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Abstract: We investigate deep generative models that can exchange multiple modalities bi-directionally, e.g.,
generating images from corresponding texts and vice versa. Recently, some studies handle multiple modal-
ities on deep generative models such as variational autoencoders (VAEs). However, these models typically
assume that modalities are forced to have a conditioned relation, i.e., we can only generate modalities in one
direction. To achieve our objective, we should extract a joint representation that captures high-level con-
cepts among all modalities and through which we can exchange them bi-directionally. As described herein,
we propose a joint multimodal variational autoencoder (JMVAE), in which all modalities are independently
conditioned on joint representation. In other words, it models a joint distribution of modalities. In general,
when generating another modality from one modality, the modality which we want to generate must be
missing on input. If the missing modality is high-dimensional is larger in dimension than other modalities,
then the inferred latent variable and generated samples might be collapsed. We found that this issue cannot
prevent even using the conventional missing value complementation. In this study, we introduce two indepen-
dent methods, JMVAE-kl and hierarchical JMVAE, which can prevent this issue. Our experiments showed
the following results: our models can solve the missing modality problem; we can obtain appropriate joint
representations which contain all modalities by our models; and our models can generate multiple modalities
bi-directionally as same or better than the conventional models which can generate only one direction.

Keywords: deep generative model, multimodal learning
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Fig. 1 Bi-directional generation between different modalities

via a joint representation with JMVAE.
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Fig. 2 Inference (or encoder, left figures) and generative (or

decoder, right figures) distributions for (a) JMVAE (b)
hierarchical JMVAE, and (¢) JMVAE-kl. These figures
represent how ¢(z|x) and p(w|z) are modeled on each
approach. Circles represent stochastic variables and di-

amonds represent deterministic variables.
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Ny 7« F4 77—l /M5 L9120 T 5.
BIEEHMOMRIERBILICL > T, R EB)DLHITH
MRS AR T A ENTELDT, LYASNT
DRIV L O B ERBAP RO, S5 ITREY
TN Tk o THYLRIBESY ) T A4 OERAT]RE
b LIRS, AT ZOFEEZBER IMVAE
(hicrarchical JMVAE) &I0F, FBr% @ LT, AFEDR
HES) T4 OMELHBMTE LI L 2RT. K 2(b) IE
B JMVAE Tx 206 w 2T AN ERLTVA,

3.5 JMVAE-kI

MRS HEEOTETI, KIBEY ) 71 DERD 7
DI, KL LTRIES 7)) Y I FENEEE 2D, L
P LUERIEDT 70V BT A B2, S0 o T
LEHILVOMELHL. L >TC, JMEF 7)) v 7
FHEAHOTIOEY 2 /RIET > TV EERTE L THEE L
T, JMVAE-kl #48%&$ 5.

HB—DEF) 74 A2 DL a—5 q\(2|x), ¢\(2|W)
PEZDL (PELANETETAURTIA—F), b LING%
WYNAELZ e TENE, o) bAERIEOES Y
FANHIET 20 Mo Tz # HEHRTE S, 2L 2
&, 7 A MR x DAD OIELEE L2 WA,
o (z|x) Zffio Tz~ gr(zlx) DL ICHERTE S (11 2 (c)
EZH). OB, ANICREEZ LS00 T, BB
JMVAE L8270, KEY 7)) v 728 I8R5 E5
U7 A B aENHTCERT S EDVREE D,

JMVAE-kl Ti&, i—DE5 )54 A% by a—
7% JMVAE O L2 3= % gy(z|x,w) IZEDT 5 L9 I2
LTHET L (M 2(c) £LBH). HAMOHHEEZ VN
79475 -k §5 &, IMVAE-kl ® BB EIER
DEINTHD.

‘CJMk-l (X’ W) = ‘CJM(X7 W)

—[Dr (g4 (2%, w)|[gx(z[x))
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+Dx (g5 (2]%, W)llgr(z|w))] - (10)

Moo AL E, X (10) AT EHI L, 8T
X = ZALE NI A B W TSR 12 & A variation of
information Df/Mb & B84, ZOFFHE L CTHE: A2
M E 72\, Variation of information (& 2 D D2
DHHEEFHNT 2I8ECH Y, pp 2T — VoL T oL
—E,, (x,w)[log p(x|w) +log p(w|x)] DL H 12, 220DED
SR EFBEEOMTCERENL,. ZoREER/MET S
L) 2 ki, BHIANCES ) 7 1 oA RDSHEIATH
NBEINTHFHELTWAEIEIZR A, Sohn HIZX B~
FE—FIVFEEHO T TlE, variation of information # it
MUK o TETFTVEFET D ikt oTwb 6. L
ML, M5 OFFETIE MCMC #:12 & » TH¥E 5 % DBM
EETIVELTHWTWS 20, RF5Eo & 5 I HKEIE
DE I BRIEDORENT =¥ HEHEFET L L IZHET
H5.

