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Jl Introduction

— Data completeness
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Jl Introduction

— Data completeness
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Jl Introduction

— Data completeness
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— Data completeness
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— Data completeness
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Jl Introduction

— Missing value imputation
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Jl Introduction

— Missing value imputation
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Jl Introduction

— Missing value imputation
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Jl Introduction

— Missing value imputation
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Jl Introduction

— Discriminative models vs Generative models

“* Discriminative models based method
» Learn a function that maps the input x to an output y
» Conditional probability p(y|x)
» MICE, MlssForest
% Generative models based method
> Tries to learn a joint probability of the input x and the output y at the same time

> Joint probability p(x, y)
> EM, DAE, GAN

Discriminative model Generative model
Goal Directly estimate P(y|x) Estimate P(z|y) to then deduce P(y|x)
What's learned Decision boundary Probability distributions of the data
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/
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Jl Literature Reviews

— Generative Adversarial Nets
% GAN2 F7le] HE®A=E 4
> Generator(G): T} 242 JHNt(fake)E MAMot= HEY A

> Discriminator(D): 7tXH(fake)2} XIMf(real)S FYot= HEYF

X ) D ) O (fake)
1 (real)

Real image x Discriminator D

’ Neural network
Z ‘ ‘ G(Z) Input = Data (from training and generator)

Output—> Probability of real

Latent random variable z  Generator G

‘\//

Neural network
Input = random variable (from prior)
Output=> random sample (from model distribution)

Fake image G(2)
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Jl Literature Reviews

— Generative Adversarial Nets
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Latent random variable z  Generator G

‘\//

Neural network
Input = random variable (from prior)
Output=> random sample (from model distribution)

Fake image G(2)
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Jl Literature Reviews

— Generative Adversarial Nets
% GAN2 F7le] HE®A=E 4

> Discriminator(D) 2X: D(G(2)) =0, D(x) =1
~> et 7HE gl 7=

—/
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Z ‘ ‘ G(Z) Input = Data (from training and generator)

Output—> Probability of real

Latent random variable z  Generator G

‘\//

Neural network
Input = random variable (from prior)
Output=> random sample (from model distribution)

Fake image G(2)

=7 KOREA

UNIVERSITY




Jl Literature Reviews

— Generative Adversarial Nets

< GAN objective function (adversarial)

mGjn max V(D,G) = Exp,qcx) [LogD ()] + E;pp (1) [log(l — D(G(z)))]

X ) D ) 0 (fake)
1 (real)

Real image x Discriminator D

’ Neural network
Z ‘ ‘ G(Z) Input = Data (from training and generator)

Output—> Probability of real

Latent random variable z  Generator G

‘\//

Neural network
Input = random variable (from prior)
Output=> random sample (from model distribution)

Fake image G(2)
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Jl Literature Reviews

— Generative Adversarial Nets

<+ GAN objective function (generator)

G is independent of this part

mGjn max V(D,G) =W] + E;p,(2) [l0g (1 - D(G(Z)))]

G should minimize V(D, G)

Minimum when D(G(z) = 1

) D ) 0 (fake)
* 1(real)  D(G(2) =1

Real image x Discriminator D

’ Neural network
Z ‘ ‘ G(Z) Input = Data (from training and generator)

Output—> Probability of real

Latent random variable z  Generator G

‘\//

Neural network
Input = random variable (from prior)
Output=> random sample (from model distribution)

Fake image G(2)
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Jl Literature Reviews

— Generative Adversarial Nets

< GAN objective function (discriminator)

mGjn max V(D,G) = Exp,qcx) [LogD ()] + E;pp (1) [log(l — D(G(z)))]

D should maximize V (D, G) Maximum when D(x) =1

Maximum when D(G(z) =0

D 0 (fake) P =1
* = == Ttesd D(6()) =0

Real image x Discriminator D

’ Neural network
Z - - G(Z) Input = Data (from training and generator)

Output—> Probability of real

Latent random variable z  Generator G

‘\//

Neural network
Input = random variable (from prior)
Output=> random sample (from model distribution)

Fake image G(2)
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. Literature Reviews i, %

— Generative Adversarial Nets fans ; — /\ — |.jx'*
7 |'| ,f/ﬂ, f //f; AN
: : : z /1] s AEAN
% GAN objective function

mGin max V(D,G) = Exp,qcx) [LogD ()] + E;pp (1) [log(l — D(G(z)))]

D ) O (fake)
1 (real)

Real image x Discriminator D

S5 ’ Neural network
z) =) me) (0 (*+ Yy Input > Data (from training and generator)
S Output—> Probability of real

Latent random variable z  Generator G

‘\//

Neural network
Input = random variable (from prior)
Output=> random sample (from model distribution)

Fake image G(2)
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. Literature Reviews A
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< GAN objective function

mGin max V(D,G) = Exp,qcx) [LogD ()] + E;pp (1) [log(l — D(G(z)))]

D 0 (fake)
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Real image x Discriminator D

— Neural network
‘ ' Input = Data (from training and generator)
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— Generative Adversarial Nets fans ; — /\ — |.jx'*
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: : : z /1] s AEAN
% GAN objective function

mGin max V(D,G) = Exp,qcx) [LogD ()] + E;pp (1) [log(l — D(G(z)))]

D ) O (fake)
1 (real)

Real image x Discriminator D

ey~ ——y ’ Neural network
2 Y & Input = Data (from training and generator)
= d o Output> Probability of real

Latent random variable z  Generator G

‘\//

Neural network
Input = random variable (from prior)
Output=> random sample (from model distribution)

Fake image G(2)
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Jl Literature Reviews

— Generative Adversarial Nets for Imputation

% GAN objective function

mGin max V(D,G) = Exp,qcx) [LogD ()] + E;pp (1) [log(l — D(G(z)))]

V(D,G) = Expyorate) 109D + E,ep ) [log (1 —D(G (Z)))]

= Ex~pdam(x) [logD(x)] + Ex~Pg(x) [log(1 — D(x))]

= [ Paata(®)10g(D(x)) + py(x)log(1 — D(x)))dx

for G fixed, the optimal discriminator D is maximized when

Pdata (x)

D) = D+ 5,
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Jl Literature Reviews

- Generative Adversarial Nets for Imputation — M

% GAN objective function

mGin max V(D,G) = Exp,qcx) [LogD ()] + E;pp (1) [log(l — D(G(z)))]

C(G)

V(D*,G)

= Ex~pdata(x) [logD*(x)] + Ex~Pg(x) [log(1 — D*(x))]

— [ Pdata(X) I
= Ex-paata® 109 poroyp o) T Ex-rato (108 =

Pdata(X) )]
Pdata(x)+pg(x)

-lO Pdata(X) lo pg(x)

= Ex"’pdata(x) i pdata(x)+pg(x)_ + Ex~Pg(x) i gpdata(x)+pg(9€)

Pdata(x)+pg(x)

= = log(4’) + KL(pdata I 5

=—log(4) + 2 X JSD(Pgata | pg)

The global minimum of the virtual training criterion C(G)is achieved if and ony if

pdata(x)+pg(x))

) + KL(py |l >

Dg = Ddata- at that point, C(G)achieves the value — log(4)
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— Generative Adversarial Nets for Imputation

