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Combinative Matching
for Geometric Shape Assembly

) -
NS
Fail
Shape + Occupancy ¢
: Reduced ambiguity via  @&a » \ 4
o § complementary matching ~
‘ : V.
Success

Our Combinative Matching



3D Geometric Shape Assembly

Given a set of fractured pieces P = {P;, P,, ..., Py}, our goal is to recover the 6-DoF
pose {T;,T,, ..., Ty}, in SE(3) for each piece and restore the underlying object.

*Figure courtesy of Lu et al.



3D Geometric Shape Assembly

Scientific domain Robotics
(e.g., Protein docking)




State-of-the-art methods
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(Wu et al., ICCV 2023) (Lu et al., NeurlPS 2023)

@ Leveraging SE(3) equivariance @ Effective matching between
for multi-part correlations 3 3 mating surfaces of parts

@ Pose regression with limited

Heavily rely on segmentation
spatial information D) yrety g

of mating surfaces

Wu et al., “Leveraging SE(3) Equivariance for Learning 3D Geometric Shape Assembly”, ICCV 2023
Luetal., “Jigsaw: Learning to Assemble Multiple Fractured Objects”, NeurlPS 2023
Leeetal., “3D Geometric Shape Assembly via Efficient Point Cloud Matching”, ICML 2024

Wu et al. R Jigsaw

PMTR
(Leeetal., ICML 2024)

@ Approximate high-order conv.
for dense matching of parts

Often fails to establish good
@ correspondences between
mating surfaces



Previous Approach

Equative matching: establishing correspondences based on visual similarity alone

under the assumption of the same appearance between mating parts.



Previous Approach

Equative matching: establishing correspondences based on visual similarity alone

under the assumption of the same appearance between mating parts.

Ground Truth

Point Cloud Registration



Beyond Equative Matching

a) l-axial | ' b) I-perpendicular*

c) L-axial

e) T-axial f) T-perpendicular*



Beyond Equative Matching
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Com bin ative Matching . ‘combination’ or ‘joining’ of elements

form the basis for matching

Shape + Occupancy

Reduced ambiguity via AN
complementary matching

Our Combinative Matching
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Objectives for Combinative Matching
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Objectives for Combinative Matching

- -~

j O > | 'E ‘Cd : maximize ‘orientation’ consistency
Alignment ‘\\ ’,'
. ’ in SO(3
Orientation e - ( ( ))
Matching s .
Alignment \\ /"

-~
‘‘‘‘‘‘

’,l \\\\ l”’ + \\\\\ . . . . . . .

/ ‘-. F o [,S : maximize ‘visual’ feature similarity
et I Shape Matching =~~~ ’ I Occupancy Matching
JUS—— (similarity)  ______ (dissimilarity)

-f |- - | \ Lo : maximize ‘occupancy’ feature dissimilarity
v

S o Assembly



Objectives for Combinative Matching
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Learned orientation analysis

Several notable patterns

.. directed toward the center of the surface

Ra

-
p-
Ra

. parallel to the 2D plane of the interface

‘_.S‘\ 2., /ﬂ/
4 N\ % y;: pointing in/outward on concave/convex
v \ S
f \ =
- t. N . . .
j \ \\& % vy;: magnitudes correlating with the degree of

= 1 % convexity/concavity

{Xz’ fil {yz' fil and trg orientations are aligned in parallel

(enforced by objective)

Learned orientations capture surface structures (convex, concave, curvature, 2D plane)
without any explicit supervisions dedicated to these aspects



Learned correlation analysis

Learning occupancy ’dissimilarity’ effectively resolves local ambiguity

Assembly

Shape only Occupancy only Shape + Occupancy



Network Architecture
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Qualitative Comparisons
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Two-part assembly result Multi-part assembly result



Comparison with SoTA

RMSER)| RMSE(T)| PAcxpT CDJ

CRD | CD| RMSE(R)] RMSE() /|
Method (10-2) (1072 Gy 07
everyday
NSM [5] 21.71 11.09 83.38 23.71
Wau et al. [48] 20.65 11.66 84.58 22.90
GeoTransformer [34] 0.61 0.51 22.81 7.28
Jigsaw [24] 5.48 1.34 38.73 2.73
PMTR [16] 0.39 0.25 17.14 5.53
CMNet (Ours) 0.28 0.17 12.88 3.78
artifact
NSM [5] 19.44 6.33 83.22 21.41
Wau et al. [48] 19.17 7.97 85.04 20.90
GeoTransformer [34] 0.89 0.70 33.23 10.30
Jigsaw [24] 6.36 1.45 39.71 3.02
PMTR [16] 0.60 0.42 23.28 7.27
CMNet (Ours) 0.49 0.34 18.77 5.57

