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Unsupervised Representation Learning for 3D Point Set
by Using Generative Adversarial Neural Network
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Abstract: Shape similarity-based indexing, retrieval, and classification of 3D shapes are essential for efficient
management of 3D shape data. Recently proposed deep neural networks (DNNs) tailored to 3D shapes, e.g.,
3D point sets, learn accurate 3D shape feature representation by associating 3D shapes with semantic labels
attached to them. However, in practice, majority 3D shapes are left unlabeled due to cost of annotation.
Thus, unsupervised approaches to learn 3D shape features from unlabeled 3D shapes are desired. This paper
proposes an unsupervised representation learning algorithm that utilizes Generative Adversarial Network
(GAN) to obtain descriptors of 3D shapes defined as point sets. Proposed Point Set GAN, which consists
of a generator DNN and a discriminator DNN; is adversarially trained. The generator is trained so that it
yields realistic 3D point sets, while the discriminator is trained to distinguish “fake” point sets produced by
the generator from “real” ones. After the training, the discriminator DNN is to compute shape descriptor.
Experimental evaluation under shape-based 3D model retrieval scenario demonstrates that 3D shape feature
learned by proposed Point Set GAN outperforms existing handcrafted 3D shape features.

Keywords: 3D shape feature, 3D point set, unsupervised learning, generative adversarial network, shape-
based 3D model retrieval
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Fig. 1 Overview of the proposed point set GAN for unsupervised learning of 3D shape

feature.

(AR) OFEAM ORI, 4fli%e 3D AF ¥+ 3D 7V v %
DER R BB, ZHD 3D TN ERRWICERT S
729, OB W TING 3RITCIRE LR,
, BHETAIFENOERPEE > TV 5,
*h%~,$)%TWE@ﬂﬁﬁM§i%h%$D%
TOH Sl & 7z 3D IR E & i d 5 2 & TR
BEND., IR EE, AMICX ) EFFshi [F1E
DIBIREFSE] & 3D BIRT — 7 2 LB [5E
AR e ] @ 2 DITKRBITE 5. WIgEE OB L M
WHEDWTEERF SN TR BIREESE (728 21, X
fik [12], [13], [14], [15], [16], [17], [18], [19]) X, —ED
RUBHREZRT SO0, 3 LHIIRLEICHEK#ETH 5
LIRS RV, —FHT, 28D 3D ETFNVEFE L TER
FERERIEE L, FEVERE#EL VL 3D ET LD

TEARIEBIZHEIG L, L)@V TR TE 5 2 &A%

HFEEns.

FRBIREMEEZHEL 7 70— F 12, &b F
HEHNie LFEE»H EERESNTERE R
%“%&%@$®y<iﬁ%%© HaeHwb (X
ik [3], [6], [20], [21], [22], [23] % &) . T & BEFHZET

X, 7 UREDIDIBIRT =5 2 TEX B2 HTANT,
3D E 7TV E oML A ICEF S g =2 — 5
Vv FT7—2 (DNN) Zil#3 5. LaL, 77— X—
WCHAZBRBEINAKEDID ETILDOIFEALITTIANL
Bl wv. ATICE S 3D ETUAD T AXIUAG0 TR/
WREWDOTHL., F0D7=0, Hilid h) B2 5 3D
ETNOHRPLHEHIIR O NS, —FHT, #Hbilik L%
WILE, IRV ERFZLEWERO 3D ETIVTHEETE 5.
L7 L, DNN Oz LB —fRICH#ETH Y, 3DIE
R O 72 L8 AT - 720 5e 360 b A 7 v,

© 2019 Information Processing Society of Japan

KFZEOHIIIE, 7NV EF7%\w 3D ETVEEN L
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Fig. 2 Architecture of the discriminator DNN.
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GAN OffiE 35 & A M AR MEORE 125 2 5
VHEWES 2. K, BIFOFME) BREME, L0
BEAE OBl 7 LSBT IREE B & ORI 24T )
F—gty b FFERICIE ModelNetd0 7 — & + v
F6] 2D, 3.32HTHAZEBY, HEEGAN 0%
F21E ModelNetd0 OB T — 4 £ v Mg TN 9,843
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D 3D EF N &5, BFAEEOFHIIZ 1L ModelNet40
OFHEHAT— %ty MIE&EFEND 2,468 D 3D ET V% T
Wh. E7z, BEFORRNEEE & OB TIX, Model-
Net40 121 2 ModelNet10 %= H\»%. ModelNet10 % F\»
7o EBRTIE, ST GAN 0522 ModelNet 10 D= 7 —
Tty MIEENS 3,991 0D 3D EF V& 5. HEk
JERFMI L2 1%, ModelNet10 DFHlifH7— 4 v MIEEns
908 ffl® 3D ETFNEH VL. MEBEOFMNNE & LT
I% Mean Average Precision (MAP) % v 5. %8I 3
O]9 247\, 3 20 MAP HED V¥ L fFHERAE 2 #ET 5.