% GAN objective function

mGin max V(D,G) = Exp,qcx) [LogD ()] + E;pp (1) [log(l — D(G(z)))]

» ) D ) O (fake)
1 (real)

Observed data x Discriminator D

’ Neural network
) ) G (2) Input > Data (from training and generator)

Output—> Probability of real

Missing data z Generator G

‘\//

Neural network
Input = random variable (from prior)
Output=> random sample (from model distribution)

Imputed data G(z)
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— Generative Adversarial Denoising Autoencoder for Face Completion
+ GANS 83t 0|0jx| =7
> Generative model 7|8t CHEM ASX| L

> SHAIH: CiCh 2=X| A 222 StEAl7|

o 12
&y

-

POl 2t G|OJE ER

» ) D ) O (fake)
1 (real)

Observed data x Discriminator D

’ Neural network
) ) G (2) Input = Data (fro_r_n training and generator)
Output—> Probability of real

Generator G

‘\//

Neural network
Input = random variable (from prior)
Output=> random sample (from model distribution)

Missing data z

Imputed data G(z)
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— Generative Adversarial Denoising Autoencoder for Face Completion
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‘\//

Neural network

Input = Data (from training and generator)
Output—> Probability of real

Missing data z Generator G

‘\//

Neural network
Input = random variable (from prior)
Output=> random sample (from model distribution)

Imputed data G(z)
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— Generative Adversarial Denoising Autoencoder for Face Completion

% GANS 283t 0|0|x| 27
A= HO|E{0] CHer HE ChEf R4

> A8 HIOES] 2= THEIO| &t HIO[E S| 2= THEM fAfolt= 7+ 2R

STEP 1.
0 4" U0 2 7 B0 guHoE
22 ) 7 O I ! O ¥ U $A | 7 &0% Zmwos
a8 [P 26 65 NaN 0 NaN 287 M 27 80 183 1 1
HHE 7 2 o 1 L L oxig  F 26 48 166 1 1
aicHl M NaN 70 180 1 0
02y [F 27 46 162 NaN 0
(2HH O0|E) (&M ojo|E)
STEP 2.
o a®  uo = 7 EHGE Fudow Ol Il ) RO s 7 saog gxsor | Train set
a3 M 27 80 183 1 1 P M 27 NaN 183 1 1
0|X|8 F 26 48 166 1 1 o|x|2 NaN 26 48 166 1 1
247 [|0|E{) (S H|o|&)
STEP 3. & X| CHAH|
Testset| oz sz ua s4 5 sso=susas 02 M uol A 7 EXOE Yuwom
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ZE7 F 26 65 NaN 0 NaN Z3 F 26 65 173 0 0
o|X|& F 26 48 166 1 1 0|X|I& [F 26 48 166 1 1
icH M NaN 70 180 1 0 lle M 28 70 180 1 0
o2y F 27 46 162 NaN 0 oIy F 27 46 162 0 0
(E2H H|o[E) (24 HloEf)
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Il Generative Adversarial Imputation Nets

Ic M L | 201 8 Dates Schedule- Calls - Stockholm - Students - Committees -

Thirty-fifth International Conference on
Machine Learning

Year (2018) ~

e

My Registrations

Program Highlights »

4 Jinsung oon » A James Jordon » A winaela van der Schaar »

Frofie = \We propose a novel method for imputing missing data by adapting the well-known Generative Adversarial Nets (GAN) framework.

Accordingly, we call our method Generative Adversarial Imputation Nets (GAIN). The generator (G) observes some components of a
real data vector, imputes the missing components conditioned on what is actually observed, and outputs a completed vector. The
discriminator (D) then takes a completed vector and attempts to determine which components were actually observed and which were

Sponsor Info

Code of Conduct imputed. To ensure that D forces G to leamn the desired distribution, we provide D with some additional information in the form of a hint
_ vector. The hint reveals to D partial information about the missingness of the original sample, which is used by D to focus its attention
Future Meetings on the imputation quality of particular components. This hint ensures that G does in fact leamn to generate according to the true data
distribution. We tested our method on various datasets and found that GAIN significantly outperforms state-of-the-art imputation

Board 2019 methods.

2 Jjsyoon0823 Update README.md Latest commit d4118a7 on 23 Dec 2018

[E] MNST_Code_Example.py Update MNST_Code_Example.py 4 months ago

[E] README.md Update READMEmd 2 months ago

EE README.md

Generative Adversarial Imputation Networks (GAIN)

Title: GAIN: Missing Data Imputation using Generative Adversarial Nets
Authors: Jinsung Yoon, James Jordon, Mihaela van der Schaar

Reference: J. Yoon, J. Jordon, M. van der Schaar, "GAIN: Missing Data Imputation using Generative Adversarial Nets,"
International Conference on Machine Learning (ICML), 2018.

Paper Link: http://medianetlab.ee.ucla.edu/papers/ICML_GAIN.pdf

Appendix Link: http;//medianetlab.ee.ucla.edu/papers/ICML_GAIN_Supp.pdf

https://github.com/jsyoon0823 UKN?,&EQ



ll GAIN

- Prerequisite

Missing data z

Generator G

X m—)

Observed data x

G(2) ’

Imputed data G(z)

D ) O (fake)
1 (real)

Discriminator D
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GAIN

— Problem Formulation

*» Generative model?2| EAl
> T J|CHZ0] OF A

multiple imputation0| 7+5sHZ!

Data matrix

x11| O

350
0] 0
250 4
200
150
100
50

X31

o
()
N
>
\ 4
o
= o = o

1(0]1

[uny
=
=

o
s
U

=
=
=

| -
|

g 3=
= HO0|He E2= ¢

Generator(G): Tt 22 thA| Zh(imputed data)S 445

Discriminator(D): LHXl| Zt(imputed data)at A= Zf(observed)2

k= HERS
Hoh= IERR

Zot0], Al Z2

ESANS B,

Imputed matrix

Foreachi € {1,...,d},

X11 | %rz | %13 we define a space j; = x; U {*}
X21 | X22 | X23 _ ~ ~ "

ot | %aa | 70 Let X = (X1, ", Xq) €X

X41 | Xa2 [ X43 )"(’ _{Xi,ifM=1

¥s2| %52 | Xs3 £ | %, otherwise

Generator G

n i.i.d.copies of X are realized, denoted &, ..., X™.

