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2.1 spectral normalization

3. Missing mode & Unwanted sample

4. Domain adaptation
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https://github.com/takatOmO
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 https://www.slideshare.net/TomohiroTakahashi2/miru-miru-gan
* https://www.slideshare.net/TomohiroTakahashi2/20171012-prmu-80820422
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¢ fHimld, LEEDImEBNLUTD2DONHERSMN—BISHEETTZMDG.

® T—4A 5% p_data
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® GAN =D HmZx—HEFHHD.

® —HRIERTHDLDIC HKRICETHZEWNWSM] LEEUTES.

® /-5, Pdataé LT IFHEEED—HRYTILT] &
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(C DERBKIE arXiv: 1807.04015& )
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2.1 spectral normalization
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INEL, SREELERLERMTETSELDIZHE>TET=. (arXiv: 1809.11096)

GAN @) training DEFEALIZME [T T=-¥k RGBT DEE
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B Z (X, arXiv:1809.11096 TlE, UTDFENFERINTILVS.

Hinge Loss

Spectral normalization
Self attention

TTUR

Large batch size

Large channel

Shared embedding
Zero-centered gradient penalty
Orthogonal regularization
First singular value clamp
Truncated Gaussian
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Bl Z (X, arXiv: 1809.11096 TlE, UTOFEMNMERAINATILNS.

G & D Tlearningrate %X 2 5.

'I'I'

arXiv: 1706.08500 CIRGRELE.
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B Z (X, arXiv:1809.11096 TlE, UTDFENFERINTILVAS.
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2.1 spectral normalization

Motivation
Original GAN D B EE;H %k
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arXiv:1701.04862

- arXiv:1802.05957
- arXiv:1805.08318
- arXiv:1809.11096
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D(x) =a(f(x)) ELVDEHLE Y sigmoid NREZICHD LTS,

ILc s,

E = log(1 - D(Gy(2)
(D) 2G(2)
= T F) o
- —a(f(@(s)))f’(@(z))di*‘“f)

= DG (GE) TR

BTz ICTHMESTADNRIE EQBLEK.

*EEELIFEE input DBBHEMNS <, discriminator QTR HIE X 5 7=
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® lossZEHb D EESDI-LDICETHATLES.

4 N
Lp = Eonpy 108 {D(2)}] + Eznp, [log {1 — D(G(2))}]

Lo =E..p, [log{l — D(G(2))}]
N - /

~
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Bl LT T2 T#% false &E& Z A discriminator] ZHAE L1580 EEE.

* B X 5 &, discriminatorbigeneratorMME-T=H D& True £ 5 L BIBREEK.
M, discriminator [& False EE WS EELCNIE, THESDANREELED.
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®* LTDEDIGEAFAREMENEL S B.

OLq d

90 — % log(D(Gy(2)))
V.D(x) 0G 4(2)

D{“?-_,) 2=G(z) do

Discriminator 58L&, 4

3 = 0.
DFOREINEBLOVTEHMOIAKRELGY 5 5.

* arXiv:1701.04862 TlE, LED L SIZERL TLVS DS,
arXiv:1802.05957 TIlX, D(x) =o(f(x))& L T,
"D/ = (1-o(f))vf
EEESNOINVFBEBLS D, EWLWHETERLTLS.
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R VDO KRELEbENKEDIC
® Spectral Normalization AV EH St TLV4S (arXiv:1802.05957)

INN(x+€)—NN(x)| I
- <[I,SN(W!)
~

NeuralNet @) Lipschitz norm [&
weight matrix DI KXIFEREDIETHZA 6N 5.

EFHZFFIAAL T, NeuralNet DEILELGT Y MR LG Y ZHNZ 5F%.
BREIIZIE, NNDBEZLUTDRRIZEERE.

SNWH ZRBEHL>TUTEHNET S
z

hl+1

h'*1 = Activation(W'h! + b)
h' + b)

= Activation(SN(Wl)
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Original DEF£ = L BEERXDRBEIEINH - T-.

BEGHEEREIEDO L) v o 2T 5 EBIZEVD/D BNREITARERE.

VD Z/INSKHIZABFi£EE LT, spectral normalization H3dH 5.
® arXiv:1805.08318 TlL, EERMIZIXGIZH, LERShTULNS.

BADGTER I FLITHEWE S, VDS ESITEREERHLZ !



3. Missing mode & unwanted sample

P_z Id single Gaussian TR LY ?
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SEEt B R

mt 207

%‘EF

Z & Xk

- arXiv: 1805.07674
- arXiv: 1902.02934
- arXiv: 1809.11096
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Missing mode

A R TEHEENPELRS.
=p_data CTEMTETLULEEZELNH S.

(C DEE BKIE arXiv: 1807.04015& V)

P_data ICZIEEE & & 5 GEERMN
EREINTLESCEH. .

(C DEE BRI arXiv: 1805.07674 & V)
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Single Gaussian 3 EATZIEZA

® BHOESRHNDNH S p data ERIFTELM?
o z(z) G(z) p_data

® Exact T—EULTEZULY. NN TIHELU L GILEGREMI-IS.

(arXiv: 1805.07674, arXiv: 1902.02934)
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Single Gaussian 3 EATZIEZA

® n data: 5x5 M 2 R JT;E & Gaussian

® p z:50 RITIEFRADHN(,I)
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® Neuralnet 5 & L1-B8, GOEHREIFESOLEL>TEZFS.

®p 7% p dataZT I OERMTELELHDLTEDTESDITEOIM?

—{§l & L T, Bourgain Embedding ZFIF L f= A& Z#24T

(arXiv: 1805.07674)



Bourgain Embedding
O NLADT—ADMEZER-T-F

Ql

= O(log(N)) RITIZiE &AL algorithm.

