 10 IT-GAN(L) 0.03+0.03 0.06+0.02 0.7820.03 0.65+0.01 2.45+0.06
IT-CGAN  0.59+0.01 0.6040.01 0.12+0.00 0.27+0.00 0.64+0.06 IT-CGAN  (LO940.02 0.10+£0.01 0.7420.01 0.6420.00 2574003

Test score of Regression/Classification Machine Learning Model
trained with synthesized samples of each generative model



Experiments

Evaluation Score

Table 1: Classification in Adult

Method Fl ROCAUC  Dist.

Real  (L660.00 083000 0L00+0.00
PrivEN (4520002 Ua40.01 0.55:0.05
TVAE  (.62+0.01 0.584:0.01 0. 16+0.04
TGAN  0.6320.01 0.85£0.01 0.22+£0.02
TableGAN (.46+0.03 0.81+£0.01 0.42+0.03
IT-GAN(Q) 0.6420.01 0.8620.00 0.33+0.03
IT-GANCL) 0,640,001 0.8520.01 0.41£0.09
IT-GAN  0.6420.01 0.860.01 0.30+0.01

Table 3: Classification in Credit

Method Macro F1 Micro F1 ROCAUC Dhst.

Real 0.48+0.01 0.61£0.00 0.67£0.00 0.0020.00
Ind 0.27£0.01 0.4420.01 051001 0.75&0.04
PrivBN 0.32+0.02 0.51+0.01 060000 0.99+0.11
TVAE 039000 0.5720.00 0.558+£0.00 0.27+£0.03
TGAN 040000 0.5520.01 0.59+0.00 0.44+0.03
MedGAN 0.37+0.02 0.5140.03 056001 26.37+£2.87
IT-CANCQ) 0.41+0.01 0544001 0.60£0.00 0.52+0.06
IT-GANCL) 040001 0554001 0.60+£0.01 0.69£0.04
IT-GAN 0404000 0.54+0.01 0594001 0.59+0.04

Table 5: chrcssiﬂn in King

Method I+ Ex. Var, MSE MAE Dist.

Raal  O.50£0.11 006140002 0.1440.03 0302003 0,00£0,00
TVAE  (L4d0,07 0L8240.04 0016000 0.3 260,01 0.2940.02
TGAN 0432001 0.60£0.00 0.16:40.00 0.32+0.00 0.55+0.02
TableGAN 0.41+0.02 (L4640.03 0L.17£0.01 0.33£0.01 0.61£0.03
VeaGAN 0.2540.15 (L3240.14 0.21+0.04 0.537£0.03 4.61+£21.22

IT-GANCQ) 0.5920.00 0.60£0.00 0.12+£0.00 0284000 0604002
IT-GANCL) 0.5320.01 00364001 0.1 360,00 0.2940.00 1.00+0.19
IT-GAN  0.59+0.01 (Lo0+0.01 0.12+0.00 0.27+0.00 0.64+0.06

Table 2: Classification in Census

Method Fl ROCAUC  Dust

Real  0.47+0.01 0.90«+ 0.00 0L00£0.00
PrivEN U.230.05 0812003 1L57+£0.05
TVAE  (L44+0.01 0.86=0.01 0L14£0.01
TGAN  0.38+0.03 0.86=0.02 0.14+0.02
TableGAN (.31+0.06 0.81£0.03 0.30+0.06
IT-GAN(Q) 0.4520.01 0.89+0.00 0.32+0.05
IT-GANCL) 0,460,001 0.88+0.01 0.49+£0.10
IT-GAN 0.45+0.01 0.88+0.00 0.32+£0.05

Table 4: Classification in Cabs

Method MacroFl Micro F1 ROCAUC  Dist.

Real  0.65z0.00 0.68+0.00 0.78x0.00 0.00=+0.00
PrivBN 0.64:0.00 0.67+0.00 0.77+0.00 0.52+0.02
TVAE  0.60=0.02 0.660.01 0.74+0.01 0.33+0.01
TGAN  0.64£0.00 0.67+0.00 0.7620.00 0.49+0.02
VeeGAN  0.534£0.06 0.60+0.05 0.71+0.02 1.46=+0.12
IT-GANCQ) 0.66=0.00 0.6920.00 0.79+0.01 0.56=0.06
IT-GAN(L) 0.66£0.01 0.6820.01 0.79£0.00 0.64+0.05
IT-GAN  0.64=0.01 0.67£0.01 0.77£0.00 0.5320.04

Table 6: Regression in News (Ex. Var. means
explained variance.)