Our goal is to impute the unobserved values X;
in each We want to generate samples according to
P(X|X = %)
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ll GAIN

— Problem Formulation

<+ GAINZ2

Data matrix

X11

\ 4

Mask matrix

1

= | ©

o

=

N S E=)

S HERAZ 14
» Generator(G): XMt 22 A Zt(imputed data)= M
> Discriminator(D): CHA| Zt(imputed data)2t A

|= w(observed)E F1E5I= HERA
Imputed matrix Estimated mask matrix
X11 | X12 | X13 P11 | P12 | P13
Xp1| X22 | X23 P21 [P22| P23
X31|Xaz |Fas [ % D > P31 |Paz2| P33
Xa1| Xa2 | X43 Pa1|Pa2 | Pa3
Xs2 | Xs52 | Xs3 Ps1 [Ps2 | Ps3
Generator G Discriminator D
Hint matrix
1(05| 1
0f1]05
————————————— »1]1]|0
0 (05] 1
0|10
o KOREA

dol= HERXZ
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ll GAIN

— Problem Formulation

+ GAINZ 5719 HEHZZ <4 21 Al
> Generator(G): XMt 22 CHA| Zf(imputed data)% MAMSHE HESR3

» Discriminator(D): CHA| Zf(imputed data)t A= Zf(observed)E 7= UERZ

Mask matrix value &4

m\l
0z J|>|I

OII

Data matrix
*11| 0 | X3
0 [x32] O
X31|X32| 0
0 |Xaz|Xa3
0 [xs2] O _ D(X H)
Original data Random matrix Imputed matrix &Q’ Estimated mask matrix
X1 | X %13 0 |z2] 0 X11 | %12 | %13 P11 | P12 | P13
X |%X22| X Zy1 | 0 |23 Xp1 | X322 | X23 P21 [P22| P23
X31|X32| X p 0 | 0 |z33 X31 | Xag | Xg3 T D =1 P31 | P32 | P33
X | Xa2 | Xa3 Z41| 0 [0 X41 | Xa2 | X43 Pa1 [ P42 | Pa3
X [#s2| X Zs1 | 0 |Zs3 ¥sy | X5z | Xs3 Ps1|Ps2 | Ps3
_ Generator G W i Discriminator D
Mask matrix $(</ Hint matrix
1]10]1 1(05| 1
1|0 0f1]05
11| 0= ———— 1|10
0]1]1 0 (05] 1
0j1]0 0|10
= KOREA

UNIVERSITY



«  Generator(G): XIMt Z2 OiA| gh(imputed data)2 M4st= WER3A

+ Discriminator(D): tH&| Zt(imputed data)dt AE Zt(observed)S FE5H= WEYZ

ll GAIN

— Generator G

% Input: X(data matrix), Z(random matrix), M(mask matrix)

< Output: X (imputed matrix)

Data matrix

X1 | 0 X3

0 |x35] O

X31[X32| 0

Original data Random matrix Imputed matrix

X1 | X | %13 0 |z,] 0 X11 | X12 [ %13
X |x22| X Zy1 | 0 |23 X21 | X22 | X23
X371 |X32| X »| 0| 0 [z33 X31 | X372 | X33
X | Xa2 | Xa3 Z41| 0 [0 X41 | Xa2 | Xa3
X |xsz2| X Zs1 | 0 |zs3 Xs52 | X52 [ X53
Generator G
Mask matrix

1|10]1

1|0

1|11]0

011]1

0Ol1]0

7] KOREA

UNIVERSITY




«  Generator(G): XIMt Z2 OiA| gh(imputed data)2 M4st= WER3A

+ Discriminator(D): tH&| Zt(imputed data)dt AE Zt(observed)S FE5H= WEYZ

— Generator G

% Input: X(data matrix), (1 — M)®Z(random matrix), M(mask matrix)

< Output: X (imputed matrix)

Data matrix
x| 0 s X=6(X,(1-MOZ M)
0 |x35] O
If M=1 If M=0
X 0 Y — 574 Y
31 | X32 X—M@X‘I‘(]._M)@X
/ 0 |Xaz|Xa3
0 |x 0 .
22 Summation = .
X X
Original data Random matrix -\ Generated matrix Imputed matrix
X11| X %13 0 [z, 0 X11|Z12 | %38 1| 0] 1 X171 | %12 | %13 X11 | X12 | X13
X |%X22| X Zy1 | 0 |23 Zy1 | X2 (Z3f§ O [ 1] 0 Xpq | X2 | X323 Xp1 | X22 | X23
X31|%X32| X » 0| 0 [z33 X31|%X32|233 0 1 | 1] 0 G' »| X31 [ X33 | X33 »| X31 | X32 | X33
X | Xaz2 [ X43 741 0 | O Zyy |Xaz [Xazf) O [ 1 | 1 X41 | Xaz | Xa3 X41 | X2 | X43
X X52 X Z5q 0 Zs3 Zs1 [X52 | Z53 0 1 0 f51 fSZ f53 fsz X52 f53
_ Generator G
Mask matrix
1(0]1
\ 0|1(o0
1({1]0
Concatenate
011
of1]o0

7] KOREA

UNIVERSITY




«  Generator(G): XIMt Z2 OiA| gh(imputed data)2 M4st= WER3A

+  Discriminator(D): Lh&| Zk(imputed data)zt HZE Zt(observed)E 1E6H= HEYI

— Generator G

+ Bt 2E
= ZF St Al = Z} AS
> M=1(AHZE 2H0 &AXISt 240 AN AS = 2ot HI==5HA| 44
> Discriminator’| &M AS= 4o = IHH
Data matrix
x| 0 s X=6(X,(1-MOZ M)
0 |x35] O
_fM=1_ 1fM=0 _
X31|¥32| O X=M®X+(1_M)®X
/ 0 |Xaz|Xa3
0 X552 0 S H
ummation o ~
X X
Original data Random matrix -\ Generated matrix Imputed matrix
X11| X %13 0 [z, 0 X11|Zz12|%3f 1| 0] 1 X171 | %12 | %13 X11 | X12 | X13
X %22 X Zy1 | 0 | Z3 Zy1 (%2273 O | 1| O X1 | Xz | X23 X1 | X22 | X23
X31|%X32| X » 0| 0 [z33 X31|%X32|233 0 1 | 1] 0 G' »| X31 [ X33 | X33 »| X31 | X32 | X33
X [ X2 | X43 z41( 0] 0 Zy1 (X |Xgz ) 0 | 1 [ 1 Xa1 | X42 | Xa3 Xa1 | Xa2 | Xaz
X X52 X Z5q 0 Zs3 Zs1 [X52 | Z53 0 1 0 f51 fSZ f53 fsz X52 f53
Generator G
Mask matrix
10101 o
\ Tl (1) Minimize MSE Loss
110
Concatenate
0]1]1
o|1fo0

7] KOREA

UNIVERSITY




*  Generator(G): Tt Z2 CHA| Zh(imputed data)S MAMt= HIERA

+  Discriminator(D): Lh&| Zk(imputed data)zt HZE Zt(observed)E 1E6H= HEYI

GAIN

— Generator G

> ol 28

> M=1(AIZE 20 fIx[et 20| M| AISE a2t H|5HAH 4

> Discriminator’| &K A= o= HE
Data matrix
*11| 0 | X3 X= G(X,(l—M)G)Z,M)
0 2| 0 _IfM=I_ IEM=0 _
X31|%32| 0 X=M®X+(1_M)®X
0 | 242 | %43
0 [xs2] O

Original data Random matrix Imputed matrix Estimated mask matrix

X171 | X | %13 0 |z5,| 0 X11 | %12 | %13 1ij1yt1

X |x95| X Zy1 | 0 |23 X1 | X232 | X23 111

b X p| 0| 0 [zs5 X3 | Xaz | %3 D —> 111

X %42 | X43 Z411 0| O X41 | X42 | X43 1]1]1

X |xen| X Ze1 | 0 | 2e sy | X5 | Fs 1]j1]1

Generator G ] ] Discriminator D

Mask matrix Hint matrix
1001 1051
010 0[1]05
NN () === === = = = ——— - »1(1(o0
011 0 (05| 1
of1]o of1]o0 2 D(X,H)=1,ifM=0