Method CRD| CD| RMSER)|! RMSET)| PAcgpt PAcpt
(1072 (107%) ) (10°2) (%) (%)

everyday
Global [17, 37] 27.79 15.30 55.42 15.31 36.42 37.90
LSTM [47] 27.69 15.23 54.78 15.24 36.74 38.97
DGL [12] 27.90 13.23 55.76 15.33 36.99 39.70
Wu et al. [48] 28.18 19.70 54.98 15.59 35.66 36.28
Jigsaw [24] 14.13 11.82 41.12 11.74 52.48 60.26
PMTR [16] 6.51  5.56 31.57 9.95 66.95  70.56
CMNet (Ours) 5.18 3.65 27.11 8.13 73.88 77.88

artifact
Global [17, 37] 26.42 14.92 54.41 14.48 36.67 36.97
LSTM [47] 28.15 14.61 53.59 15.49 36.67 37.25
DGL [12] 27.48 13.91 54.66 15.10 36.66 37.40
Wu et al. [48] 26.02 15.81 54.35 14.27 36.63 37.02
Jigsaw [24] 16.10 9.53 42.01 17.47 56.93 65.58
PMTR [16] 5.67 4.33 31.58 10.08 66.96 71.61
CMNet (Ours) 4.56 3.04 29.21 8.99 71.02 76.32

Method ©) 102 %) (109
everyday
Global [17, 37] 80.7 15.1 24.6 14.6
LSTM [47] 84.2 16.2 22.7 15.8
DGL [12] 79.4 15.0 31.0 14.3
Wu et al. [48] 79.3 16.9 8.41 28.5
DiffAssemble [36] 73.3 14.8 27.5 -
Jigsaw [24] 42.3 10.7 57.3 13.3
PuzzleFusion++ [46] 38.1 8.0 71.0 6.0
CMNet (Ours) 32.0 9.6 71.3 3.5
everyday — artifact

Jigsaw [24] 52.4 222 45.6 14.3
PuzzleFusion++ [46] 52.1 13.9 49.6 14.5
CMNet (Ours) 46.0 14.3 52.6 9.8

Pairwise Shape Assembly

Multi-part Assembly (Volume-constrained ver.)

Multi-part Assembly (Vanilla ver.)



Summary

* Assembly as a more realistic and challenging generative task is

key to interacting Al with reality, e.g., manufacturing and design.

* Leveraging geometric equivariance and invariance in a careful
design is crucial for addressing the tasks in a realistic

environment.

* Combinative matching, which considers both shape and

occupancy relations in matching, significantly improves the

performance of geometric assembly and potentially extends to

other relational tasks.
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Geometric Shape Assembly?

Juhong Min

Inp;n Parts As;embly

Given a set of fractured parts, our goal is to predict the 6-DoF
pose in SE(3) for each part to restore the underlying object

Motivation and Overview

Traditional shape matching methods rely on equative
matching strategy, which assumes that mating parts
resemble each other at their surfaces.

GeoTranstommer puTR \/
Regirston] romy Orsend o
Often falls short in geometric shape assembly, where P

parts are not merely visually similar, but are
structurally complementary.

Chunghyun Park '

We propose Combinative Matching, explicitly
modeling both identical surface shapes and
opposite volume occupancy, enabling robust
combination ol ln\erlockmg parts.

@ L,=FE, [Iug(l + 3 enitd-ay '.; m:s.”.:;])]

Minsu Cho'?

2 Samsung Research America * RLWRLD

Learning to interlock parts: Combinative Matching

]

Tt |

Surtoco Shapo
| stmnng ey

{ Vo Occuparey
Matchig (2t miarty)

POSTECH SMWSUNG §

* HONOLULU
FLWELD E.m'm- HHWH"

Experiments and Analys|

Learned Descriptor Analysis
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By combining shape and occupancy information, the local  Leamed orientations capture complementarity between
ambiguity and match confidence uncertainty are resolved. parts without any explicit supervision.

Ablation Studies on Combinative Matching

Occupancy  Orientation | CRD L CD{ RMSE(R)L RMSE().  Equivarisst Shape  Occupancy | CRDL CD| RMSE(R)L RMSET) |
¥ (1073

Affinity Loss () | 107%) (107%) © (107%)  Embedding Matching Matching | (10%) (10™%)

L2 dist x| o0& om 1483 a3 x v F3 074 08, 3874 1188
cosine x 031 o021 1458 g v x v 03 028 1307 386
L2dis v 038 030 1329 381 v ’ x 03s 025 1401 42
cosine 7 028 017 1288 378 ¢ v 0% 047 1288 378

@) Ablation shnly ‘on combinative matching. (h) “Ablation study on model components.

Leaming volume Joint shape and matching under
under orientation alignment is crucial for accurate  SO(3)-equivariance significantly enhances the assembly
geometric shape assembly. accuracy and robustness.

Improving SOTA for G ic Shape A y

(top: pairwise assembly, bottom: multi-part assembly)

CRD| CD, RMSE(R){ RMSE(T)|
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> PMTR [14] 039 025 1714 553
" o CMNet (Ours) 028 017 1288 378
Main Contributions Step 1. O Step 2. C Matching sup 3
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