JMVAE-kl 1, £V 7 1 IR 5 &, 56D IMVAE
DILYyA—=FDFry NT—=IPWRZ LT TR, 5
TADPRBLELGEEZEE L a— b0 EELD
DT, 2y NT—=0BHIFBRIZE>TLE) &) fHED
HAH. YY) T AP 2MDOE4E, IMVAE-KI Tid 3.5 Hi T
WBAR72EH 12, JTLDO IMVAE DL I =% qu(z|x,w) &5
ES)TADBKBLIESHEDO T Y 3= 5 g\ (2]x), x(z|w)
BLFEERD, 22T, KT T4 DLBALEB~DOE
BarRHLIAY NI =T BENENRL/NT X =5 T
HHEREL, FONRTA—FFE M ETH. T4,
4o (z|x, W) TIE 2M, q\(z|x) & q\(zlw) TIEENh TR M
DIST A= T PR DT, Ty I—FITLERINT A —
SRUIEFTAM %5, EF) T4 3 MWk b L, T
D JMVAE O L2 32— % gy(z|x,wi,ws) DN, &F
F)TADTRTORBOMELEEE L/ ya—F
o (z|x), qx(z[w1), an(z|lw2), qr(z[x,W1), qx(z|wi, W2),
o (z|wWe,x) DLEEZ R B, LoT, £y NT—=2DIRT
A= FHOEFHNT12M 1275, €5 T4 BS K HOY;
AT, Z0a—=FDONTXA—=F BT 2K-IKM %0,
YT AR L TRy NT =2 D5 2 — 5 HtcE
R LTLE Y.

—JBEE R IMVAE TlE, 5 54 Oz Th, &t
6T ATD IJMVAE DLy a—¥ D4y T — 2 h 2 5
ZUThHDH. BEEN IMVAE Oy a— 75K (8) D&k
IZHREG R S, E NN ORESRNI RS RE B O e 1) 7 544
DINGA=FHM Dy b= TREHENTWD LIRE
T5E, KAOEY)F 112805 LIBORER IMVAE
T, Zya—FoONRT A= EPEF (K+L-1)M &
%A, X o THEN JMVAE Tl, JMVAE-K] & HXT,
TV T A OIS HINT A= S ERBIIAZONS.

L7:%%> T, W@ IMVAE & JMVAE-K] IZIZF N2
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NEFTEEIH 5. B IMVAEZES ) 74 253
D ECTRIBES ) 74 ORLHFZNIERELL R VEGE
WZAERT, IMVAE-KLIZE4) 7 1 25 2 O A TRIEE
TV TADPERILOEGE AN THL LV D,

4. FEE

41 F—2+tvy b

REBROBWIE, (1) KIEES ) 7 1 BEIHED» 1254
LIREFETENDIUEHEINDL L, () BAEDLES) T4
A LA RIMIER SN TVDE 2L, (3) 1 HAD
A EE (b LIRENDE) OFFE TR DERL
TXLIL, O3EICOVWTHRTLILTHAS.

BAEOTLVFE—VLVFEEOFT— ¥y b LTI,
MIR Flickr25k[24] %77 ¥ ~ b ¥ K% ® RGB-D 7 — %
v 25 R EDBHB. LiL, TRHEDF—Ft v M3
BHELES) T4 THRILRPEBENFLTHLH00% <,
12 RGB-D ¥— % t v MIWAEI{ED RGB 1H#H & i S
DEMERLZDLES) T4 LTWT, WEFAXIEE
FVT7F4MTHRLER>TWS, £oT (1) #MFET 512
BAMETH L., —F, RURHEIRL->T0wLH1E L
T, —HWIREGRE Y SRR ES) T4 LT 5 MIR
Flickr25k % &25% % 75, — R REI{% O A% B R 2543
LW 5 27 TH B0 (2) % (3) DBEEIZA D7\,
FLEL, WEORIVFE-FIVFE T, BEEEDE
FVTA05 L) BV ZMHE L CRIMEE L5052
EOHMTH Y, RFEEOBHWEIER RS, Foz0, B
HEORNVFE=FTVFEEDOFT—5 £y MIREETIIHW
w2k e L7,