=7 KOREA

UNIVERSITY




«  Generator(G): XIMt Z2 OiA| gh(imputed data)2 M4st= WER3A

+ Discriminator(D): tH&| Zt(imputed data)dt AE Zt(observed)S FE5H= WEYZ

GAIN

— Discriminator D

% Input: X(imputed matrix), H(hint matrix)
< Output: M = D(X, H) (estimated mask matrix)
D(%,h) £ X =% H =hd [, i 20| AS UL &&

Data matrix

X1 | 0 X3

0 |x35] O

X31[X32| 0

Original data Random matrix Imputed matrix Estimated mask matrix
X1 | X %13 0 |z2] 0 X11 | %12 | %13 P11 | P12 | P13
X | %22 | X Zy1 | 0 | 2z3 X1 [ X22 | X3 P21 |P22 (P23
X31|X32| X p 0 | 0 |z33 X31 | Xag | Xg3 T D =1 P31 | P32 | P33
X | Xaz2 [ X43 741 0 | O X41 | X42 | X43 Pa1 |Paz [ Pa3
X [#s2| X Zs1 | 0 |Zs3 ¥sy | X5z | Xs3 Ps1|Ps2 | Ps3

Generator G Discriminator D
Mask matrix Hint matrix
1]10]1 1(05| 1
1|0 0f1]05
I e e 110
0|1 1| Mask matrix2| @2E SIEE ME | o |o5] 1
0j1]0 0|10

7] KOREA

UNIVERSITY




*  Generator(G): Tt Z2 CHA| Zh(imputed data)S MAMt= HIERA

+ Discriminator(D): Ch&| Zt(imputed data)Zt AE ZHobserved)E F&E5H= HEYA

GAIN

— Discriminator D

= =/
> M=1(AIZ ZH0ll XISt 2= Discriminator’t AS 2= HE
> M=0(ZZ zZHoll 2IXI8t 22 Discriminator/t 2% Q=2 T
Data matrix
X11| 0 |xq3
0 |x35] O
X31|%32| O
0 | 242 | %43
0 |x52| O
Original data Random matrix Imputed matrix Estimated mask matrix
i < B 0 (z,]0 X11 | %iz | %13 110]|1
X |x95| X Zy1 | 0 |23 X1 | X232 | X23 0|1
Ebn X »| 0 | 0 |z33 X31 | Xag | Xg3 T D —> 1 [1]|0
X %42 | X43 Z411 0| O X41 | X42 | X43 0j1]1
X [#s2| X Zs1 | 0 |Zs3 Xs2 | Xs52 | Xs3 R
Mask matrix Generator G Hint matrix Discriminator D
1]/0]1 1]05[ 1
01 0|1](o05
11| o e e e e e = 110 Minimize Cross Entropy Loss
0| 1|1| Maskmatrix?| YREE AEZ MS | 0 05| 1 M= D()?, H) =1 ifM=1
0 0

7 KOREA

UNIVERSITY




«  Generator(G): XIMt Z2 OiA| gh(imputed data)2 M4st= WER3A

+ Discriminator(D): tH&| Zt(imputed data)dt AE Zt(observed)S FE5H= WEYZ

=

% Mask matrixe| LEE F5IH discriminatorsts0| 710|1E Hl&
w2 G

< H=0.501 siFst

=
=
—

gl
12 GREE AT ol oF

HA

Data matrix , ,
Random variable B = (By, ..., By) € {0,1}¢ be defined

i 0 | by first sampling k from {1, ...,d} uniformly at random and then setting

0 |x35] O
X31|%32| O ) = {1' ifj#k

0,if j=k
0 | x4 [X43 f]
0 |x 0 If B=0
22 Let H = {0,0.5,1} and given M,define H = B®M + 0.5(1 — B)

Random matrix Imputed matrix Estimated mask matrix
0 212 0 X11 | X12 X13 P11 (P12 | P13
Zy1 | 0 |23 Xp1 | X322 | X23 P21 [P22| P23

pl 0| 0 |z33 X31 | X3z | X33 % D P P31 | P32 | P33
Z41| 0 [0 X41 | Xa2 | X43 Pa1 [ P42 | Pa3
Zs1 | 0 |zs3 X532 | X532 | X53 Ps1 [Ps2 | Ps3

_ ) ) ] Discriminator D
Mask matrix B matrix Hint matrix
1|10]1 1|01 1|05 1
0Ol1]0 1110 0] 1](05
1|11]0 1|1|1|====p|1|1]|0
011]1 1|01 0 (05| 1
0Ol1]0 1|11 Ol1(0




«  Generator(G): XIMt Z2 OiA| gh(imputed data)2 M4st= WER3A

. « Discriminator(D): CHX| Z(imputed data)at A= Zt(observed)E FEsH= WEY]Z

s Mask matrixQ YEE F=I5IX discriminatorgts0| 710|E XM=
% H=0.50] siiEol= 242 GEEE MM = 240 2|&
Casel. 91E 80%

Data matrix

Original data Random matrix Imputed matrix Estimated mask matrix
X1 | X %13 0 |z2] 0 X11 | %12 | %13 1 |px| 1
X [#22| X Zy1 | 0 |23 Xp1 | X322 | X23 0] 1 [p23
X31|X32| X p 0 | 0 |z33 X31 | X3z | X33 % D ——> 110
X | Xaz2 [ X43 741 0 | O X41 | X42 | X43 0 |psz| 1
X |*¥s2| X Zs1| 0 |2s3 X5 | Xs2 | ¥s3 R
Generator G Discriminator D
Mask matrix Hint matrix
1001 1(05[1
0|1 01|05
| R 1|10
0| 1] 1| Maskmatrix®| YEESIEE M | 0 05| 1
0 0 Minimize Cross Entropy Loss

7 KOREA

UNIVERSITY




«  Generator(G): XIMt Z2 OiA| gh(imputed data)2 M4st= WER3A

. + Discriminator(D): tH&| Zt(imputed data)dt AE Zt(observed)S FE5H= WEYZ

% Mask matrix?e| YEE FolH discriminatorats0]| 710|E H1&
w2 G

=
% H=0.501 siot= Zhe GREE MAE 20 o=

Casel ) @E 80% _(i;:omi log(m;) + (1 — my)log(1 — 7))
= —(110g(0.8) + 110g(0.2) + 110g(0.4))
Data matrix
N o B =1.193 >0
0 |x35] O
X31|%32| O
0 | x4 [X43
0 |x52| O
Original data Random matrix Imputed matrix Estimated mask matrix
X171 | X | %13 0 |z,( 0 X11 | %12 | %13 1(08] 1
X |%X22| X Zy1 | 0 |23 X1 | X2 | %23 0| 1]06
X31|X32| X p 0 | 0 |z33 X3q | X3z [ Xz3 % D — > 1]1]0
X | Xa2 | Xa3 Z41| 0 [0 X41 | Xa2 | Xa3 0 o818
X |*¥s2| X Zs1| 0 |2s3 X5 | Xs2 | ¥s3 R
_ Generator G ] Discriminator D
Mask matrix Hint matrix
1|10]1 1|05 1
0|1 0] 1](05
I e e 110
0| 1] 1| Maskmatrix®| YEESIEE M | 0 05| 1
0 0 Minimize Cross Entropy Loss

7 KOREA

UNIVERSITY




Generator(G): ZIMt 22 OiA| ZH(imputed data)2 MAdst= WEYZ

Discriminator(D): CHX| Zt(imputed data)dt A= Zt(observed)S 7= HERA

7] KOREA

UNIVERSITY




% Mask matrix2| dHEZE Fl5
% H=0.50] siHot= %2 G

Case?2.