Method R Ex.Var MSE MAE st

Raal (L1540,01 0152000 0,69+ 0,00 0,63£0.00 0,00£0.00
TVAE  -0.00£0.03 0L0320.04 085003 0.07:0.01 1.84+0.04
TGAN  0.06+0.02 0.07£0.01 07640001 0.664£0.02 1.97£0.05
IT-GAN(Q) 0.09+£0.001 0.00£0.01 0.74£0.01 0.65£0.01 2.3140.02
IT-GANCL) 0.03£0.03 0.062£0.02 0.78£0.03 0L.652£0.01 2.45+0.06
IT-CAN  0.09+0.02 0.10+0.01 0.74+0.01 0.642+0.00 2.37+0.03

ITGAN(Q) Is a proposed model decreasing the negative log-
density, where ITGAN(L) Is that sacrificing the negative log-
density. ITGAN Is without log-density regularizer.
Dist.(real-fake distance) is the average of the distance from
each fake record to its closest real record



Experiments

Evaluation Score

Table 1: Classification in Adult Table 2: Classification in Census
Method F1 ROCAUC  Dist. Method F1i EOCAUC  Dist.
Pr VB0 432007 084007 0355015 =ea onomosiososzos * | TGAN(Q) Is a proposed model decreasing the negative log-
TVAE  0.62+0.01 0.84+0.01 0.1620.04 TVAE  0.4420.01 0.8620.01 0.1420.01 . . L .
¥
il 063001 0854001 022:0.07 palCAl 038003 0860102 0.14:002 density, where ITGAN(L) Is that sacrificing the negative log-

IT_GAN(L) 0.6420.01 0854001 0412009 IT_GAN(L) 0.465001 0852001 04920 10 density. ITGAN is without log-density regularizer.
IT-CAN  0.6420.01 0.8620.01 0.30£0.01 IT-CAN 0.45320.01 0852000 0.32£0.05 . . . .
* Dist.(real-fake distance) Is the average of the distance from
Table 3: Classification in Credit Table 4: Classification in Cabs each fake record to Its closest real record

Method Macro F1 Micro F1 ROCAUC  Dist. Meothod Macro F1_Micro F1 ROCAUC _ Dist.
: < DU UA2LD.0T 0.2 LU AL a0, PrivEN U.6420.00 0.6720.00 0.7720.00 0.520.02
PriveN 0.32+0.02 0.510.01 0.60£0.00 0.99:0.11 : : :
TVAE  0.60£0.02 0.6620.01 0.740.01 0.3320.01 A” k d f | G AN h h b I
TVAE  0.3940.00 0.5720.00 0.5820.00 0.2720.03 N ; o Inas of |1 acnieve the pest score In almost cases.
TGAN  0.6420.00 0.6720.00 0.76:0.00 0.4920.02
TCAN  0.40+0.00 0.55:0.01 0.59+0.00 0.440.03 e 0t g o e 12
MedCAN 0.37+0.02 0.5120.03 0.56+0.01 26.37+2 87 VaaGAN _1.33£L06 D.OULUS 1. 71202 1462012 .
TT-CAN(Q) 0.4120.01 0.54=0.01 0.6040.00 0.52£0.06 D e O e Dot o005 e An |Ong '] GAN, ' GAN(Q) IS the best.
IT-CAN(L) 0.40+0.01 0.55:0.01 0.60£0.01 0.69+0.04 IT-CAN(L) 0.66:0.01 0.68+0.01 0. 5400
IT-CAN  0.6420.01 0.6720.01 0.7720.00 0.5320.04

IT-GAN  0.4020.00 0.54+0.01 0.59+0.01 0.589+0.04

Table 5: Regression in King Table 6: Regression in News (Ex. Var. means
explained variance.)

Method I+ Ex. Var, MSE MAE Dist.