FobY, REBRTIIEROBWZERT L7720
MNIST & CelebA [26] D2 2D T =5ty MEHWDH I &
L7,

MNIST 1, KEVLFE—FLFEEDI2DDT— 5 £ v
NTlEZw., L2L, XV % one-hot ¥ 7L #Ez T1
DDEFV T4 ETHE, FHEIHETEIZEL 7V TIEX
TLRMEEDSKE (R B T L, one-hot DIFH % O THEHAE
2 THREFE DR TE TV LB LT W2k, FL
TT—=41y POV A XIWWRELER LR TV E2b,
FROHMIZHEL TWAEEZONL, FILHELE LT, %
FHEGEOHZEE 7 L VEIZ[0,1] 1225 &) IEHIL L. &
T=%+tv FDIHE 50,000 xINHFEBEESEL, RO
10,000 # 7 A M HGIELS L L7,

CelebA 1% 202,599 #LD H1 7 — BHME & &HE$ 2 40 D 2
lEME (B, AT 4, 8oL CXoTHR SIS, L)
TN FE—TNT =5ty FTHAH, EFI T4
B CRILRHEET LD KE L ERR D720, MNIST £ 0 b
W2 3 e 7275, BEIEEICRE SN T E 70, — %Y
KEgE R E L RTER LTV Ty hEeEZDS
N4, AP e LT, FMifgx % FOICIEH IS8 Y B
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D, 64 x6412)F AR L7zd EHEH#AL L2, KRERTI,
OpenCV (2 & » THZIFETE72191,899 27— %+ v b
LT, &7 =%ty Db 90% % FEEGIE S
EL, BYD10%% 7 A FHEBIESE LT

4.2 EFIVIES
4.2.1 MNIST

Bermitg 4 x € 0,174, s d 27 Nv% w e {0,110
L7, ZZTCRBEDREOLD, MK E L= b
DR AE-ReLU (EHAL#ERE%) #% DkR, DkR #
5 ReLU Z Witk Z ok & L7z, /2, 22004 v b
T=2 1, JOREBEEELT1O0B LT LA
(I, LE£RLT S, ChEIFEE=2—-IF Vv Ay T =T
& concatenate & FHEN LT, K Cl3EHROE Y
VT AD4Ay VT — 7 BiEET ABEICHNA.

Ly a—%oxR (2) @ fup % (D512R-D512R,
D512R-D512R) & L, f, & f,2 &, TN D64 & L7z,
T a—FE p(x|z) BNV X — A 546, p(wlz) &7 T
SATE L7, WINOES Y T 412200V ThH fup =
D512R-D512R & L, p(x|z) D f, 13 D784, p(x|z) D f, &
D40 & L 7-.

AREBTIIFEEN IMVAE 22 ET(L=2) & L,2/8H
DIy A—=FLFa—=F VTN D fyuwp °D512R-D512R,
fu & foe & D64 & L7z, JMVAE-KL @ g,\(z|x) @ f, &
D512R-D512R, ¢, (z|w) O f, 13 D512R-D512R & L, f, &
Jo2 &, WIFNOAEL$TDe4 & L7,

4.2.2 CelebA

%% x € R332 g 2 @M% we {1,114
ET A, TANVIDHY A XN A x4 TFY RVEDFE, A
N7 A F232 OFEAARE-Ny FIEHAL-ReLU % CkBR &
L, CkBR 2*5 /Ny FIEBULZ B\ 7415 % CkR, Ak &
F L7408 NEARE-—N Y T IEHIL-ReLU %
DCkBR, DCkBR 75 /%y FIEHL%E B 274§ % DCkR, &
512 ReLU 2B\ 7zfirtz pek &34, 72, k2=v b
DMIEEFGGIE-—3 v FIEHAL-ReLU % DkBR, “FRALkE %
FLERLT 5.