SIE 1

L

00%

*  Generator(G): Tt Z2 CHA| Zh(imputed data)S MAMt= HIERA

+ Discriminator(D): tH&| Zt(imputed data)dt AE Zt(observed)S FE5H= WEYZ

=] - - - =LA -
AL S IO discriminator&t&0| 710|E X|1=2
L J}IO = ZF O|x=
i BHALC ETE’-I g“g%l I:IAO“ ——|T'_‘
=) mylog(m) + (1~ mplog(1 — )
i:bj=0
Data matrix =0
X11| 0 %43
0 |x35] O
X31 | %32 | 0
0 [x42 | %43
0 X552 0
Random matrix Imputed matrix Estimated mask matrix
0 Z12 0 X11 le x13 1 0 1
Zy1 | 0 |z X1 | X2z | Xa3 0|1
»| 0 | 0 |z X3y | Xap | ¥z D —_—p 1 (1] 0
Z31| 0| O Xa1 | Xa2 | Xa3 ojt]t
Zs1 | 0 |zs3 Xs52 | X52 [ X53 O ©
_ Generator G ] ] Discriminator D
Mask matrix Hint matrix
1(0]1 11011
o1 ol1]o Discriminator?}
1(1]0 > 1|10
0111 111
0 1 Minimize Cross Entropy Loss
8 KOREA

UNIVERSITY




Generator(G): ZIMt 22 OiA| ZH(imputed data)2 MAdst= WEYZ

. + Discriminator(D): Ch&| Zt(imputed data)Zt AE ZHobserved)E F&E5H= HEYA

DiscriminatorZ} L5 £=£56A| Generator?} OF-2] L.28= Discriminator= MES Y&

Generator 2} Discriminator 7} k40| Qt=l

7] KOREA

UNIVERSITY




% Mask matrixe| &
% H=0.50] ol{=o}

Case3.

SIE 0%

=
—
-

=

x=3
HA'—

Data matrix

\4

Za1

Mas

(==Y
[N

oc|lo|lr|o|Rr

+  Generator(G): ZIWt Z2 ChX| ZHimputed data)S 445t= WEYT

+  Discriminator(D): tH#| Zt(imputed data)2t #|Z Zf(observed)E Tt HEYT

2= ZOI5t0 discriminatorst& 0l 710|1E HMIE
U2 G

2HE 445 30 OJF

Imputed matrix Estimated mask matrix
X11 | %12 | %13 0.5[0.5|0.5
X1 | X22 | X23 0.5[0.5] 0.5
X3q | X35 | Fzg "> D 1 0.5| 0.5| 0.5
X41 | X42 | X43 0.5(0.5|0.5
Xs2 | X52 | X53 0.5[/0.5| 0.5

Generator G

) ) Discriminator D
Hint matrix

Minimize Cross Entropy Loss

7 KOREA

UNIVERSITY




«  Generator(G): XIMt Z2 OiA| gh(imputed data)2 M4st= WER3A

+ Discriminator(D): tH&| Zt(imputed data)dt AE Zt(observed)S FE5H= WEYZ

GAIN

- HintH

s Mask matrixQ YEE F=I5IX discriminatorgts0| 710|E XM=
% H=0.50] siiEol= 242 GEEE MM = 240 2|&

Case3. 21E 0%

Data matrix

o4
03
02
014
9
T - 2
o — !
— —0
e

Imputed matrix Estimated mask matrix
X1 | X [ %13 0 |z,| 0 X11 | %12 | %13 0.5(/0.5|0.5
X | %22 | X Zy1 | 0 | 2z3 X1 | X2 | %23 0.5/0.5(0.5
X31|X32| X pl 0| 0 |z33 X3q | 235 | £33 f———> D > 0.5 [ 0.5 | 0.5
X | Xa2 | Xa3 741 0 | O Xa1 | %42 | %43 0.5/0.5]0.5
X |¥s2| X Z51| 0|23 Tz | %52 | ¥s3 0.5[0.5| 0.5
Generator G Discriminator D
Mask matrix Hint matrix
1|10]1
1
1|11]0
011]1

=

Minimize Cross Entropy Loss

7] KOREA

UNIVERSITY




*  Generator(G): Tt Z2 CHA| Zh(imputed data)S MAMt= HIERA

+ Discriminator(D): Ch&| Zt(imputed data)Zt AE ZHobserved)E F&E5H= HEYA

Jl GAIN

- HintH

fufn
BN

DiscriminatorS H2a5}4| Ot

Generator 2} Discriminator 7} 2| 6}X| &2 B X = sk

The following proposition asserts that if H does not contain
“enough” information about M, we cannot guarantee that G
learns the desired distribution (the one uniquely defined by
the (underlying) data).

B0 KOREA

%/ UNIVERSITY




ll GAIN

— GAIN algorithm

% GAIN objective function

minmaxV (D, G) = Eg y 6| M"logD(X,H) + (1 — MT)log(1 — D(X, H)]

Data matrix
*11| 0 | X3
0 |*z2| O Loss (MSE)
X31|X32| 0
0 |Xaz|Xa3 ‘
0 [xs2] O
Back l
Original data Random matrix propagate puted matrix Estimated mask matrix
X1 | X %13 0 |z2] 0 AN | X12 | %13 P11 | P12 | P13
X |%X22| X Zy1 | 0 |23 X1 | X22 | X23 P21 [P22| P23
X31|X32| X p{ 0| 0 |z X371 x& 7Y p— D =31 P32 | P33
X | Xaz2 [ X43 741 0 | O X41 | X2l X43 Pa1 |Paz [ Pa3
X [#s2| X Zs1 | 0 |Zs3 ¥sy | xs2\ Xs3 Ps1|Ps2 | Ps3
Generator G Discriminator D
Mask matrix Hint makix
101 1 ]os| N Back
1(0 0f1]05 propagate
11| 0= ———— 1|10
0]1]1 0 (05] 1
0 0 Loss (Cross Entropy)

7 KOREA

UNIVERSITY




GAIN

— GAIN algorithm

% GAIN objective function

minmaxV(D, ) = Exuc|MTlogh + (1 — MT)log(1 — M)]

Data matrix
*11| 0 | X3
0 |*z2| O Loss (MSE)
X31|X32| 0
0 |Xaz|Xa3 ‘
0 [xs2] O
Back l
Original data Random matrix propagate puted matrix Estimated mask matrix
X1 | X %13 0 |z2] 0 AN | X12 | %13 P11 | P12 | P13
X |%X22| X Zy1 | 0 |23 X1 | X22 | X23 P21 [P22| P23
X31|X32| X p{ 0| 0 |z X371 x& 7Y p— D =31 P32 | P33
X | Xaz2 [ X43 741 0 | O X41 | X2l X43 Pa1 |Paz [ Pa3
X [#s2| X Zs1 | 0 |Zs3 ¥sy | xs2\ Xs3 Ps1|Ps2 | Ps3
Generator G Discriminator D
Mask matrix Hint makix
101 1 ]os| N Back
1(0 0f1]05 propagate
11| 0= ———— 1|10
0]1]1 0 (05] 1
0 0 Loss (Cross Entropy)

