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Unsupervised representation learning for cultural relics
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Abstract: Existing representation learning methods of cultural relics require numerous labels. Manual la-
beling is time-consuming and labor-intensive. Furthermore, supervised learning methods cannot effective-
ly learn the internal structure information of point clouds. We propose an unsupervised representation
learning network to extract the deep features of ceramic cultural relics. The approach is based on local-
global bidirectional reasoning. First, we propose a multi-scale shell convolution-based hierarchical encoder
to extract local features at different scales. Second, the local-to-global reasoning module is used to map
the extracted local features to the global features. The differences between the two types of features are

measured using metric learning for iterative learning. Third, a fold-based decoder is used to obtain better
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reconstruction effects from the acquired global features in a coarse-to-fine manner. A local-to-global rea-
soning module supervises only the local representation to be near the global one. We propose using a low-
level generation task as a self-supervision signal. The global feature can capture more basic structural infor-
mation about point clouds, and the bidirectional inference between local structures and global shapes at dif-
ferent levels was used to learn point cloud representations. Finally, the learned representations are applied
in the downstream task of point cloud classification. Experiments on the Terracotta Warriors and Model-
Net40 datasets show that the proposed model significantly improves in terms of classification accuracy.
The classification accuracies were 93.33% and 92.02%, respectively. The algorithm improved by ap-
proximately 4.4% and 2.82% compared with the supervised algorithm PointNet. The results demon-
strate that our model achieves a comparable performance and narrows the gap between unsupervised and
supervised learning approaches in downstream object classification tasks.

Key words: unsupervised representation learning; multi-scale strategy; deep learning; point cloud classi-

fication; virtual restoration of cultural relics
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Tab. 2 Classification of different methods on Terracotta Warrior fragments dataset.

Method Input data type Deep model Supervised Overall accuracy
Template-based method"*"”’ P F i 87.64%
PointNet'"" r i i 88.93%
Dual-modal " P, G i T 91.41%
ShellNet ' B i T 92.44%
AMS-Net " P 0 T 95.68%
Foldingnet™” P i F 81.91%
Proposed method P i F 93.33%

T R A AR SCRE 9 3 28R T
ARG (Tpciion) A3 11 (L) FIF TAE (1) VR
PEM R bS o T R SR AL 2 A2 OSURR
-2 R i A (P) CF 3 A LR (R) R FLE

(F)AE Ry B A D7 46 A, = 53 0 Sk Jr A 26 %k
N AE B AR E H A =R (10) ~
(12) o Forr, Noy Jhy TE B 0 W7 1 TE FE AR, New i
TR B IE R AR B, N R 15 ) Y G R AR S, 2 A
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A To A LA % 2 AU 2 T 19 7k 2R AT
Xt . MR 3T LLE A SCR ik AE Bk =40
5 AR 45 2 5 A RO — B — P B
T BT SCY r KB AR5 L ARA —E AR
T

D= p ] ET:I (10)
Precision J\]TP + NFP ’ T - Precision, »
N’“) 1 I
Iern = R=— Iem ) (11)
Recall N+ Nox T Z Recall,
2 >< Il’rccision >< IRccall 1 L

= , F=—> I.(12)

o IPrecision + IRe(‘aII T Z o
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Tab.3 Classification performance of different models

Method P R F
ShellNet'* 92.55%  92.61%  92.49%
AMS-Net'" 95.68%  95.71%  95.65%
Foldingnet™” 82.66%  81.84%  82.29%
Proposed method ~ 93.33%  93.34%  93.25%

M AT LAF 2 59 B A 07 v B AR R Sk
TS 2 A B R T R RIS . B
PRSI i R e o, I R R RO ME B R R IR . %
Ji DAL 2 B A R TR A6 2 AR I 8 Y, R A
2 FEAER B (LI 1) o 8 43 B 2K 1 e
L BB B AL, A 5y Wik 326 o BEAR ARSIk
AT SCHRL 7 IR A AR R $2 T
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Tab.4 Classification accuracies of the four classes

155 2. 4090 , 3% % IR 122 450 0 2 it 2% T LA AT S0 B R
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Tab.5 Effect of the encoder on classification accuracies

