TORA: Topological Representation Alignment
for 3D Shape Assembly
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Task: 3D Shape Assembly TORA: Topological Representation Alignment
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= Mating cues are sparse and ambiguous under symmetry = We probe six frozen 3D encoders and correlate each probe score 4 4 TORA reaches the baseline’s peak accuracy 6.9% (Breaking Bad),
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assembly using a Centered Kernel Alignment (CKA) loss. Part Silhouette follows (r = 0.81); LDS is moderate (r = 0.51). Similarity to a query point (pink) on a mating surface in each teacher’s frozen —CKA _
Systematic teacher and layer analysis: Geometry-/contact- Semantic classification accuracy is non-predictive (r =—0.04). feature space. Uni3D-L localizes the opposing contact region most sharply. Trained on BBad-Everyday, evaluated on unseen synthetic and real-world data.
centric properties, not category semantics, predict transfer; TORA helps most where domain shift is largest.
alignment pays off at late layers. Effective supervision comes from interaction geometry i.e.
SOTA results on both seen and unseen benchmarks. potential contact regions and shared geometric context,
and not from category-level semantics. Qualitative com parison
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from a geometry-aware 3D teacher makes point- Four spatial metrics across layers of the unaligned RPF flow backbone. Uni3D wins under both Cos-dist and CKA, and the advantage A " A "

flow assembly train faster, generalize further, and
cost nothing at inference.

All metrics grow monotonically with depth, so we align at later holds across B/L/G scales — teacher quality, not size. RPF struggles with precise part positioning; TORA produces
layers where global structure governing mating is formed. Part Accuracy rises monotonically with depth; best at I' = 5. structurally coherent assemblies.