I a—%OD fyLp % (C64R-C128BR-C256BR-C256BR-F,
D512R-D512BR)-D1024R & L, f, & f,2 1F, TN ZN D128

EL7z. Ta—5idpxlz) & p(wlz) l3EH 5 b T 255
fie L7z, 272LK (2 o8 x—5fbL A, pid

Tanh(f, (furp(z))) (7275 L Tanh (AR EHEE) &
L, o2 D& EFx 1LICEELL. v T — 7 &,
p(x|z) D furp % D4096R-DC256BR-DC128BR-DC64BR, f,
Z DC3 & L, p(w|z) D furp % D4096R-D512BR, f,, @ D40
L9 5.

*3 MNIST & [0,1] DFERMEE L %25, JI#HE 7 A MHIERD

FRAEIIE U CTHERMIZ 0 F7213 1 ICEEL T a, i,
WA & B Cfdl b Rz LT [21], [22].
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R JE 9 JMVAE @ 2 J§ B X, MNIST & [/ U 4 v
M7= 7R E L7z, JMVAE-KL @ gy\(zlx) @ fuvp
|3 C64R-C128BR-C256BR-C256BR-F-DR1024, f, &
foo WX F N ZF RN D128 & L, oa(zlw) ® faurp &
D512R-D512BR-D1024R, f, & f,2 & £ 41 € 1L D128
kL7,

4.3 FEBNTX—LHE

R L7 VT X 403 Adam [27] &MV, EE R
MNIST T 1073, CelebA T 107* & L7z. 3 (5) DIEH
ALIHIZ X o THEE O RPTFICH S 2 L 20 72012,
VA= LTy T (22], (28] Rz 2L, FEOME
IR EDOA TR L, N, TRy 7 £ TRIBICIERIL
HERECLTWHETH S, MNIST Tid N, =200 &
L, IRy 7% 2,000 & L7z, CelebA Ti, Ny =20
EL, TRy 2 8% 50 & L7
ETIVDFEHIZIE, Theano [29] & Lasagne [30] 1220 <
REAERETIVT A 75 Tars*™ & 7.

4.4 FH@IEIR

AREBRTIE, ETIVOFMICT A bR S ELE
logp(x|x,w) (b L < dlogp(Wlx,w)) &HW/z. SO
SR log p(x|x, w) 1E, ROLHITEBPTE 5.

log p(x|x, w) =~ log/q(z|x7w)p(i|z)dz

v

/ q(z|x, w) log p(X|z)dz

1R

N

1 -

+ > logp(xia) (11)
=1

727201, 2W ~g(z]x,w) TH 5. X (11) TE, f1 =&
YORERCTTRE RO TOSH Y T VEMEITF-o TS
A, TR CEEY v SVER R TS £ T
B L TRA D TH 5™, ZOT FITAO TR
LEZDLIENTELDT, BVWMEICLRBIZEEYY) T4
PEUNCHER TEX 5 2L 2 ERT 5. KERTIE,
TIVEIE N =10 & L7,

JMVAE CTlE, —HDEF) 71 LG bk nigE,
ThDLERTHES ) T4 HBKIEL T B85 D%
SRETCEE p(x|w) (FE721d logp(Wx)) dEZHNLAE. Z
DX BIE % KD B 720121%, MGG qlzlw) (F 721
q(zlx)) KD, X (11) O L) TBHEEE e T v
THLEND L. ZOIEWGA KD S FEE, IMVAE
DHETEIZL > THRE S, IMVAE LM JMVAE T,
HERTHES) T4 2RIEEE LTI 729, FIRIEE

*4 https://github.com/masa-su/Tars

Ok 21 ISk B &, ABEOT Y TV, T TV
SHCRE TR, WIFMESEONEICE ISR D (. — T FHRIEAR
RHEERTH S 720, F ¥ T VIS LTRS &,
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FUTF 4 OMBEE 0 T 5. RICEET YT 7R
BA4TH) S TREEY Y T4 2L, TOBRMEL:
EY)TA XLy A=FIZAN L THRELRE T 7))~
T$h. ZOO, K ERERREY YT v 7o
B Mhsefe I ICHRAE L, #ENICHisE S T E I IR <
% %. JMVAE-kl TIEEL g (z]x) (%7213 gr(z|w))
ZFBEOBIROTWAEDT, Tz AV TEELME &
TEZRD 5.

