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3D Semantic Correspondence

* Problem Definition
Given two different shapes P; € RY*3 and
P, € RY*3 of the same semantic category,
find all semantically matching point pairs

!
{pi' qi}livzl such that P; € Pl and q; € PZ'
*N' < N; there could be points with no pairs.

* Limitations of Previous Approaches

* Impractical assumption of alighed shapes

* Fail to match rotated shapes even with
rotation augmentation during training

* Local Shape Transform
We formulate local shape information of
each point as a novel function called local
shape transform with dynamic input-
dependent parameters.

* Self-Supervised Learning for SO(3)-

Invariant Semantic Correspondence
The proposed SO(3)-Invariant local shape
transform enables a self-supervised
approach for matching two rotated shapes.
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RIST: Rotation-Invariant Local Shape Transform

SO(3)-invariant mapping
via Local Shape Transform
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Global shape
descriptor

SO(3)-Equivariant Encoding
* Self-reconstruction Loss: Lsr = Amseg MSE(P,P’) + Agmp EMD(P, P)

e Cross-reconstruction Loss: Lcr = Acp CD(P1, P55, 1)

Experiments — |. Part Label Transfer

Local shape
descriptors

PR Learning SO(3)-Invariant Semantic Correspondence via Local Shape Transform
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e ShapeNet
Training  Method Airplane Cap Chair Guitar Laptop Motorcycle Mug Table Average
FoldingNet 178 347 225 221 362 12.6 50.0 346  28.8
AtlasNetV2 197 314 236 227  36.0 13.1 497 352 289
R;’V{? DPC 227 371 256 319 350 17.5 513 368 322
Owalions — cpaAE 21.0 380 260 227 349 14.7 514 355 305
RIST (ours) 521 545 583 741  56.5 48.6 750 413  57.6
FoldingNet 225 332 240 310 359 13.5 499 370 309
AtlasNetV2  21.1 327 252 288 355 14.5 499 410  31.1
" t“;( DPC 24.6 385 256 402 349 19.3 51.8 373  34.0
Oations  cpaAE 170 366 245 394 15.8 519 367 @ 324

RIST (ours) 51.2 570 55.0 7335 48.5 72.2 444 57.8

GT
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$ B
Method w/o Rotations w/ Rotations %@3‘%&%
FoldingNet 23.2 23.3 :
AtlasNetV?2 23.6 24.1 :
DPC 23.9 23.9 | f;;’
CPAE 24.4 23.9
RIST (ours) 39.6 37.9

SO(3)-Equivariant Decoding

Self-supervised training of RIST
for 3D semantic correspondence!

* Quantitative & Qualitative Results on KeypointNet
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Losses and Model Components
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