7 KOREA

UNIVERSITY




«  Generator(G): XIMt Z2 OiA| gh(imputed data)2 M4st= WER3A

+ Discriminator(D): tH&| Zt(imputed data)dt AE Zt(observed)S FE5H= WEYZ

Jl GAIN

— GAIN algorithm

% GAIN objective function

minmaxV (D, G) = Egmc[MTlogh + (1 — MT)log(1 — M)]

Discriminator Generator
« =X A Zh(imputed data)2t 7|5 (observed)E + « ZA: UiA| Z(imputed data)2 M&5t= HES3
Hol= HESHA
* Lp(m,m,b) (< 0) * Lg(m,m,b) (= 0)
= Xip,(mylog(my) + (1 — my)log(1 —my)) = — i, (1 —my)log(m;))
m @ m; =0 (missing) & M, m; = 1 0|=&
(1) m; = 0 (missing) & If, m; = 0 0| =5
(2) m; = 1 (observed) & M, m; = 1 0|5 > mGin[Z;(f1 Le(m(), m(), b())]
> m1n LD(m(]) (), b())] e Ly(x, %) (= 0)
> max] ]=1LD(m(]),m(]),b(])) _ ) milq —%)? ,if x; is continuous
m; ( x;log(x;)) ,if x; is binary
i =1 (observed) & I, 2t & 0|S6t==
> min[72, Ly (X() — 2())]

=7 KOREA

UNIVERSITY




Jl GAIN

— GAIN algorithm

% GAIN objective function

*  Generator(G): Tt Z2 CHA| Zh(imputed data)S MAMt= HIERA

« Discriminator(D): CHX| Zt(imputed data)at A= Zt(observed)S E6H=

HEX=R

minmaxV (D, G) = Egmc[MTlogh + (1 — MT)log(1 — M)]

Discriminator

« 4 IiH| Zt(imputed data)2t A= (observed)E +
Hot= HERYR

L) LD(m, T?l,b) (S 0)

= Yip,(mylog(my) + (1 — my)log(1 —my))

> max

LD (m(/) m(j), b(]))

Generator

o SX: fH™| Zh(imputed data)= MMot= HEXA

. Ly(m,m,b) (= 0)

= _Zi:bi(l — m;)log(m;))

> min[%2, Lo (m(), (), b())]
© Ly(x, %) (=2 0)
) myg —%)? ,if x; is continuous
"~ |mi(—x;log(x))) ,if x; is binary
> min[%;2; Ly (X() = ()]
2, Lem(), m(), b()) + a Ly (X(G) — £())]

. mln[

7] KOREA

UNIVERSITY




ll GAIN

— GAIN Pseudo—code

Algorithm 1 Pseudo-code of GAIN

while training loss has not converged do
(1) Discriminator optimization

Draw kp samples from the dataset {(%(7), m{jj}}_?:’jl

Draw kp i.i.d. samples, {Z'[f}]] . of Z

Draw kp i.i.d. samples, {b{;}}r -of B
forj=1,... kpdo
X(j) « G(x(j), m(j),2(7))
x(j) & m(j) ©@x(j) + (1 —m(j)) ® x(j)
h(j) =b(j) ®m(j) +0.5(1 — b(j)
end for
Update D using stochastic gradient descent (SGD)

k

Vo =Y Lo(m(j), D(x(j), h(j)), b(}))

i=1

(2) Generator optimization
Draw k¢; samples from the dataset {(x(j). m(j ))}fg i

Draw k¢; i.i.d. samples, {z(j) }t“l of Z
Draw k¢ i.i.d. samples, {b(j)},=; of B

for3=1,...,

=b(j) @

h(j)
end for

k(; do

m(j) + 0.5(1 — b(j))

Update G using SGD (for fixed D)

ka
Ve Z Lg(m
i=1

end while

m(j),

b(j)) + L (x(5),x(4))

7 KOREA

UNIVERSITY




GAIN

- Lemmal.

% GAIN objective function

GAIN

minmaxV (D, G) = Eg e[ MTlogD(X,H) + (1 — MT)log(1 — D(X,H)]

V(D,G) = Egyg| M logD (X,H) + (1 — MT)log(1 — D(X,H)]

for G fixed, the optimal discriminator D is maximized when

p(x,hym; =1)

Dg (. h)i = p(x, h,m; = 1) + p(x,h,m; = 0)

= pp(m; = 1|x,h) foreachi €{1,..,d}.

hi = 0,D"(x,h); =0
hi =1,D"(x,h); =1 ,forallx€X,i€(1,..,d}

GAN

minmaxV (D, 6) = Ex-pyqa( 109D + Ezp, z) [l08 (1-D(6(2))]

V(D,6) = Ex-pyapa() (109D ()] + B,z [log(1-D(6(2))|

= Eipaara (0 [109D (X)] + Erpy([log(1 — D(x))]

= [, Paata(*)10g(D(x)) + pg ()log(1 — D (x)))dx

for G fixed, the optimal discriminator D is maximized when

Pdata (X)

D) = Paata (X) + Py (x)




GAIN

- Lemmal.

% GAIN objective function

GAIN

minmaxV (D, G) = Eg [ M logD(X,H) + (1 - M)log(1 — D(X,H)]

€(G) = V(D",6)
= Egue[MTlogD" (X, H) + (1 — MT)log(1 — D*(%,H)]

— E,?‘MJ(; [ MTlog p(x,h,m;i=1) + (1 _ MT)ng(l _ p(x,h,mi=1) ) ]

plx,h,mi=1)+p(x,h,m;=0) plxh,mi=1)+p (x,hm;=0)

p(x,hmi=1) p(x,h,m;=0)

=Epuc [ MTlog + (1 - MT)log

= Egp.c[ MTlog(p,, (m; = 1%, 1)) + (1 — MT)log(p,,, (m; = 0|%,H))]

= Eg w el Zim=1 109 (0m(my = 1|1X,H)) + T, .20 log @ (my = 0[%,H))]
The global minimum of the virtual training criterion C(G)is achieved if and ony if
px|h,m; = t) = p(x|h) at that point.