AR TIHEE L, logp(X|x, w) % BEEMAT & W EBOLE
b L AFHAC KM E XA LI, logp(k|w) % BEL
ST S ETCRE LIRS BRSSO & kS
PR SIS O % VT, BEFIFZECTd 0 S &
AR ET VLT S CVAE 3], [4] B L U°CMMA [5] & 1t
By A, WUNIBFMICR LTS ) T4 R ERTE B
EWEET AL, BSOS B EE 5. S
AT EXPBIETIE, £ T 1 OFBROKEE % 3Hf
5. BER JMVAE  CVAE, CMMA TOHEB L
BRSSO OB DT I 8k Al 2B S
72w,

4.5 FE1:MNIST
4.5.1 FE1-1: REBEZFV T HEEREFEICLDNE
EDIEDR

RET TR, IMVAE CTRGIIZE YY) 7 1 & ERK
TLHE, KT T4 PMBOES ) 7 14 L H_TERIT
D4y, R L2y TV ERTCLE ) 2 & R
L. F72, KB T v IFERl O L) mitROKIE
EHmFEEZ VAT, COMEIRRRTE RN
ERRT. FLT, RFRTRET 2 HEH IMVAE &
IMVAE-K 12X o CEOMEDPHRIND Z & E2RT.

X 3(a) i¥, JMVAE Tw 25 x %W LR ERL
TWwa, —FLOfT, D2FY 1 EZTREY 7)) ¥ 7%
WAL CTHER L72mRIE, ANEEATHEYICER I Tn;
V. KT TY) v IEHE R BICon, SAEIC R 5
A%, B HIE I S 2T NI L TR, O
R0, FAEY 7)) Y FFETORIBES ) 7 14 ORE
RRTE RN LRGN 5.

KA, BERE ) IMVAE & JMVAE-KL 75, Z 0O R RE % ik
T&5ZE%RT. M 3(b) ZFERN IMVAE O8O
RERLTWD., EY V7)) v 7051 BOEAEE, (a)
LR T NOVITHTIE L 72 BT R S LT e s, B
VAT & i &3 I R R A N EA e Sy TPk = 1 yiR
BB END 2 EDHRTE S, 1 3(c) 1X, IMVAEkI ®
WEORRTH D, 3.5 HiTh~7zL 512, IMVAE-kI
BERKAEY 7)) v 7w, BECEEFT SRk
Breklkd sl e TcE&sb,. F72, IMVAE-K IZREE K
JMVAE XD bid-> &0 & LAHTFEEERTE D2 LD
ATED.
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01 2 3 45 6 7 8 9 01 2 3 45 67 8 9
o1 A A AN AN A AN B A
t%wl/!f!’l L /1 e1z2iY485€134
Bew [ /7 01/ 11/ /234856789
283 / /71 172107/ 412345672879
Fh0 11211210 ~1! 01854567339

(a) (b)

0/l 234567%9
(©)
® 3 MNIST 1253270 (w) 25l (x) DL, &5
w ZEBOEER, TDLEONE 9DTNITFIEL TS,
TOfFICWIZON, x BEET H720DKEF > 7)) 7
DEFNEEZ T b, (a) IMVAE. (b) B¥ER JMVAE. (c)
JMVAE-klI
Fig. 3 Images (x) generation from labels (w) on MNIST
dataset. Each column corresponds to each element of
space of w, i.e., labels from 0 to 9. As going to the
bottom of the row, the number of iterative sampling for
generating x increases. (a) JMVAE. (b) Hierarchical
JMVAE. (c) JMVAE-KI.

=00 4 e

—600

—800

logp(x|w)

~1000 {

—— JMVAE
-1200 Hierarchical JMVAE
-== JMVAE_kI

—1400

20 30 4 S 6 70 8 %9
The number of iterative sampling

B 4 MNIST 7—%t v MIBUB8ELKEY T ¥ 78TO
JMVAE, W& JMVAE, X0 JMVAE-kI OHEGAHT
S DME

Fig. 4 Single conditional log-likelihood values for JMVAE, hi-

erarchical JMVAE, and JMVAE-kl model with different

number of iterative sampling on MNIST dataset.