WA ®R D O 3D SR EHME LIRS 5. F
TED EIRFE o By & & LT D2([12], AAD[13],
SPRH [14], LSF[15], SI[16], RoPS[17], POD [26] % HI
w5, D2, AAD, B XU SPRH IXA17] 3D MEEAIT D4
RIEREFRETH Y, AEoxt T EICEHE S AL~
VR (EERIE NS PLVOWER E) DX T T
L To» 4. LSF, SI, RoPS, 3 XU POD (3 3D Affh X
DFFIEREHETH Y, EBRTIEID ETVH-H 21
Fhsi2 it 2. Zhs 512 MO RETER M E %
Bag-of-Features (BF) i [24] T 7213 DkSA i [18] & H\»
T3DEFNVH) L EOEME~TET L. Huizis
EEWSL DT 5720, RPEEO A “BF-" 7213
“DKSA-" O Z M55 5. MAEBOFERITCE LW
IND 2,000 &£ T 5.

Pl LR Eo B R L LT, TEA AE F5f#
& [4], &G AE FeE (5], JHHHEE PointNet J#iE &
M5, #iEs AE & 4Fi4E AE 13, 3D SO/ LEE
A& FRICEE T 5 2 8T, s & o TEIRE:
METHH. A AE LPEHR AE OV IIE LD
WiETH L. &fia AE OE 5L, Fafbicd > TR
DNTFENRT PR EEEAREIC X o T 3D mlE~ZifR$
b. —HT, s AE O a1, 2D TRl i
CEHICLTID EHEZERT S, A FeBEDD, &
e AE OFF5bERE, Yang 5 OFiEA AE THw STz
bOITHE— L THERET S, L PointNet (&, B0 E]
PointNet [3] # JCICE% T 5. BARRIZIE, 3D SR 5,
FRAIRHIL T 2 5 M & 2 3 % PointNet & 578 L, 4
BHOFEE D SR A S5, FHET BT 21, &
B GAN &R 2R S A i o 3EH TH 5.

T/, RETHICL DEEONENTZ A0, Hi
H 0 FEIHED 3D IR E L T 5. BARRICIE,
3D ShapeNets [6], MV-CNN [20], DLAN [21] |2 & % #%
WEr» 22 LTHVS., 2hS DNN IE 3D EIRO A
7 I G E T 5T 3D IR R 2 JES T 5.

4.2 EEBER

4.2.1 FEUHHE O LB
H5I DNN Oit &l it o 7 >0 e b

1320



[EHRNIBFERIEE Vol.60 No.7 1315-1324 (July 2019)

;0296 = §74% £ RDNN

# 0.104

¢ 0 401
# 0.178

5 - 0.492
H 0.290

f%
5 4 [ —— 0.564
=
#

047544 ADNN

HH0.487

3 e 0.563
#H 0.530

) e 0512
| 0.492

1 P 0.428
| 0.439

0 0.2 0.4 0.6 0.8
MAP

4 FEBCHLE O TR R g
Fig. 4 Accuracy comparison of features extracted from

different layers.

W Z I L, TNooBEY KT 5. B 4 1048
MO S NI EOMBREZRT. K4 1280
T, SRR LR RME T ) v SRR AR, 4
BHIHUE 2~7 132 2N 1~6 [l H O 4R aE 0 Sl &
NI TH L. FEEOAR DNN (21 3.2.2 1HT
JRAR =3B AER, DNN % vy, WGAN-GP DR %
Huw 3,

B4 XY, FfrEasER DNN & &4 4 M DNN O
NZBWTh, AL O RahLiE 3 7213 412
MBEHEOE - 7R CNL. —T, HICEWE
(IR 6 F 7213 7 fHE) 2 S L7205 8s (3SR s
B, o2& REw, Tk, HIIEIGEL R DD
n, BoOZREPEIREEE &5 252 &5 Wasserstein
HHEARH R T2 L ITEILT 2720 LML EING.