Then the solution above is unique and satisfies p(x|my) = p(x|m;)

GAN

minmaxV(D, 6) = Ex-pyyyaco 109DCO] + Eyp, ) [log (1-p(6@))]

c(G) =V(D",G6)

= Ex-paata®) [logD™ (x)] + ExNPg(x) [log(1 — D" (x))]

Pdata (X)

Pdata (%) )]
Pdata(*¥)+pg

(x)] + Expyo [log(l " Paata@)+pg (0

= Ex”Pdata (x) [lo‘g

Pdata (x)

pg (x) ]
Pdata (x)+pg (x)

] + Exwpg(x) [IOg Pdata (X)+pg (x)

= Ex paata@ [lo*g

Pdata (X)+pg (x)
2

= log(4) +2 XJSD(pdata Il pg)

The global minimum of the virtual training criterion C(G)is achieved if and ony if

el Ty

= —log(4) + KL(Paata |l 2

) + KL(pg |l

Pg = Paata- 9t that point, C(G)achieves the value —log(4)




Std of RMSE (Gain % ))
2t ALK 2t At0] RMSEZ]

Jll Experiments

% Source of gains in GAIN algorithm (Mean
off w2t 4s Xto] H
F, A= 2

25: GAIN 24 84 2
> M3 WAL 24 HO|E0] YR AES A
> AR O[O|E{: UCI H|O|E{ (& |O]E])
Algorithm Breast Spam Letter Credit News
GAIN 0546 +.0006 | .0513+.0016 | .1198+ .0005 | .1858 + .0010 | .1441 + .0007
GAIN w/o || .0701 £ .0021 | .0676 + .0029 | .1344 + .0012 | .2436 4 .0012 | .1612 £ .0024
La (22.1%) (24.1%) (10.9%) (23.7%) (10.6%)
GAIN w/o || .0767 £ .0015 | .0672 + .0036 | .1586 4 .0024 | .2533 £ .0048 | .2522 + .0042
L (28.9%) (23.7%) (24.4%) (26.7%) (42.9%)
GAIN w/o || .0639 +.0018 | .0582 + .0008 | .1249 + .0011 | .2173 +.0052 | .1521 + .0008
Hint (14.6%) (11.9%) (4.1%) (14.5%) (5.3%)
GAIN w/o 0782 4+ .0016 | .0700 £ .0064 | .1671 £+ .0052 | .2789 £+ .0071 | .2527 £+ .0052
Hint & L)y (30.1%) (26.7%) (28.3%) (33.4%) (43.0%)
= KOREA
UNIVERSITY




Jll Experiments

X Quantitative analysis of GAIN
SX: GAINIt ZEX| N ¥112|E Hs XI0] H| W

Table 2. Imputation performance in terms of RMSE (Average + Std of RMSE)

| Algorithm ‘ ‘ Breast ‘ Spam ‘ Letter ‘ Credit ‘ News ‘
| GAIN H 0546 + .0006 \ 05134 .0016 \ 1198+ .0005 \ .1858 + .0010 \ 1441 + .0007 \
MICE 0646 4+ .0028 | 0699 + 0010 | .1537 & .0006 | 2585 + .0011 | .1763 + .0007
MissForest || .0608 & .0013 | .0553 + 0013 | .1605 & .0004 | .1976 + .0015 | .1623 + 0.012
Matrix 0946 + 0020 | 0542 + .0006 | .1442 - 0006 | 2602 + 0073 | 2282 + .0005
Auto-encoder || .0697 + 0018 | .0670 + .0030 | .1351 = .0009 | 2388 + .0005 | .1667 + .0014
EM 0634 + 0021 | 0712+ .0012 | .1563 = 0012 | 2604 &+ .0015 | .1912 + 0011
0.34 0.3 T T 0.4
T —+— GAIN
032y 0.28 —&— MissForest -
03} Autoencoder ' B\\
0.26
0.28 :
w w
L o2 L o2
(1 [1 e
0.24 0.2
022
02r
02t
0.18 - - 0.18 A A - . - - A L
0 20 40 60 80 0 1 2 3 0 5 10 15 20

(a) Missing Rate (3¢) (b) The number of samples  x1¢* (c) The number of feature dimensions

7] KOREA
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Jll Experiments

*» Prediction Performance

> X U Z25x12 B8 g5 /i Ek H|J
> A WAL IHRIE oS Soff 2 HI0|H g &, 27 2HO 4S(AUROCH)E?!
> AMZ H|0|E{: UCI H|O|E{(& H|O|E])
> A& 25 B! |ogistic regression (binary classification)
AUR A + Std
Algorithm UROC (Average + Std)
Breast Spam Credit News
GAIN 9930 +.0073 | .9529 + .0023 | .7527 +.0031 | .9711 £ .0027
MICE 9914 + .0034 | 9495 4+ .0031 | .7427 £ .0026 | .9451 4+ .0037
MissForest | .9860 + .0112 | .9520 4 .0061 | .7498 + .0047 | .9597 + .0043
Matrix 9897 £ .0042 | .8639 £ .0055 | .7059 £ .0150 | .8578 &+ .0125
Auto-encoder | .9916 £ .0059 | .9403 & .0051 | .7485 4 .0031 | .9321 + .0058
EM 9899 + .0147 | 9217 +.0093 | .7390 £ .0079 | .8987 4 .0157

AUROC(the Area Under a ROC Curve)*: ROC E9| & MA Zf 10] 7242 MAE E0|: 25 8E

=7 KOREA

UNIVERSITY




Jll Experiments

“ Prediction Performance

LS 2EX|2 22 M5 M ME H|w

HEAl THA|E 2t Soff &0 H0[H ¥d &, 27 2E9 45(AUROC*)E!
GH[O[Ef: UCI H|O|E{(2tX C0]E)

22 B4 |ogistic regression (binary classification)

>

>
>
>

2X-

-

12

Jél o

A

|
=
'S)
ALE

t
t

AUROC

0.8 T 1 T
—— GAIN
= M = Auloencoder

| - MissForest

075

07 Fr

0.65

06 f

0.55

10 20 30 40 50 60 T0 BD ap
Missing Rate (%)
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Jll Experiments

*»* Prediction Performance
| IH2t0|E(w), Ye= E=

O

—!

xt0| &0l
29| m2t0|E{(w)XH0] H|

=2
sl Ha o

> M fAxE DO O2td|H |0
> A3 YAl XSt HI0[EIS T|Ho R HAS
O|= Cix|=l 2= Soff 2t H|0[H dd =, &7 2
> A2 O|0|E{: UCI Ci[O|E{ (2™ H|O|E])
> AME 25 B! |ogistic regression (binary classification)
Mean Bi MSE
Algorithm can Alas S .
(I[w —wlf1) ([[w —wll2)
GAIN 0.3163+ 0.0887 | 0.5078+ 0.1137
MICE 0.8315 4 0.2293 | 0.9467 & 0.2083
0.6730 £ 0.1937 | 0.7081 + 0.1625
1.6660 £+ 0.0015
0.5608 40.1697

MissForest
Matrix 1.5321 £+ 0.0017
Auto-encoder | 0.3500 £ 0.1503
EM 0.8418 + 0.2675

0.9369 + 0.2296
=7 KOREA
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Jll Conclusion

< Compare with simply GAN (GAN2| EZI2 2X0]| oA =)
» Generator G

Target distribution P(X|X = &%), need ||1 — M||,—dimensional random variable z
FI71X O =2 Mask vectorg F¢

» Discriminator D

HIO|E TH|0 CHS! (real/fake)TEO| OFH 2t BlA(components)?t (real/fake) Q1K

nhe
< generative model”|8t Z&X| LHXIE H|tol0d a3 =
< OHor dels Soll ofd Yi12|&2] R4d 20
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Jl Introduction