4 X, JMVAE, B9 JMVAE, JMVAE-kl ® %
TNOHBEHEA ST logp(wlx) 72y PLAZbD
T, MOMBIZIEF > 7)) v rREELTWDE (1272
L, JMVAE-Kl XG>~ 7)) v 7Rk & 50w Tl
MOHM—EMTRLTNE)., Y7 v 7tz s L,
JMVAE & B 1 IMVAE O 5 D354 Cr o s <
Y, RAEY T T OFEPRER EICEEBL Tw 5
ZENh A, L Ll O JMVAE TiE, JMVAE-kKI ®
KLY 2 0EL, 7)) v 7 E » ) e
EWELENEL SRV, BB IMVAE OB413,
JMVAE £ ) b 2%t 7) v ZCRENKRE L %
D, R e K Dl O IMVAE X WL B 2 LA
A, —J IMVAE-Kl O¥aE, RAEY > 7 v 78312
EWHERELZ ENTES.

%3, FEEN IMVAE O & UEORHEIX, o
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C®NO VA WN O

LoL oL
R I

Lo
Lb b b o b w e

JMVAE-kl

I

CmN W e WwN O

VBNV s WN O

LW b Lo LN

-6 -4 -2 0 2 4 -6 -4 -2

q(z|x, w)

q(z|w)
Hierarchical JIMVAE
5 2-D OEAERIOTHA. %% 5 G0 HISHTF 7 <VITHIE
LTwb. JMVAE & FRE#) IMVAE ORAEY 7)) ¥ 7%
13100 12F%E L 72
Fig. 5 Visualizations of 2-D latent representation. The num-
ber of iterative sampling on JMVAE and hierarchical
JMVAE is 100.

ETIVOFHIME & T 5 L/ NGRS LT B T EEEAS
HAHIEICEEESN V. IR, LU ELEORD
D, MOETNVINDD TREBEZTCVWEOTHDL ()
A1 22, Lo TREN IMVAE X, > 7 v 7
¥z LA, FEEIZ IMVAEKL X ) b EwiieE
EHoTWLHREND 5.

4.5.2 FEER 1-2 . BEZE TOEBREDER

BT, BEEMTRLELESY 7 4 OIERIIHWER
ENTWDLZ L ZTERT 5.

B 53, H#FECTOBERMALZTHILLZbDTH L.
M5 DENPTRTOET) T4 2 A& Ly a—4n
LT T LIebDT, APE—DOES) T4 whb
YT LRBEREHTH A, B, BB IMVAE
DOEEIE—F LOfERNE Ty 7)) v 7L Twh, 22
Tlt, Zya—5Df, & f D2 L LTCIlfL-d D%
HWTWw5,

FIM 5 EICEHT AL, IMVAE & JMVAE-K &, \»
FTNO IRV LG PNTHALTEY, 2200FEFY
TA R GATREERIERTETCVWDL I EDHRATE S,
—7, B IMVAE TlE, X0 oL EIcE T o7k
FIHUT o TWT, FERNEREILOEIHRTE .
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£ 1 MNIST 2B 57 A Nl X0 0 51
Table 1 Evaluation of test conditional log-likelihood on MNIST.

logp(xXlw) logp(W|x) logp(X|w,x) logp(W|x,w)
CVAE —448.8 —5.293 —70.42 —5.304
CMMA —451.1 —0.2971 —69.89 —0.002574
JMVAE —747.1 —0.2286 —69.57 —0.2026
JMVAE-kl —422.35  —0.2628 —76.94 —0.1874
Hierarchical JMVAE ~— —475.5 —2.640 ~196.9 —0.4456

KK 5 AIAEHT A, IMVAE OfiRE2 /5L, K
HARTH %) /NS WGBS TV oambifiL o8 s h
TWLONGh5. T2, NV TEnFLEFNBITEA
FRONGE L oTWD, TOEREYIS, WMEREHRSKIE
ENBEBHERBAPHNTLE ) S LD ERICHETE
5. —J5 JMVAEKl O#EREZ 5L, EOTRTHOES
VFANEDY T v 7 EIFITED S R WEERBDE
SNTWAZENGHAD., AORTIEHEAIZE L T o72%
HeZhoTWhD, TNEw2OLDERENx & w DOJf
FHOERELIRT/INENLD, RlEPERRKEL LD,
W HEA 2 A L o> TWh 2D THAH,. IMVAE D
BDEHIE, NEWHEBIZFEF o TRV RS, B
LRCKRIBESY Y 74 OMEPFERENT VD Z L3550
b, BB IMVAE Of R &2 /5 L, KBLTWE
WEDKR L ZIZFAEED, TNV T &5 8E L 7550 A3
BENTVE., ZOfEPS, BB IMVAE CHiEiER
BARNCTLE ) MESIME SN zL w5,