4.2.2 4 DNN O s

X 4 1278 L7z &t Ak DNN & T8 A DNN OBiZR ks
EEILET 2 &, Jrasadi DNN OFRMIC L) s
HOBEDETE L EWGh D, PiasEm DNN 2 v
THET HLBETE, &fE4K DNN 2 fiWwTyEH 35
& &0 SREOTFH D E TR m 2 S L f
2, AREIMBE O 3, 4 H 25l & 72 RF
O MAP DS Z N2 0.563, 0.564 & @\, 3D BEE
F DR DNN OFIFIC & D H 5 DNN D58 5% R 112
WA, BIRFMEIEELEEZ LN,

4.2.3 BREABOLER

U GAN OF8 I 2O W T, Gulrajani
5® WGAN-GP &, Salimans 5 @ Feature matching %
PHET A, COERTIE, E DNN 2378 & E
DNN zHw5. B 5 ICEBERZRT. M5 D777
DOREEITIREBE O KR TCHCTH 5. Fefm 13 H 5] DNN
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Fig. 5 Accuracy comparison of loss functions used to train the
point set GAN.

=1 AR & OERIE (MAP) Lk

Table 1 Accuracy comparison with the existing 3D shape

features.
T u—F | 3DARRIREREE | Kok | MN40 | MNIO
D2 [12] 64 | 0.191 | 0.286
AAD [13] 256 | 0272 | 0357
SPRH [14] 625 | 0329 | 0412
FIEY BF-LSF [15] 2,000 0.323 | 0.385
BF-SI [16] 2,000 | 0352 | 0.430
DKSA-RoPS [17] 2,000 | 0441 | 0.600
DKSA-POD [18] 2,000 | 0469 | 0.605
SEREFEASRE | ITELA AE[4] 512 | 0482 | 0.677
DNN 2fES AE [5] 1,024 | 0457 | 0.670

TERAHEE DNN| JERHEE PointNet [3] | 1,024 | 0439 | 0.635
HJE 5] DNN| S8 GAN (BRE) 1,024 0.563 | 0.760

3D ShapeNets [6] 4,000 | 0492 | 0.683
=R |
MV-CNN [20] 128 | 0802 | —
DNN
DLAN [21] 512 | 0850 | 0.906

DAL O b, SEEH M T2, 3EHD
Za =1 BRI {64, 128, 256, 512, 1,024, 2,048, 4,096}
OVWITNDEHAWVL., TOLE, HEEBO=2—10 DN
T ARRDID, 2, 4, bREHO= a2 -0 HE 3EH
2 —9 5.

5 &) WGAN-GP &, 1T ALEDRILEIZBWT
GAN XD b BV REBELZRT. £72, WCGAN-GP T
WIFBATEPRECGAEICHEEDIEL D E /S Vv,
WGAN-GP OFIFIC & ) 58 GAN OFE %% L, 256
KICLL EDOWT N ORICHIT BT b BB e f i E AS
Hanse.,

4.2.4 BEFEOWIREBFHE & DS
F 112, RETHOLM GAN 12 X ) 328 L2 IRE:
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Fig. 6 Examples of top 5 retrieved 3D shapes ranked by using 3D shape features.

L, MEORIREER L OMFREEILKEZRT. £ 1
1 MN40 (X ModelNet40 7— % + > &, MN10 i& Mod-
elNet10 7 — % v b & FIVCEH L 7265 2 £ 4. S
GAN & W T8 L2 REEEE L, RBUCHw/24 9
DFE IRE SR, B LU 3 DO LB IR
L ASEORBMRTHTH ) 236, TNOEFTEEE L
0] 2 MFAEE 2 R § . HBOEZ O H T DkSA-POD [18]
LB AR SRR (4] 1, IV Lo 3D HEEETLO
& i d % 7290 D state-of-the-art ZIEIREHMETH 5.
B GAN 25215 state-of-the-art Z IR =% 5
ZEMS, Ko7 7u—FTh b EEE GAN 2 Hw/-
iz U 3D FIRER S E 0528 oG5 DR E iz

Fro, F1LD, S GANFREIT —HOHAD 1
BIIRFE SR (VLS 2 BRI 2R 2 &850 5.
4.2.5 RBFEROLER

X 6 12, S GAN fifgE, B L OPiE A AR fiE
2 X BBBEREROB % /R$. 7 111 ModelNetd) D FF
AT =%y 95T ¥ 2RI 72, BRI,
ModelNetd) D EHHT—4% 1y N ThAH. B, WEST
LT =45ty ML, F—IRD 3D SEESEEE N T
WL EDNHDL. M6 LY, S GAN B 3 & A
AEFBE LD b, BEHRMICEMLZBIRES (METE
BB, fokz2iE, W 6(a) DT OMEICEW
T, PiEA AR FFE 1 £ 2R ICIEINR Y FORIRD
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BEEEINTWAEDS, B GAN OAEIE BN 5 fF9XT
PHFTH 5.
4.2.6 ErEREHE