Roal 0502011 006 140,02 0.1420,03 0,30£0.03 0,000,000 M 2 : o | ‘L
ethod It Ex.Var MSE MAE [ist.
O, add=:0001 0L5 24000 O 8 Gt 00 0,320,000 0, 24540002
TVAE + | £0.0 1. 162 £0.01 £ RHaal O, 150,00 0,0 5200000 0,659 0000 0,630,000 0,000,000

TOAN 0,430,010 0.600.00 0.16:40.00 0.3240.00 01.5540.07 R o e Rl
TablaGAN 0.41+0.02 0.46+0.03 017001 0.33£0.01 0.61+0.03 IVAE  -UIEE0.LL U0G£D.04 0.6620.05 U.6/20.01 1.6440.U¢
S ! TCAN  0.06+0.02 0.070.01 0.76+0.01 0.66£0.02 1.97+0.05

VeaGAN 0.2540.15 (L3240.14 0.21+0.04 0.537£0.03 4.61+£21.22 FT-GAN(G) 0 I 0001 074001 0.6520.01 T T 20.00
IT-GANCQ) 0.5920.00 0.60£0.00 0.12+£0.00 0284000 0604002 - 90, ' ' T L :
(@ IT-GANCL) 0.03£0.03 0.062£0.02 0.78£0.03 0L.652£0.01 2.45+0.06

IT-GAN(L) 0.5320.01 0.56+0.01 0.1340.00 0.29£0.00 1.00+£0.19 - nELLL <
IT-GAN  0.59+0.01 0.60+0.01 0.12+0.00 0.27+0.00 0.64+0.06 IT-CGAN  0.09+0.02 0.10£0.01 0.74+0.01 0.64£0.00 2.57+0.03




Experiments

Evaluation Score

Table 1: Classification in Adult Table 2: Classification in Census
Method  Fl  ROCAUC Dist. Method  FI  ROCAUC Dist.

Real  (0.66+0.00 0.88+0.00 0.00£0.00 Real  0.47+0.01 0.90+ 0.00 0.00+£0.00 - - -

Pr VB 04320 00 0842007 0355005 = omanostanoszos | TGAN(Q) IS a proposed model decreasing the negative log-

TVAE  0.62+0.01 0.84:0.01 0.16+0.04 TVAE  0.440.01 0.86+0.01 0.1420.01 _ _ . ]

TCAN  0.6320.01 0.85:0.01 0.22:+0.02 TCAN  0.38+0.03 0.86+0.02 0.14+0.02 -
rammettn Dt 0512001 O4sa00a TasettN 012006 081205 030008 density, where ITGAN(L) Is that sacrificing the negative log
IT-CAN(Q) 0.64+0.01 0.86:0.00 0.33=0.03 IT-CAN(Q) 0.45+0.01 0.8920.00 0.32+0.05 : : : : :

IT-GAN(L) 0.64+0.01 0.850.01 0.410.09 IT-CAN(L) 0.460.01 0.880.01 0.49+0.10 denS|ty_ |TGAN 1S WlthOUt IOg-denS|ty regl_ﬂarlzer_
IT-CAN  0.64+0.01 (.86+0.01 0.30+0.01 IT-CAN  (0.45+0.01 0.88+0.00 0.32+0.05

* Dist.(real-fake distance) Is the average of the distance from
fable 3 Classification In Credit Table 4: Classification in Cabs each fake record to its closest real record

Method Macro F1 Micro F1 ROCAUC  Dist. Method Macro E1 Micro F1 ROCAUC  Dist,
Sl T AL L Real  0.6520.00 0.68£0.00 0.780.00 0.000.00
. < FOATUAZO0T 01001 0. 7920, PrivEN 0.6320.00 0.6720.00 0.7720.00 0.5220.02
PriveN  0.32+0.02 0.510.01 0.60£0.00 0.99:0.11 : : :
TVAE  03940.00 0.740.00 058000 0.27:0.03 e oso002 066001 074001033000 o Al kinds of ITGAN achieve the best score In almost cases
TCAN  0.6420.00 0.6720.00 0.76:0.00 0.49+0.02 -
TCAN 0402000 0.55:0.01 0.59+0.00 0.44+0.03 e O T OO e
MedCAN 0.37+0.02 0.51+0.03 0.56+0.01 26.37+2.87 VaaGAN _1.33£(L00 D.6UXLUS U, 712002 1.4620.12 "
TT-CAN(G) 0.4120.01 0.5420.01 0.60+0.00 0.5720.06 T e O e, Do am oorons ® An 10NQ ITGAN, ITGAN(Q) IS the best.
IT-CAN(L) 0.40+0.01 0.55£0.01 0.60+0.01 0.690.04 IT-GAN(L) D.66:0.01 0.68:0.01 Q. 54+0.05
IT-CAN 0.6420.01 0.67=0.01 0.770.00 0.530.04

IT-GAN  0.4020.00 0.54+0.01 0.59+0.01 0.589+0.04

Tuble 5: Regression in King * Despite sacrificing the negative log-density, ITGAN(L)

Table 6: Regression in News (Ex. Var. means

TV Y TTERE Yy a— explained variance.) .

etho . X, Var, SE 1 i1 h th bI

Real  0.50+0.11 0.6120.02 0.1420.03 0.30£0.03 0.00+0.00 Method 7 Eve MSE  MAE _ Din acnieves € reasonabie scores.

