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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.
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[14], LSF [15], SI[16], RoPS [17], POD [26]% 5. D2,
AAD, 3 XU SPRH (XA 3D sEEANT O RIR R
ThHY, AERoOxtZ EICHE SR L ~VLREE (B

B & X7 ML ONFER EYDE A N T A THD. LSF,

SI, RoPS, 3 X TN POD I 3D ARt & 0 BTN KR T
HY, EBRTIXIDET YD ZNEN 512 HimET 5.
Zib 512 {HO /AT IR &% Bag-of-Features (BF)ik
[24]1F 7213 DKSA ik [18] VT 3D EFT %4720 1 fAD
FHESHEET 5. AVTEREEEHLNNCT 72, B
FT R B D 4 R “BF-"F 72 13 “DKSA-" D #2587 & {5
5. MEROFEUTTEIT VTS 2,000 &9 5.

B LR RS E O R & LT, iE D AE FEH
& [4], &6 AE FRGR [5], IEBRHEE PointNet F5E %
s, I AE L 2&fEA AE 1T, 3D o/ ekt i
FALERIFFCFEE T 5 Z & T, iz X o THIIBIRES
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METHDH. &G AE LHTER AE OFEWIIEBLERD
HETHD. BfEG AE DE FbERIE, Febic k> TH
DIVIBIEN Y M AR ETEIC & - T 3D RBEA~ZEHT
5. —HT, 187 AE O S{bas1E, 2D TRl x g
fel 212 LT 3D RBEEENT H. AFERLKDOZD, Z
o AE OFFZ{LEIE, Yang HOPEH AE THW L
HOITHE— L CEEST L. ILHHEE PointNet 1%, E 5 E
PointNet [3] % JtiZ 3T 5. BRI, 3D D, &
RACKHE T DIER T M &2 HEE 3 5 PointNet #%## L, %8
BOTHBNOHMELZSS. FFMELMHT 28X, &
B GAN N E WS E 2 Rr TR A FFMih o 3@ H Th 5.
F7o, METEICLIBEOMBEMNITZMD 120, Hlif
& FEITES < D TRIRFHEE & i T 5. BARAITIE,
3D ShapeNets [6], MV-CNN [20], DLAN [21]ic & B Hi5kHs
ExsEEE L THWS. 25 DNN X 3D ko b7 =
U A ST 58T T 3D R A AT 5.

42 EE#ER
4.2.1 $FE0H B O L8

%) DNN OFEERHEHE D 7 SDfgenein bl
REFHEZHME L, TNOOKELZLETS. K4 I2HKE
D HA SRR E OB E 27, K412k
T, BEELE L3R KRETS— Y > 7 THEIZRA R,
MR HE 2~7 132N 1~6 HH O&EE BN S &
NS TH D, FERO AR DNN 2L 3.2.2 fiTik
N7 AR DNN 2 H Uy, WGAN-GP O 2B %a
AV

X4 Xy, a4 DNN & 2fEE 4% DNN OV
WZRW T, AR ORERHE 3 7213 4 12
FREEOY—I7PRTEND. —5T, HAKKEWE
MR HE 6 7213 7 (130F) 2SR U7 Bt 130k B 03K
LB DERKEV. U, HABISEL 2251250,
J& DFEBNTARFF M A 2D Z & 5 Wasserstein FREfE %
HAETLZ LB T 2o LRI ND.

4.2.2 - B DNN O tb8]

X 4 (2R Lz 2 A 4% DNN & #7857~ DNN O 5255 B
T 5 L, B AR DNN OFFIC X 0 Fig s
ONENEED Z L0305, Fr&EHAR DNN 2T
PETLEETIE, &MA£EM DNN 2V T84 55
A L0 BRBEOELD EOIIREHERES S S R,
AR 3, 4 BE L SRS ED
MAP {573 F 1 FH 0.563, 0.564 & @i\, 3D MSEEAIT D4
F% DNN OF I & 0 %] DNN D228 88 At 2, B
REMENLFZELZEEZDLND.
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423 BREHOLER