FAEE GANEIZ X 253 &, B GAN Fefiim 2 v
RFINCES LI 2 WE T 5. EBRICHW 72 PC ORI,
CPU 77 Intel Core i7-6700, GPU %% GeForce GTX 1080,
DRAM %' 64GB T» 5. Fiff GAN O35 121% Model-
Netd0 DFERT— 5ty b EHVA. REERTIE, B
FRGEDT— 5 X—=2L LT, ModelNetd0 D EH 7 —
vy bEHWL. EBROMRE, S GAN OFE I,
50,000 [0] D FAFIZH) 50 BRI L 72, £72, MR 1 ldh 72
D5 0.026 HE L7z, MERBONFRIL, 7 11) 3D miEf
ETV 1D S O A RFEAIH I 0.004 %, 729 1
ERRFEIT G 9,843 i & OFEAFFBHILIICHK 0.022 HTH 5.
4.2.7 X3 h7-3D =8

X 712, S GAN 4R DNN 2 X » CTHER S Lz 14%
3D HEEOBIZ/RT. M7 D95, (a) dHEA4I DNN,
(b) 13 &FEA W DNN 2 FHW 2R THh 5. [0 7(a) DM
Bl wand, HEEGAN OFEEOER DNN 12T v ¥
LRIENY M VE AT T D2 & TE Al E i bl
i, WikE L CofERLT L EETIEZVW 0D, 5
BT, Ny FRELKTHY, Do, HILREARYS
LwZepiTtens, —hHT, M7(b) D, EfEEHER
DNN HVAER L 72 BB, A S LWRRRIEES 2 Tnb
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Fig. 7 Examples of 3D point sets generated by the proposed point set GAN.

Yoo, HOREDRY) AKE V. Fri&sdEm DNN 53
L 72 R OBLEDR ) A/NS SRS L Z &7,
PR ORER EICEIL 728 ZE R 6N 5.

5. ¥EHESEDEE

TNV EFEIZ R WS EOD 3 RILIRT — ¥ 2 W= E
HY 5720, TN TNV %LO 3D RIRT— 2 25 5k
LIRS R 2 T 2 FESEEFN TN D, RIFET
(&, 3D BB OB AR A v b T — 2 (BB GAN)
BIIHESE L, TR EHWT 3D R E O % L
SRTUARE L2, S GAN &, 3D SlEx AT 5
DNN (4% DNN) &, 3 RILHEFEORY S LS &2 Fill5
% DNN CHBI DNN) & %2 HWIZHibE 25 33 558
T, 3D HEORIRE#M % & 5 2 i) % 45 DNN (2
RS L. BB GAN ZRIRIIC, 20, REIZTFH
SEL72D, Fv MU= IS RO RITI LT
THhuEH L. BAMICIE, HOMEFEIICEELY 2T %
v 3D AT DNN [3] % v Tl GAN 25 L 72,
%72, Gulrajani & [1] 12 bW, KYOSTRET— 5V EEL
o ST — 5 1 EDEE BN FE ORI E LTH
W7z,

3D EFNVOIRRELMRED L F 1) F & v 7 EBR IR
i OFER, s GAN 2 L 2R #=E L, BFoF
e IRFE R, B X OBFOHGN 4 L 7B E =
FRIAMEREEE RS e ool T2, Ay hT—
RO T I, BEREEOTIR, ORI PEIRIEME O
EOUHEIFIRITH D 2 L DT,

SHROBEE LT, (1) BIREBEO 5 7% 5 @k,
(2) 3D AR DHATN 2123t 3 2 Rt O, 25T 5.
BUKD S8 GAN O % v b7 — 7 Mgk LSBT L
DKM EOFB I CRBETH DL LIRS RV, £y b
7= 7 Mg F IR E YR T A L TR O
DUEST HUREMED D B, T 72, BURD EEE GAN II{7E,
KREZ, MEDP—ELTHi- 723D A7 — 7 228 I2H
V, SRS EAR HNT A XD ICHIFE NS, D0,
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PETS SN TR B AT 2 1L S DA 2SI R4 B SR
RRCVWETEEIND . 41413 3D BIRO M, 27—
V27, TR E e & OBMMAHI T S A, S
GAN IZHER S HEICOWTHR T 5.
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