— Discriminative models vs Generative models

% Expectation—Maximization Multiple Imputation
« OO|E7| EEE=RE 5 UCtT 71

- EM €112|52 0|86t A=X|E E&oldl U= HI0|E <

incomplete likelihood functions Z|Ci3t6H= MLE A4t

« FYE MLES 7|22 AZX|9| 7|HS =Sot0] 2=X| UiA|

< MIDA - Multiple Imputation using Denoising

Encoder Decoder

Autoencoders olololololalolo
NN BN Y NG NG P N
L = _ — — = A/ B N 7 - - ) N\ 7'
 Denoising Autoencoder(DAE) X & &825}0] A=X| CHA| HOl10]10R010]10]0
NN N N N N N 7N
9101010010100
YEE M2 ~lelelelelelele
MY A L AN L A/ : N A A/
= = = = ~lelelelelelele
- DAEE Soll @2 HI0IHE X7 F(reconstruct)ot] 11 XI0|E 20 D B D 15 D B D
\/ £ (Thie) Eninel ([Tnizg ’»r/+\\ Lr/i;us‘ . v0) ‘IC:\I\
-JIE-I iil'él- E % 8_||- g NV NG B NG N NG NG NG N

= KOREA
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Jll Related Works

— Multivariate Time Series Imputation with Generative Adversarial Networks

oh

< GANTZE HHoI AAE HI0|E 2 EME HIY
> DHIo| IXZE GRUE 7|82 1= (GRUI cellH|2h)
> GAINZ} OFE7EX| 2 mask vectoAtE

> Discriminator’| &H| 2r=2| XI0|2 Z0|== a5

= OQut

=)
TS

)

Real samples ?
]
5 P(real)
| 8
Lt 0 G =
| I
| |
| I
Random I _ |
noise L |  Gradient feedback |

—_—— — — — — — — — — —_— — —_— — —_— — —— —_—— — —_—— — — — =

Luo, Y., Cai, X., Zhang, Y., & Xu, J. (2018). Multivariate time series imputation with generative
adversarial networks. In Advances in Neural Information Processing Systems (pp. 1603-1614).




Jll Related Works

— VIGAN: Missing view imputation with generative adversarial networks

< GANTZE HIGIH multi-view HI0|E 2 E4F HHSF

>
>

Shang, C., Palmer, A., Sun, J., Chen, K. S., Lu, J., & Bi, J. (2017, December). VIGAN: Missing view imputation with
generative adversarial networks. In Big Data (Big Data), 2017 IEEE International Conference on (pp. 766-775). IEEE.

Multi-view H|0|E{S] &S 2 TtE EH|QICE QIX]
Unpaired data set2| 0|0|X| &4 A cycle GANOIA] H|QtSt cycle consistency loss

= Hig

= L-O

Paired data®| shared representationg =&56}7| 2o DAES AR

Paired data Unpaired data

Input X Input Y
oo ' o0 (00

v

7 KOREA
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Il Generative Adversarial Imputation Nets

- Experiments

“ Visualization of the convergence of GAIN
> (a) Discriminator output (estimated mask matrix)

> (b) imputation accuracy of the generatorAt 25 2&: |ogistic regression

Mask Matrix ]
| " J ]
I 0.5
r |
I ]
0
(a) Discriminator . 1 Learning curves
Mask Matrix Estimation (b) Imputation Accuracy ' [ ' ' ' '
=
g - ey - £
[ " wos v
r [ n :l r o 8 ’
I | o 0.4 wraeesnn Generator loss
-Cross Entropy: -2.5291 RMSE:0.2128 Discriminator loss
ﬂ-g 1 L 1 1 1 1 L 1 1
g .l I 0 1000 2000 3000 4000 5000 6000 7000 8000 9000 10000
[ ] ] m (a) Epochs
u Learning curves
r I " | | | | I n 0.02 T T T T ? T T I T
I | -l ] winessens Train loss
-Cross Entropy: -1.8633 RMSE:0.1553 B = Test loss H
‘r 0 L i A A L i i A L
~Cross Entropy: 06875  Epoch RMSE-0.0684 0 1000 2000 3000 4000 5000 6000 7000 8000 9000 10000
Increase Discriminator Loss Decrease Generator Loss (b) Epochs
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ll GAIN

- Lemma1. (supplementary materials)

% GAIN objective function

1.1. Proof of Lemma 1
For t € {0, 1} define the set M} = {m € {0,1} : m; = t}.
V(D,G) = Ex, np M7 log D(G(X, M), H) + (1 — M)T log (1 - D(G(X, M), H) )|
= ]E o

X.MH

[MTlug D(X,H) + (1 - M) log (1 - D(X, H))]

/ (an log D(x,h) + (1 = m)7 log(1 — D(x, ll))} plx, m. hjdhdx
H

me{0,1}4

=/] Z (Z log D(x, h); + Z log(l—D[x.ll),')) p(x, m, h)dhdx
x ng{[J_]_}'J vy =1 i =0

(1 -

=)/ / S Y logD(x.h)i + > log(1 - D(x.h);) | p(x.m, h)dhdx
XM =1 \men; me M}

d
=‘LLZ (long’\x..h}i Z ;(J[x_.nl.ll]) + (105__:,'(1 — D(x, h);) Z ;(J[x_.nl.h]) dhdx
’ i=1

me M me L
d

=/ / Z]ug Dix,h)ip(x.h,m; = 1) + log(1 — D(x,h);)p(x. h, m; = 0)dhdx
X JSH i=1

where (1) follows from switching the order of summation. We then note that y +— alogy + blog(l — y) achieves its
maximum in [0, 1] at and so V(D, (7) is maximized (for fixed &) when

a
a-+b

plx.h,im; =1)
plx.h,m; =0) +p(x,h,m; =1)

D(x,h); = )

7] KOREA
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% GAIN objective function

min max V (D, G) = Egmc| M logD(X,H) + (1 — MT)log(1 — D(X,H)]

V(D,G) = Ex | MTlogD(X,H) + (1 — MT)log(1 — D(X,H)]

for G fixed, the optimal discriminator D is maximized when

p(x,h,m; =1)
p(x,h,m; = 1)+ p(x,h,m; =0)

= pn(m; = 1|x,h) foreachi €{1,...,d}.

Di(x, h); =

hi = O,D*(X,h)i =0
hi =1,D*(x,h); =1 ,forallx € X,i €{1,..,d}




% GAN objective function

min max V (D, G) = Egmc| M logD(X,H) + (1 — MT)log(1 — D(X,H)]

C(G) = V(D*,G)
= Egmc| MTlogD*(X,H) + (1 — MT)log(1 — D*(X,H)]

p(x,h,m;=1)
p(x¢,h,m;=1)+p(x,h,m;=0)

= E)?,M,G [MTlog + (1 _ MT)lOg(l _ p(x,h,m;=1) ) ]

p(x,h,m;=1)+p(x,h,m;=0)

. T p(x,h,m;=1) DT p(x,h,m;=0)
- EX'M'G [M log p(x,h,m;=1)+p(x,h,m;=0) i (1 i )logp(x,h,mi:1)+p(x,h,mi:0)]

X, H)) + (1 = MT)log(pm (m; = 0|, H))]
= Egmel Xim=1 log(pm(m; = 1|X,H)) + Zi:m;=0 log(Pm(m; = 0|%, H))]

The global minimum of the virtual training criterion C(G)is achieved if and ony if

= Egm,c| M"log(pm(m; =1

p(x|h,m; = t) = p(x|h) at that point,

Then the solution above is unique and satisfies p(x|m,) = p(x|m,)
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