REE GAN OB 2 HW 5 HEBEIC DWW T, Gulrajani
5@ WGAN-GP % &, Salimans © ¢ Feature matching %%
4 5. ZOEBRTIE, A DNN XS A4 5 DNN
FRHWS. KIS ICERBREZTRT. M50 T 7 OREIX
TR EDOR T CTH 5. FHMEITHB] DNN O 4%
WAHEON, 3EEPOHIET 5. 3D =2 —r ¥
\Z1%{64, 128, 256, 512, 1024, 2048, 4096} D F L)% AU
5., T, BEO=a—a B ONRT R EREOTD
245 BHO=o—n & 3BHICHKE 7 5.
5 £ Y WGAN-GP IX, 3¢ A EDOWTEIZE VT GAN
;D%Ewﬁﬁﬁﬁérﬁ %72, WGAN-GP Tl
TENRRE WA ITHEEDIZH D& /N EV. WGAN-GP
ORI EDY ‘ﬁﬁi GAN DB WL E L, 256 IRtLh Lo
THOWRTHIZB N T b BB E R B HEN FE S hi.
__0 206 = 18 £ BKDNN
:rli 0.104

¢ E-0.401
# 0.178

_0492
H 0.290

— 0.564
H-0.487

_ 0.563
# 0.530

— 0.512
| 0.492

1 I 0.428
| 0.439

04455 2ERDNN

4%?55(1?13 Hﬂ%

0 0.2 0.4 0.6 0.8
MAP

4 R 8 O R SRR P L.

64 128 256 512 1024 2048 4096
R T AL

~—#— WGAN-GP —o—GAN

X5 ASEEGAN OFEIT AV D4R L% D k.
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424 BEOBKRBHE L OLLE

F 11, BETEOSLE GAN (X0 24 LA
#EE, ORI E L ORBREELKRE RS, R1H
@ MNA40 T ModelNet40 7 — % & &, MN10 X ModelNet10
F—4%y NEAWTEHME LZEREET. SEE GAN %
FAONTEE L BIRE SR, AW 4 2OFAEY
TERFEHBE, BXLO3 DOHHEIZ LB IR E & RS
ORI TH Y 2, ZNLBEAFTIEE LR HRHR
FEIE Zn . Bkt 5 0 H1 ¢ 1 DKSA-POD [18]°#T & 7 AE
FECR [411%, T-ULR Lo 3D BT T VOB E T S
72 @ state-of-the-art 72 ERFFHE TH 5. R GAN B Z
U5 state-of-the-art 72 JEIRFFEER 2 LEID Z L b, ABFSE
DT 7 u—FTh D SE GAN & H\ 7= #ifi72 L 3D R4
MEOTFEOFHMERRI NI,

£z, £1 L0, SR GAN FEEIZ—EOHNH v #
BIRFFB R DB AR T 2 L B0 5.

# 1. BEFFRASE & OMBEE (MAP)LE.

T7u—F | 3D ARIBREHEE | Kotk | MN4O | MNI10
D2 [12] 64 | 0191 | 0.286
AAD [13] 256 | 0272 | 0.357
SPRH [14] 625 | 0329 | 0412
FI1EY BF-LSF [15] 2,000 0.323 | 0.385
BF-SI [16] 2,000 | 0.352 | 0.430
DKSA-RoPS [17] 2,000 | 0441 | 0.600
DKSA-POD [18] 2,000 | 0.469 | 0.605
SRR | ITE7 AE[4] 512 | 0482 | 0677
DNN A4ES AE [5] 1,024 | 0.457 | 0.670
IEMHE T DNN| B84 E PointNet [3] | 1,024 | 0.439 | 0.635
FJEHIB) DNN| A8 GAN (RR1E) 1,024 | 0563 | 0.760
3D ShapeNets [6] 4,000 | 0492 | 0.683
AT =) ¥

NN MV-CNN [20] 128 | 0802 | —

DLAN [21] 512 | 0.850 | 0.906

425 ﬁi?‘f*%wttiﬁ

%] 612, ASEE GAN Fifiis:, B L OWrE A AE F¥EIC
DIRBERER OB %R 71) 1< ModelNet40 @aﬂﬂﬁFﬁT
—H ey FBE T U ANICERIRLE. B SIT
ModelNetd0 DB HF — 2t v FTHDH. 7B, Bikds
T—X%y MIE, F—BIRO 3D AN EESEA T
HTENRBDL. K6 LV, A GAN R EIIrES AE
BHMELYYL, BWRMICEBLEERESZRETED D
ERSME. BlzIE, X6 @D FOMEIZBNT, %ﬂ
B AE FFEERIZ X DB RITITN Y ROTRIRDEER S
NTWBR, S GAN OBAIT EAL 5 ﬁw‘«fmﬁr%f
H5D.
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=) 14z

MEE GAN
LEREe

P& AE
LEREe

T

MEE GAN
UEREE

e A AE
K=

(b)