TVAE 0442001 0.5240.04 0.1620.00 0.32£0.01 0.2040.02 — — : — . . -

TCAN  0.4320.01 0604000 0.16£0.00 0.32+0.00 0.55£0.02 Real  (.15:0.01 0.15+0.00 0.69+ 0.00 0.63+0.01 0.00:+0.00 o D|St Of IT( BAN(L) 1S the blggest
TablaGAN 0.41£0.02 0.46+0.03 0.17£0.01 0.33£0.01 0.6120.03 TVAE  -0.09£0.03 (.03+0.04 0.8520.03 (.67£0.01 1.84:£0.04 " -

TCAN  0.06+0.02 0.07£0.01 0.76£0.01 0.66:0.02 197005

VeaGAN  0.25+0.15 0.3240.14 0.21+0.04 0.37£0.03 4.61+2.22
IT-GAN(Q) 0.59+0.00 0.60+0.00 0.12+0.00 0.28+0.00 0.60+0.02
IT-GANCL) 0.5320.01 0.56+0.01 0.13+0.00 0.29£0.00 1.00+40.19

IT-CAN  0.59+0.01 0.60+0.01 0.12+0.00 0.27+0.00 0.64+0.06 IT-GAN

IT-GAN(Q) 0.09+£0.001 0.00£0.01 0.74£0.01 0.65£0.01 2.3140.02
IT-GANCL) 0.03£0.03 0.062£0.02 0.78£0.03 0L.652£0.01 2.45+0.06
(L0940.02 0.10+0.01 0.7440.01 0.6420.00 2,370,035




Experiments
Privacy Attack

Model Adult Census Credit Cabs King News

IT-GAN(Q) 0.612+0.008 0.833+0.011 0.710x0.012 0.659+0.016 0.761+0.025 0.791+0.003
IT-GANCL) 0.599+0.016 0.741+£0.027 0.656£0.027 0.630£0.011 0.703£0.032 0.783+0.010

I[T-GAN 0.618+0.003 0.81620.019 0.688+£0.058 0.654+0.033 0.742+0.003 0.788x0.007

» Table shows privacy attack success scores. High score means being more vulnerable to privacy attack.
 |TGAN(L) achieves the lowest privacy attack sucess scores, however before results prove that ITGAN(L)
has reasonable machine learning evaluation scores.



Experiments
Ablation Study: ITGAN vs ITGAN(Q,L)
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The above figure(figurel) shows real-fake distance and the below figure (figure2) shows t-SNE visualization.
It shows the effect of log-density

ITGAN(Q) generates the synthesized data more similar to oringal data than ITGAN.

However, ITGAN(L)'s samples are very different with original data.

These show that log-density regularizer works as intended.



Experiments

Sensitivity Analyses

Table 10: Sensitivity of tull black

Table 9: Sensitivity in News .
box attack w.r.t. v in News

~  R?* Ex.Var MSE MAE Dist.

— ~  FBB ROCAUC
0.0105 0.05 0.07 0.77 0.66 2.53

0.01000.06 0.07 0.76 0.65 2.49 -0.012 0.762
0.0000 0.07 0.10 0.75 0.64 2.41 -0.011 0.752
0.0100 0.10 0.11 0.73 0.64 2.44 0.000 0.784
0.0500 0.10 0.10 0.73 0.65 2.34 0.050 0.787
—_— 0.100 0.792

y IS the coefficient of negative log-density regularizer

When y = 0.01, the evaluation scores(Machine Learning score) are the best.
As y decreases, real-fake distance (Dist.) increases.

Similarly the lower y achieves the lower attack success score.



Conclusion

ITGAN

» Successfully combine GAN and log-density regularization
 |[TGAN can adjust trade-off between synthesis quality and the real-fake distance.

* |n some Multi-class or/and imbalanced datasets, there Is a room for improving.



Thank You !



