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Based on Incomplete Partial Observation

Abstract: When a person recognizes a situation 3D scene etc., even if only incomplete information can be
observed, the missing part can be predicted. In addition, if new information is available, it can be used to
adaptively update recognition. Recent results of deep learning and computer vision research have made it
possible to perform high-performance 3D reconstruction using large datasets without strict parameters like
camera intrinsics and extrinsics etc. In previous methods, the estimate from incomplete observation is often
deterministically, it is not possible to interpret how the shape was complemented when estimating the part
where the information was lacking, and how ambiguous the estimate obtained from the observation was.
In this study, we propose a method for designing an easy-to-interpret descriptor space in consideration of
ambiguity when restoring the whole image from imcomplete partial observations using the framework of the
deep generative model. This method can be used not only for 3D reconstruction but also for problems with
ambiguity in 2D image restoration, and when multiple partial observations are obtained, they can explicitly
generate candidates meeted the conditions.

Vol.2021-CVIM-225 No.1

2021/3/4

Situation Descriptor Expressing Ambiguity in Information Recovery

1. FU®IC

1.1 fEER

ANERZWOTRIEETH-TYH, 1RO —rh iR
OB EZIET 223 TES. HIZET—71D580
W2y PR FADBEDPNTORERRNDEHSZ ETE, 20z
RINZZNDARLERIRETH 2 LHFET 2 L L bl
THLHTETIRELTCLE) LI I L2MRTELE
%9, IO &I ICAEIEHRAE B> T LB R OR
BBrr oL =72 THRENEE, PMiboTw3

TBE, IZarfiky
Presently with Ritsumeikan Uniersity

(© 2021 Information Processing Society of Japan

FORE, u Ry ML TEEHOAL ST, ANEFD
Ho THETZY R =+ T2 L) RHETOLHEIBEAT
5, ury b2k ARG L0HEZ T 22D ZD
TRHENEGR ) a2 —9TRET S 2 EBLR
Thh, BEEEPEHE TV,

fEHS DRFTE (1] TIEEFEEYE Z2 e Tl D 2D ik
WiEghz €7 v 7L, @8z Pild 2 7o orisaz i
FU7, F7 2] CREMFREZEY L BGIGERT 5 7
DDOFEFELT, 3D Ial—vavraEHuiERL
F—% v bz HCTILD BICYERTES T BRI RIS
TZOYMENEL Z I D ZF ) Tl b EHET2ETILE



BRLEZSARERES
IPSJ SIG Technical Report

ML, BPIL 72 b O THIUTFEIF TR S Lz ilifg i
BOTHOHTHZ LRT I ENTER, TN DD
B E LT, BN O BT EERBVIRI T R il
5Ty — D 3 RIuM ARG I 2 fHlz e 5 2
EDRHELORBDHIT NS, ko TAMD K I ITHERD
TGS T { EERUR DB Z DRI A G b8 T
HHERZ WIS 5 2 &% 3 RGBT 5 7- D1
HETHL EEZONS,

D&)A RIT 2 720D 3 XIuHE DRI
BRI INLmEGRZ e 2RI 20 fTbh
T3, Structure from Motion (SfM) [3] % Simultaneous
Localization and Mapping (SLAM) [4] 7 & D iy 72 F
HCIE A AN 2 R 2 VT 3 RIuhiE D% kA T
WM, L 0BG, FolcErvY SL—vardnkh
AT DO SN L BN A= NE LD
N A MRV, B D & 15 S Az iR IE A O S R
Z L3I ERTERE) BBIA T RIS OWT
X 3 RIGHEEDEILEIT) 2 LB TE R W E W) FHED
bH5.

EFETIIFEEFEOERICED, REELEZT—%+2y k
OWAEREE D, N"—F727DaREPITTITHEEY
L 7252 5 T o 3 OB DR 7 # —< v A%z 0 L&
22 EDHRBIC k-7, REEE MG TEON R
LT, BRI T 2802 ]I X > THll> THEET %
CLEDHRETH 2 RBET o NG, FEEEEH VW 3X
TLHMIRD ATy 7L LT, L OFETIEiBRE 3 Xt
G DRl 12 2519 2 Beb & Rl 102 & 3 KouhiiE I8
LT LD 2 RS T A 2 LR TES [5. £/, K
JE2AE 2 W CEEO SR ER D & 3 XoutEiEzEnd %
WL DD [6] [7] [8] TIE, FlilFFRER S 7 HE
EEPENRZBEEZHCTRAET %2 2 L THAZ L DR
ek L 3 XuiE2 T 5 2 LA TETRS, Ly
L, INEFTOWEAER—ZADTHEIIB VT, HE»5
o7 3 XEE DB T ORI ICIFER 2 Y TTE
57, HWBARL T AT 2HEE LBRic LD kI i
TERDETE I N D PO SR E W) FERH D,
EDRD EN L 5 OB Z £ > T 2 Dh 2 IR
5 EDEEL W,

INnoziE 2T, 3XERMEREHELSEO N
> AGER G ERY o 2 ERZEILT 2MEEF S
EDITES, 2O k) HMEICE 1 >OBD S 130k
BIDIEFS RV EVHIHEHDBH D, @R 7L
DHHIEZ &S FROEE 2 Ff>. AW TIE I 06 DIt
B L CIEBEME 2 S OIS LT, HEARE T OR
Az RN FIEEZRET 5.