4.2.6 FTEEFH

JBE GAN TEIC X 55278 L, SBE GAN f &% AV -k
RICET M ERET 5. EBRIZHWTZ PC ORI,
CPU 77 Intel Core i7-6700, GPU 7% GeForce GTX 1080, DRAM
23 64GB TH 5. St GAN O5E1Z1% ModelNet40 0 F#3H
A7r—42ty baAVD. RRFEFETIE, BRBNFROT—
H~_—2 L LT, ModelNetd0 O EHT—X &> &AW
4. EBROFER, AR GAN 0% I2i%, 50,000 [HD K 1HE
IZAYBO PRI ZE L7z, F7z, B 1HI272 04 0.026 FHE L
7. MBEEFONRIE, 7=V 3D SEBEET V1L HrLD
AR HIZH 0.004 B, 7=V 1 {8 & RFER45 9,843
& OFEEFFEIERIZH 0022 TH B.

X(b) AR DNN 284K L7- 3D s .

247 3L 4L 5fir

FEA Sk D FARFE L B 53 5 5
6 3D JRIREFE R A W - R SRS

427 RSt 3D RE

712, SBE GAN DR DNN IZ K » TAER S N4
Yy 3D MEEDHIZ KT, 7 ON, (@)IFITE A4 DNN,
(ET2fEA LK DNN 2 VW= f R TH 5. 7(a) D SR
VT, BB GAN OFEZ DO AR DNNIZ T & L7
BIERT MLV EANTH 2 & TE. Ak SNz AR,

WkL L TORERLT LHERTIIZVE DD, A0
BT, Ny RREZETHY, o, HIBRERYL L
ZERRTHENS. —HT, 7(b)D>, AfEE R DNN
DAER LT SEL, AL LWERIFEZATWHWD 0D,
ROBEDR Y BREV., JrELER DNN 23R L7z
BEIZ R OFEDORY /NSRS LD &8, R
OFEM EICEMLIZEB 2D,

ki

7 RBFE GAN MWNAERL L7z 3D SSREOH.
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5. FEHESHRDFEE

TNV ERC IR WS EO 3R T — & & BRI E
BT 5720, LT~V Lo 3D BIRRT — DB
FEIRTEIRFFE B 2 IS T 5 FIENEEN TN D . RIFET
1%, 3D SEEANT OHCHR AR Y b T —2 (B GAN)
TR L, ZnE MV 3D TR EOH 72 L
R PEERE L. SR GAN X, 3D S#EEEKTD
DNN (45 DNN) &, 3RILAHOAY S L2 THIT 2
DNN CHIBI DNN) & ZHEWISHEDOE M S I 5 imkE
-63Dﬁﬁ@%%%@%%zébﬁ%ﬁﬁDNN:ﬁﬁé

MEE GAN 2RI, o, BEMICFE IS
ﬁw,zyh7~7%mt@%%@@ﬁﬁ:ﬁbflf%
L7, BRMICIE, SOIEFREICEREEZ T 720 3D
SSEEARET F DNN [3] 2 W TAEREGAN A L2, £ /-
Gulrajani & [1] 12725\, KPR EET — X EE LB O
KRBT — 2 £ 5 OEEHIEREZ 7 E oKL LTHW

3D EFNDOBREEBRBED > F U 4 % - EBRAEE

OFER, SAE GAN 2VES LB IRI MR, BEFOF
ED TRFF SR, B X OB O Hii7n LR TR AR &
FRIDBRBEEZ TR yhotz. i, Fv hU—
I HEED LR, BEABO IR, OB NRFEEDOR
FEOUFITHRNTH D Z L EHENDI-.

SHBEOBEE LT, (1) TBIRFEED & 672 5 mEEAL,
(2) 3D IR DEATEHUZ X T DREFIEDO S, Z231T 5.
BURD S GAN D% v b U — 7 #id L HEEBEE S LT L
HIPRFFEEOFE ICRETH D LIZRL V. xy hT
— 7 HEEE T ITHEABEBR AW R T 5 2 & THREBE DR
WETHAREMERH D, £7o, BRO SR GAN 1I7HE,
K&EE, MEN—ELTHi-7z 3D ST — % 228 12H
WV, THUBERARCHBIT D L OIS nD. FDD
%ﬁéhé%ﬁ%@gﬁ:ﬂ%m%ﬁ%@:ﬁ?é@ﬁ¢
BRIV E THEIND. 41%1% 3D IBROEEE, X —
Uo7, SEATBEN e & ORKMAEWRIC k3 iR, R
GAN (L85 X 25 HIEIZ DV THRFTT 2.
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