40 (XarXiv: 1805.07674)

aul
=LH-

=__ 4 (

Algorithm 1 Improved Bourgain Embedding

Input: A finite metric space (Y, d).

Output: A mapping f : Y — ROUee¥YD,
//Bourgain Embedding:
Initialization: m + |Y'|, t +— O(logm), and Vi € [[logm]],j € [t]. Si; < 0.
fori =1 — [logm]do
forj =1— tdo
For each x € Y, independently choose = in S, ;, i.e. S;; = S;; U {} with probability 27*.
end for
end for
Initialize g : ¥ — RMtes ™1t
forr €Y do
Vi € [[logm]],j € [t]. setthe ((i — 1) -t + j)-th coordinate of g(x) as d(z, Si,;).
end for
n //Johnson-Lindenstrauss Dimentionality Reduction:
A R 0 (log(N)‘ Letd = O(logm), and let G € R (28 ™1') be 3 random matrix with entries drawn from i.i.d. A/(0, 1).
Let b : RMee™1t 5 R satisfy Vo € RM=™1¢ h(z) « G- 2.
//Rescaling:
X 4 Let f = min, yey ety Ilhlig(ﬂ:ili}(;l()g(y})llz )
4 \ Initialize f : Y — R®. Forx € Y, set f(x) « h(g(x))/B.
/ \ Return f.
/ ‘D 3
D2
— \
/ \




Bourgain Embedding ZFf|AA L1z p z

p_data ~

P data (Bl A X M EDERD—FHY > TIL)hio
N = draw 9 5.



Bourgain Embedding ZFf|AA L1z p z

Bourgain Embedding T O(log(N)) RItIZE &AL



Bourgain Embedding ZFf|AA L1z p z

\ ‘ RO (og(N)) \
‘ RO(log(N))
4X k\\ X
/I \D_3
D2 >

II \N

% X

X€--=""" i X :

D 1
TNTNORZEZHRIDET S, iBR GaussianZ p z &9 B.

(#RE, O(log(N)) Rt N;EBS Gaussianzp z&E L TULNVS. )
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® n data: 5x5 M 2 X JT;E & Gaussian

p_z=50 RJCl

%3k

AN(0,1)

p_data A5 1000 52 draw L

TYEoT=p 2
(50 R 7T 1000

<H A\
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Gaussian)
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random sampling)

® H data: —#k OMRON 977 (#96,000 = < 5LY)

oce

ose

ooy

-

LLTH

p_z=55RITIEFR 57

"

p_data A5 2000 = draw L

IN(O,I) THEof=p_z

(55 2RIt 2000 ;& Gaussian)



+E &8 (stacked MNISTOD )
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0.65
0.08

KL

(arXiv: 1805.07674)

D 1s same size as G
# class covered
(max 1000)

1000.0

0.61

KL

4.87 | 912.3

Dis 1/2 size of G

# class covered
(max 1000)

36.1

5.02 | |1367.7

1.84

. K E LVFE missing mode 275 LY.

KL
=
=
77 : /NE LVEE missing mode 75 LY.

D i1s 1/4 s1ze of G

# class covered
(max 1000)

02.2

DCGAN
BourGAN |715.2
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® G HEHKLZDT, p zhsingle Gaussian FZEFELIVIE. .

BRI LTHEEMN D ELITMGEWNWEZFIZIE, pzDEEHLHEFFIZ !

® Motivation [F3E D A, £ D ESFREE

EE{RE

—

ERGRX T Tp_z [3Aa]

MNEN? | EULVDEEREA B truncated Gaussian Z{EFH L TLVA.

o /-1 RMIREIXIUFEA». . .
o BN p z DIERLAEITER.

® p_z +# Single Gaussian LA} TZRREIZ training T & 4 M.



4. Domain Adaptation

motivation
&M@ﬁn HIEFTHEIER
=T D

L

Z& Xk

- arXiv: 1702.05464

- S.Xie, et al., ICML2018
- arXiv: 1711.03213

- arXiv: 1810.00045

- arXiv: 1812.04798

- arXiv: 1903.04064



motivation

MNIST T test accuracy 99% D Neural Net T% USPS T 70% 2 [E.

MNIST
FRDIRETT—IZEHT label F1+H LFEE LT1=H,
BRRETIEDL &2 EED domain DT—AR T, FHEMNDBLZULA[EEXR.

Source image (GTAS) Target image (CityScapes)
(arXiv:1711.03213 & Y 5| )



motivation

® BEIMNLRIRELET, BHREDT—ZIC label HITTEEMN 22567

® CDEEIRF, UTENT, ERRETHREODRVLDZHRLILEDY.

® F5r(source domain) : B & 5 N ILIGER

® EIR1E (target domain): [E[{&
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Domain [BI T THFHENY MLl NELAELHIZEEFZ1TS.

3 .

t‘g‘.ﬂ‘ % r e ¥ ‘*‘2 .Wvgm’:f

e VAL R P - ‘-nqmg o anaad
‘1""'“':"93 — g ”‘“w{ "t

(a) Non-adapted (b) Adapted
I~ : source T— 3 B % source HFHEMMEHIFICHIT-HEE
T target T— A 7 target HFHEMHIFICH T =HEE

(arXiv: 1505.07818)

DN EL S E, source BITIESFRIHED target HITEHLFHXN.
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ERpITHES T—=2

* ¥R

Source domain

MNIST [E[{& + label

EOR[RIED -6,

R LRENH DD, ADDA(arXiv: 1702.05464 ) & EL{AH| THE

Target domain

]y
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