Encoder Accuracy
Single-scale 90.93%
Multi-scale 93.33%

(2) fit 5 23 45 # . MLPs 5 Folding-based it
Frxf b, Horp , ML Ps St 1 %0k [512,256,3 ]
N 6 TT LA A SCR Y B89 47 B fiff B 4 L B 4
25 1] ) MILPs e R 4R T 1. 8800, M ik —
A AE B 2R B A A50PE  R T A 1X) 25% 1 Wi I
77 W8 5 R 7 s o M TE I 2k 25 %8
J5 B AR, B AR AEAR T MLPs fi# 4 &%
4 G eRE(E R /)N | 3R WY A B A 1Y) o = S A
kAR
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Tab.6 Effect of the decoder on classification accuracies

Method Arm Body Head Leg

Dual-modal "(G)  77.75% 92.75% 91.50% 76.25%
Dual-modal (P)  82.51% 96.45% 92.36% 84.41%
Dual-modal ”'(G+P) 87.55% 87.55% 94.37% 88.41%

AMS-Net''" 92.40% 98.10% 98.00% 94.20%

Proposed method ~ 84.88% 97.08% 94.97% 91.76%
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Fig.7 Training loss curves for different decoders
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Tab.7 Effectoftheloss functiononclassificationaccuracies

loss Accuracy
L. 89.47%
Liwxt L 93.33%
4.5 EH%

Ry i — 20 IR R R B o RN TE
[—1.0,1. 0] A B HL IR 75 78 i 20 g A i = i, Y
— A R W (e = 1) B A5 R B o
M 92.13% , Horp mm Mg S K . N 8]
DL H, 20 P 5 ik 100 B, iz R 8% 4 AR
UF oA R . RUIZ T IE G B SR
Pt .
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Tab.8 Results for different noise points

Noise Number Accuracy
1 92.13%

10 88.93%

50 75.62%

100 72.77%

4.6 7E£ Modelnetd0 L HIBENLE RS

R VEAS % 7 A 05 2 FAE 2E 2 5 T M RE
127 Sk 7 Modelnetd0 2 5045 42 - %) =k 17 5K
B o 7 S AN R I kAR A B Mod el
Netd0 ¥4 5 09 4 Joy FRAE 5 58 5 W HA ek 43
KA AT N GR, T AT GO, 45 A R4 5
WA SCT7 5 O A7 T W B 3R AE 2% ) Oy B i AT I
B AE R 9 PR P -GAN B LG 4
o CHk[22] 09 B B 4E . AR SO sk HAE
ModelNet40 /F 4 Il Zx B ¥ | ifi -GAN'" Fl Fold-
ingNet ™ 1) Il 2k %5 4 2 A 8 i 57 000 4~ 3D Xf
% 1) ShapeNet £t 4l 4 . Rk , AR SCHyr kA L
BT R E 4. 75% F13.62% . Mg B gh Rl
PLE AR SC5 8 BB 1) 4 28 PR i L TR 1 R
g 92.02% , 43y W b L2G Fl Multi-Task 75 ¥ &

1.38% F2.92%
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Tab.9 Comparisons of the classification accuracy of our
method against the unsupervised learning meth-
ods on ModelNet40

Unsupervised Method Accuracy
FoldingNet"™”’ 88.40%
-GAN (M40)"" 87.27%
[-GAN' 85.70%
Multi-Task'*’ 89.10%
1.2G Auto-encoder 90.64%
Proposed method 92.02%

M 10 Ha] LLF AR 305 ¥ 43 R HER 5 53
%) H PointNet 1 PointNet-+ + & 55 2.82% #0
1.32% . Hpff SO-Netfiy A s = A E00 2 048, 4%
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Tab.10 Comparisons of the classification accuracy of our
method against the supervised learning methods

on ModelNet40

Supervised method Accuracy
PointNet"" 89.20%
PointNet+ -+ 90.70%
ShellNet"” 93.10%
SO-Net' 90.90%
Proposed method 92.02%

AR S —Fh G W B R AR ) M 4L T
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i B 22 IR 576 36 AR G0 5 8 o 2% 2] 1 = R ]
DX 35k 22 18] ) AH 56 o UG ) 45 )2 J) 5 R AE AN
4 JRy R AE 22 1] B0 AR R LA R R R A 45
FE SE B o Ba s 20 B 5 = RAE N H T
MKW S . LR R R A SCHEE
T T {f K9 4 A ModelNetd O %541 48 19 43 26 1 i
R4 K 93.33% F1 92.02% . 7E ModelNet40
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