1.2 WEREE
AR TIE, INFETOEBEER—ZADFEITMZ,

(© 2021 Information Processing Society of Japan

Vol.2021-CVIM-225 No.1
2021/3/4

B> /BN vz 1 D05EdTF L LT
DTIE7% L Fig. 1 DX I Ic—20@H» S, 20 EFIFL
BOEEORNAER TR FEAGEZES I LE2EZ2 5. i
WFEELE LTl 2 L THloBlERD 515 6 7 5did
THEAELHEAZ Lo THAT 2 2 L2 TETH D, ER
M R % Gl C & 2 Sl 24 2 TR T % 7 0 O Fik
WKOWTIRET 2, KAFEEHWSE 2 LT, REELEN
DEZ 6Nk, ZOBHIBEITICEEL TED L 6 WK
HEFFoTOL L2225 2L TE, Z0aMi) &
9 7RI &2 VT B T T & D RN OB EE 2 R T
BT EDTELEHEZoND, KA TIRET 2 Fik
IZ2WC, 3D ET VDT —F v b ThH 5 ShapeNet [9]
ZRWTL YY) v JHiR» S 3D TN EFHERT 2 H
Brafrv, EEZE L TAFEEH O BRI 3]0t
RGBT DRRIEIC > W CEHE 2179 . £72, 3R
TR ISR & 0 Bl A S R 20T 2 RE & LT
R OETERTEIC B LT O EERZ TV, RIFETRET %
TFEORMEZHERT 5.
2. REFE

AWFZE TR X 52, MoBiEEREE2 1219
DEBBITRIET 2B TEAICER L, fhoBamEHIC
T 2B TS LA T2 2 eV TEIMRDES
SR T Z LT 2 720 DFIRIC OV TIRET 2.
FIHEICL 72 WIRDL s 2 BIHIZEA: 0 BN T 247> 74
FEHON DM v = T(s,0) L £¥ 5. K%K TH
WAREEEEET LTI, ANENDS 21 LT, =Dl
FTH BRI s ITHIET 2 H DR ELIRNTD T ¢ DES
ICZHAT 2 B4R Enc & RDLELIR T € 206 &R s Z 4T
3548 Dec Z Wi 5 2 L2 HIET.

2.1 AWVWSRKREHICOWVT

22T, BERMEERMEL R EZIT ) 72D Enc &
Dec &ML TD 3 DD&EM%NI.TRNETH 5.

(1) HUCRDLZ B5E L 72 BIHED> 5 1%, @ o REdR 1
2RO oNBRE (L)

(2) ZDFEMFIFETORIGIBTF € € Enc(z) I2DWTH
TG L 7RIS UGl i 7 X — & 238X ¢
EHEUHERPF N ERE (PG

(3) ¢ € Enc(x) &8I 2 DITIC - 7RI s ISR 24k
YRR T2 Gt R E (M)

ez ERLL, RELD7DICEMEENT L) 28

KEIB 2 3G 5.

FIHAICHT 2 HABEEZ 2. ACRIE
s L 2 BLHIEE I B O R GLE 2 BT RO R E &
WSRO, BRI s IR n H D #H
BE{zili = 1,..,n} = {T(s,0)i = 1,...,nticXL T
NEnc(z;) # 0 B D ZORETH 5. b FEAMD



EHRNER SRS V0l.2021-CVIM-225 No.1
2021/3/4
IPSJ SIG Technical Report
osrcl:gelr?eal trainable loss other preSrlgitr!ci)r? and training only
function  function  function |_TIMN9 b T >
descriptors
intersection
e loss
. input partial prediction

observations process

predict

P

v .

..A"
- encoder NN

observe information

. merge
observe J] . n%ple »> observe - ‘,

decoder NN
(w/ spectral normalize)

scene

E

reconstruction loss
(compared with
input observations)

J i
reconstruction loss
(compared with
original scene)

B 1 Overall of Our Model
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B 2 Example data of MNIST dataset

B 3 Example data of Fashion MNIST dataset
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B 4 Output Variations for Input Images using MNIST
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5 Output Variations for Input Images using Fashion MNIST
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% 1 Evaluation of Output Variations for Input Images
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B 8 Output Variations for Input Images using ShapeNet
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