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Algorithm 1 Minibatch stochastic gradient descent training of generative adversarial nets. The number of
steps to apply to the discriminator, k, 1s a hyperparameter. We used £ = 1, the least expensive option, in our
expenments.

for number of training iterations do
for £ steps do

e Sample minibatch of m noise samples {z{”, e ,z{""]} from noise prior py(z).
e Sample minibatch of m examples {m“}, s :}3{”‘]‘} from data generating distribution
pda[a(m)'

e Update the discriminator by ascending its stochastic gradient:

Vo3 s (9) 4108 (10 (6 (=)

end for
e Sample minibatch of m noise samples {z{” e z{m)} from noise prior py(z).
e Update the generator by descending its stochastic gradient:

Vo, 3108 (1-0 (6 (<)),

end for
The gradient-based updates can use any standard gradient-based learning rule. We used momen-
tum in our experiments.
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» Mode-specific Normalization

Model the distribution of a For each value, compute the Sample a mode and
continuous column with VGM. probability of each mode. normalize the value.

a; =

m N N3 Ci.j

Figure 1: An example of mode-specific normalization.
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- FHAEMNZE (Conditional Generator)
— Conditional vector
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— BF#EFSk ( Training—by-sampling )
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- M5 : WGAN-GP + PacGAN

(hg = 2z @® cond
h1 = ho © ReLU(BN(FC\cond|+|z|—256(ho)))
hs = h1 ® ReLU(BN(FC\cond|+ |2|+256—256 (P1)))

N

f%?: = taﬂh{FC|cmd|+|z|+a1:z—>1(hz)] 1 <i< Ne
'?1 = gumbely 5 (FCicond|+|z|+512—m, (F2)) 1 <i< Ne
| di = gumbel ,(FClcond|+|z|4+512—|Dy| (F2)) 1 <i< Ny

ho=r1®...BrigcPcond; ... 0 condy

hy = drop(leaky 5(FCyojr|+10|cond|—256(h0)))
h?- = dIUP(leakYn‘g(FC:zaﬁ—maﬁ(-"11)))

C(-) = FCas6—1(h2)
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Algorithm 1: Train CTGAN on step.

Input: Training data T, 4i,,, Conditional generator and Critic parameters ® and ® respectively,
batch size m, pac size pac.
Result: Conditional generator and Critic parameters @, ® <~ updated.

1 Create masks {m;, ..., mg,... . my,};, forl<j<m
2 Create condition vectors cond;, forl < j < m from masks  © Create m conditional vectors
3 Sample {z;} ~ MVN(0,I), for1 <j<m
4 T; + Generator(zj,cond;), forl1<j<m > Generate fake data
s Sample r; ~ Unlform(Ttmm|condj) , forl<j<m > Get real data
6 condipuc) ¢ condi xpac+1 ® - . . ® condy x pac+pac. for 1 < k < m/pact> Conditional vector pacs
7 fipﬂc)  Frxpact1 D ... ® Frxpactpac » forl <k <m/pac & Fake data pacs
Y (PM) — rk xpactl @ ... B Tixpactpac . forl <k < m/pac > Real data pacs
m ac L L ]_ m WL a P WL i
9 £p — W doid fp Crltlc( £ P cond Py — g Zkif Critic(r*?, cond"*)

10 Sample py, ..., Pr/pac ~ Uniform(0, 1)

n #2741 = pp)elP | for 1 < k < m/pac

12 Lop + ﬁ ;:quc(”v;rm Critic(r ip o ondgcpﬂc})”g - 1) > Gradient Penalty
13 o P —0.0002 x Adam(Vg . (Lo + 10Lgp))

14 Regenerate r; following lines 1 to 7

15 Lo — ——F mffﬂ'c Critic (r(mc}, ondipuc)) + L > s CrossEhntropy(Elz-s__j,mit]

m?pﬂ.c k=

16 g — ¢ —0.0002 x Adam(Vg L)
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- LS R ( Experiments Result)

adult census credit cover. intru. mnist12/28 news
method F1 F1 F1 Macro Macro Acc Acc R?

Identity 0.669  0.494 0.720 0.652 0.862 0886 0916 0.14

CLBN(3) 0334 0310 0.409 0.319 0.384¢  0.741 0.176 -6.28
PrivBN(4) 0414  0.121 0.185 0.270 0.384  0.117 0081 449
MedGAN(6) 0375  0.000 0.000 0.093 0.299  0.091 0.104 -8.80
VEEGAN(6) 0.235  0.094 0.000 0.082 0.261 0.194 0.136 -6.5e6

TableGAN(5) 0492  0.358 0.182 0.000 0.000  0.100 0.000 -3.09

TVAE(1) 0.626  0.377 0.098 0.433 0.511 0.793 0.794 -0.20
TGAN(1)  0.601 0.391 0.672 0.324 0.528 0394 0371 -043

TVAE outperforms CTGAN in several cases, but GANs do have several favorable attributes, and this
does not indicate that we should always use VAEs rather than GANs to model tables. The generator
in GANs does not have access to real data during the entire training process; thus, we can make
CTGAN achieve differential privacy [14] easier than TVAE.
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- BEXEWM
— https://github.com/sdv-dev/CTGAN

# pip install ctgan or pip install -e CTGAN
from ctgan import CTGANSynthesizer
discrete_columns = [

]

ctgan = CTGAMSynthesizer ()
ctgan.fit(data, discrete_columns)

samples = ctgan.sample(1000)
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