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Image Modality Translation for Enriching Virtual Space
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Following great successes of machine learning in various benchmarks, its practical use is attracting attention.
The machine learning system has to be trained using a wide variety of data samples and to be tested under various
conditions, but collecting numerous data samples is very costly. Here, a demand for data augmentation arises. In
this paper, we tackle the augmentation of real images by translating their modality to another modality such as
daytime vs. night-time. This data augmentation enables us to train and test the machine learning system in various
modality. We first demonstrate that existing approaches, pix2pix and cycle-GAN have some difficulties of applying
data augmentation; pix2pix requires paired samples in both modalities or cannot overcome the difference in the
modalities, and cycle-GAN sometimes fails in keeping consistency in both modalities. We propose modifications of
these methods, which improve the consistency in image modality translation.
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YFR—=I LU, HEOWEBE WD EXY T 4 B EIZLH
T2RAT &L B, MFFIETH S pix2pix & Cycle-GAN
DIERZIER L2 LT, TNO 2R 5 FIELRET 5.

2. pix2pix ICL B ESY ) T 1 X

pix2pix[Isola 17] &%, FMF{ & ERMHT 2y P 7 —2
(conditional GAN)[Mirza 14] DFE%z AV, RTEGE» SH
flidp 0 FENZ LD BAAS VEHETS FIETH D, BHHTEROD
RASYDF—Rrze X & yecY IZoWT, &g Gy #1E
L, ZHEOT—2 §=Gy(z) 2785, U TEHMMHE
i p(y|x) & p(glx) DH/MEMD KA =T = > A% H o
v b7 —2 (GAN) OFETR/MET 5. RTHEFIZIEHE
RS 43280 & 3R UALE R UM THEEL TV D BELRH
5. DLy, BHEH [Isola 17) TIEEMZ G UIZERA AT
iR %EHWT, BEERDOEXY T4 EHEITo TV, LML
MEERB IS S e AT Bz, HEkH A S TRTHKRE A
FIEZLRINHTHE., TITRDT—RERTTHDBH
MWEDLERIET — R 2 NS Z 212 & 0 IR /RDE
XV F 4 BHETS. HEL LT, KAV X (BEIE3H)
DFIMED R AL V% Xppy, RACYY (X BB 5I1EK)
@j‘f\‘%lﬁi@ RAXA V7% Y]nf &Bh\f:lﬁ, X[nf r Y]nf YaRY:)
EORNEDLSRNI EZIREL, MU RAS 2 UTHD
X oY OEBOGE, £3 Y 25 Y NOLHEEET
5. TOETNEHVDIET Xy 5 Y NOEMELT S H
THEBERIZ X 25 Y AD R A VEBE T 7.

X T AR AN LICE 2D, EEBRMPOKE, T
BREDPSBADERTH Y, EYIDFEMEG, hilnEE%D
ERTH D, B OEOEBMTIENEAROILTLEW, B2
SBROZHTIER T 72X S RHEBIZR>TWS, ZHlE, KD
FRAMEEGIZIREAMEL J A XK E W2, WD ARIMRmE



4M1-04

The 32nd Annual Conference of the Japanese Society for Artificial Intelligence, 2018

L= RFAA Y UTHRAY, RERLHzEL 6 LeHE
ZAonb.

B DIRINROMER 2 LT R, FROMRE Gz —mifZ
DD S KO ITIERME L. #EREM 1 AFICE LD
T, BIPOEOEMERD L, ARCPHIAZ S5, HEEHO
BIAVHIHIFIREIZ 2> TWBH DD, KRE L THRFEIZIHS <
F72 /A XD XEEHND DD, W SBIZOWTIF KRl
WROENDD, FfL EPHBAIRRIEER T TLES> T
5. KEREUT, FABKREIESVE .

3. Cycle-GAN IC& B ES ) T 1 T2

Cycle-GAN[Zhu 17] &R 7 D RN F— &£ v b izD
WT, MU ERIZED KA A VEHRETTS FIETHD.
pix2pix QBN — HATd > 72DIZ LU, Cycle-GAN I i
FHHOEHE FHRFIZFET 5. 2O, XT7THERZRN D
GAN OFIETIE p(y) D p(§) DAMED XA N=T v AL
PE/MELU RV, BEFIHOT —X o & § BRTIZRD L
EREET 57280, BBEOT — X = Gy (v) ZHIZHEFHAD
Lt Gx ICAN, AARBOT—X & 28T, o & i O
Bix /MET 5. BEARTEETHNIEERE T —X glzBuv
THEEHATD R AL VDT —X o OFEBRFEEINE A5
E WS RE % AWT W3 (cycle consistency).