4.5.3 FEX 1-3 | FEHFEHWELEIC L 35

KIETIE, €5 T 4 ORIFHOARK & FERER % 2 = 1)
ZEHG§ % 728, HEGMF S B0 & BRI &
SR TR 5. 72, xR O FFEM % BEAFE O 4t
f# & VAE T % CVAE ® CMMA & t#+45. 22T
CVAE & CMMA 350 & aMfix ETMELTwAH T &
WEE SN, 2F ), IRBEROETIVIZL HEIT
LEST) T4 ZERTE RO, BFHERD 72012
i, HEEFEIZOWTET V2 HE L THT IS T
LULENDH L. 070, FEHEROI A MR 5 720F
T, EBI2TRLAEIIGTRTOEYY T4 %#
GLIEEHEZERT L EATE LRV, —J JMVAE
i, ARG 20N TTOKES ) 7 1 DM &
AL > TR/ EETMEL T EDT, BHEEK
THAEERBZEETE, ZOEHENLTHAHMIZESY
FARERTLIENTES.

R 1M GHOES ) T 1128 B EBSMAT &80
G ERBEOFMTH S, I DT,
JMVAE & @i IMVAE O AEY > 7)) > 7% 100 &
L7z, BEAETHR AT, FRISEE O IMVAE % S
BE, BEEMT S EICOWTIE, BATE L %
DL EENDEDRERE o TWE, BAAET VDK
BIOERICH ADET NV EHELTHFETLILENH S Z

© 2018 Information Processing Society of Japan

LaZEZ AL, TNGLRAEOFETHRHMIZERTE S
EVIOKBEI TS THELEZOND. FHEEBSGMTE
TEEZDWT Y, x5 w DAL, MOBEET VLY
LHEYIERTETWBEIELGDDE. —HwhbxDR
JEIZE L o T B, ZHUdHEE1-1 TORLZEBY,
KBTS ) T4 MED 720 TH D, IMVAE-kI R W= 1y
JMVAE |2X »C, ZOREIZMEI-ZN, $i2 IMVAE-kI
TIIERDET VLD @V E b L5 h 5.
RICKR T ICBIARETFEATOREYT S, 3, w
D HHEAAT & TP TEHME L 72960 IMVAE & JMVAE-k]
DFET, x DFEOELEND L, HFHYRELL>TW
BV, ZOZEns, KEEES) T4 MENEAET LD,
ERLIZWEY) T4, $hbbRBEESY ) 74 05N
WOEST) T4 LB L CTERILOBGELETTHL I LD
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Fig. 6 Face images (x) generation from attributes (w) on
CelebA dataset. (a) is an example of the test set on
CelebA. (b) to (d) are face images which are generated
from attributes of the example (a). As going to the
bottom of the row, the number of iterative sampling for
generating x increases. (b) JMVAE. (c) Hierarchical
JMVAE. (d) JMVAE-KI.
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Fig. 7 Single conditional log-likelihood values for JMVAE, hi-
erarchical JMVAE, and JMVAE-kl model with different

number of iterative sampling on CelebA dataset.
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£ 2 CelebA 12BF 5 7 A Nl X WP EHE O 5Tl
Table 2 Evaluation of test conditional log-likelihood on CelebA.

logp(xXlw) logp(W|x) logp(X|w,x) logp(W|x,w)
CVAE —6825 —44.28 —4031 —44.28
CMMA —6920 —44.57 —4026 —38.74
JMVAE —48763 —43.97 —4026 —43.43
JMVAE-kl —6852 —44.13 —4089 —43.83
Hierarchical JMVAE —7355 —47.61 —4901 —47.32
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Fig. 8 (a) Generation of average faces and corresponding ran-

dom faces. Each row corresponds to same attribute ac-
cording to legend. Each column in random faces has the
same variation. (b) PCA visualizations of latent repre-
sentation. Colors indicate which attribute each sample

is conditioned on.
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Fig. 9 Portraits of the Mona Lisa (upper) and Mozart (lower), generated their at-

tributes, and reconstructed images conditioned on varied attributes, according

to the legend.
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V3R EHBAENOEE
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