TR T4 ABEREK 2 ITF D, FRIIKLT,
RAA T2 —BUPMRIZNT VRN, BA S EADE
TIIEEARDOHAFERHEELLTLE->T WS, ZE15BD
BT, RKODHSHBATIZEYIO LS L OERI AT
B. ZDXDITEHIL R A1 L OYfk L 2B R A A 2 Ok
YNGR LR WEERBE S iz, BEIEO FA L v X
&Y THEMEREDD, cycle consistency &\ D #IH % i
LTWaY, 72 2IXB0HTH L EDOHAD & 5124 i
SR % FAS I U TE#L L TH, cycle consistency &7z X
N5, Z2EE [Zhu 17) TREBWERP—DTH D H, &
HDEJED & 5 72 RRARERDAZ B L TN 272K E A
MR 5oz FZEZ6NE. UL, HEA A TMEGED
LB RRBMRNE L GEIZB VT, KRELRMETHS.

ZZT, GAN OFETRKAN=Y = v A% FuMbT %4040
ZFERSATH D p(x,g) D p(z,y) & U7, RSO i
{t1% ALI[Dumoulin 17] D FEDORHE EA 5. AL & HW
Th, o2 Thon s mRElIF&ES. LA L, HiD
HDRAN=Y 2V ADFHEIZIE, =a—F iy hT—2%
FHN T2 i £ 0 W D 5 %[RRI SR AT R 235 7 s & I E
LTWL. 2070, KEWREP BT S 72/ b
R, EUVWRHTT P I RPUZPER LT v e FHT
7. B2 DRSNS, AEHOEEPEZI 5T, AbRDEF
BINTVWD Z L DHERTE, REFEOAMMEZRTZ &
PHE T2,

4. FELHESEDFEE

AR CIXER S A TWHEEHNT, BEEOEBGKELRY T4
BHOFIRICOWTRELZ. SHBOEE LT, HHHO S
A4 MOEED & 5 1B LK TH S 0 RED B DK, HoO
LD MHIBGEA b 2 HHEIL, RTEGRLTEETII L
PEBANZRTRETH B, TDHEODRNED S H R T R
= LU, pix2pix & cycle-GAN Z Ao THEH» L 7H
T ZREND D, ARIFEITEIE (16K12487) DX g%
ZIFBHF L 2Bl £ &2, fFRY BRZEE L bkt g
HH R SE AT D LRSS & U CEME S 7=,

pix2pix

pix2pix+IEH{L

X 1: pix2pix IZ X BB SEADEHBRE XY T 1 25 Ha,

Cycle-GAN Paired-input

¥ 2: Cycle-GAN (2 & 2BH 5 WADERE XV T 1 25

ZE Xk

[Dumoulin 17] Dumoulin, V. et al.: Adversarially Learned
Inference, International Conference on Learning Repre-
sentations (ICLR), (2017)

[Hwang 15] Hwang, S. et al.: Multispectral pedestrian de-
tection: Benchmark dataset and baseline, in IEEE Com-
puter Society Conference on Computer Vision and Pat-
tern Recognition (CVPR), (2015)

[Isola 17] Isola, P. et al: Image-to-Image Translation with
Conditional Adversarial Networks, in IEEE Conference
on Computer Vision and Pattern Recognition (CVPR),
(2017)

[Mirza 14] Mirza, M. and Osindero, S.: Conditional Gen-
erative Adversarial Nets, arXiv, 1411.1784 (2014)

[Shrivastava 17] Shrivastava, A. et al: Learning from Sim-
ulated and Unsupervised Images through Adversarial
Training, in IEEE Conference on Computer Vision and
Pattern Recognition (CVPR), (2017)

[Zhu 17] Zhu, J.-Y. et al: Unpaired Image-to-Image Trans-
lation using Cycle-Consistent Adversarial Networks, in
IEEE International Conference on Computer Vision

(ICCV), (2017)



