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Fig. 2. Piece-wise affine assumption. Each shape part from source shape,
approximated by its bounding box, undergoes a separate affine transforma-
tion A; to the corresponding part in the target shape.
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2 RELATED WORK
2.1 Neural Generative Models for Man-Made Shapes
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2.2 Data-Driven Shape Segmentation
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2.3 Shape Matching and Deformation Models
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3 PROBLEM STATEMENT AND APPROACH OVERVIEW
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Fig. 3. The pipeline of GenAnalysis pipeline, which consists of four stages. (a) The first stage learns an implicit shape generator to fit the input shapes by
combing a data loss and an as-affine-as possible deformation loss. (b) The second stage extracts piece-wise affine structures in vector fields of each shape
derived from the tangent space of each shape. (c) The third stage computes pairwise shape correspondences obtained by composing correspondences along
intermediate shapes defined by the generator. Points with similar color are in correspondence. (d) The last stage performs consistent segmentation using the
correspondences obtained in stage three to integrate single-shape segmentation cues derived from stage two.

3.2 Approach Overview
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Fig. 4. As-affine-as-possible (AAAP) regularization. (a) We study infinitesimal perturbation o in the tangent space at each shape with latent code z. (b)
Due to constraint shown in Eq. (1), we can not determine the correspondence d? (z) that lies on 99 (x,z+€v) = directly. (c) We instead jointly compute all
d? (z) by solving an constrained optimization problem using the objective function in Eq. (2). (d) We show resulting 3D correspondences between source
shape colored in white, and a neighboring perturbed shape colored in transparent blue. (e) After derivation in section 4.1.1, we arrived at closed form solution
shown in Eq. (5) where each perturbation v; corresponds to variation at d”#(z). We integrate over all directions to obtain the regularization term in Eq. (8).
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Fig. 6. Comparison between using different norms to optimize the interpola-
tion between two implicit shapes in Figure 5. Deviations from the underlying
piece-wise affine interpolation are color coded. (Left) Interpolation using
the L norm deviates from piece-wise affine. (Right) Interpolation using the
robust norm is piecewise affine.

] ]

] ]

/ Prg Prg

Fig. 7. Shape interpolations from the shape generator. (Left)Without AAAP
regularization, the intermediate shapes may not preserve part structures.
(Right) With AAAP regularization, the part structures are preserved.
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Fig. 9. (Left) Leading vector fields of example shapes. (Right) Visualizations
of distance functions of samples colored in purple, The distance function
shows the vector field is piece-wise part awareness. Samples from the same
shape part has have smaller distance under affine fitting than samples from
different parts.
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Fig. 11. Color-map of similarity weights w(p;) between the source shape
(left) and the target shape (right) defined by the local distortions e; of
the correspondences computed using our approach. We can see that the
similarity weights characterize the structural similarities.
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5 EXPERIMENTAL RESULTS
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Fig. 12. Overview of our consistent-segmentation algorithm. (a) We compute over-segments for each shape S; using its distance matrix D:psl_. We
aggregate (b) affine fitting distance function in each shape and (c) correspondence between each shape pair by over segments.(d) We perform spectral
clustering among over-segments of all shapes. Spectral clustering employs an block-wise affinity matrix that encodes each single-shape segmentation cues in
its diagonal blocks and correspondences between structurally similar shapes in its off-diagonal blocks.

| w x| T by I}
- ‘ ! 3 s [ »r 1] 1
T[ g 1] 44
i weg 1] 4
Smw RN ] 1
wrs
wrs 82.6 | 73.0 73.3

Table 1. Label transfer results on three categories of ShapeNetPart.
We report mean [OU. Higher is better. Ours-NR means GenAnalysis without
AAAP regularization.
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Fig. 13. Comparison between over-segments derived from different
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faces [Golovinskiy and Funkhouser 2008]. (Bottom) Over-segments using
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Fig. 14. Qualitative evaluation of shape co-segmentation quality on ShapeNet. We compare co-segmentation results with BAE-Net[Chen et al. 2019],
RIM-Net[Niu et al. 2022a] and DAE-Net[Chen et al. 2024]. The colored parts visualize segmentation consistency across different shapes in the same category
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Fig. 15. Label transfer results on ShapeNet. We transfer ShapeNet-
Part [Yi et al. 2016] labels from source shapes to target shapes and compare
our result with DIF [Deng et al. 2021], DIT [Zheng et al. 2021] and Semantic
DIF [Kim et al. 2023].
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Table 2. Keypoint transfer results on three categories of ShapeNetPart.
We report the PCK scores with thresholds of 0.01 and 0.02. Higher is better.
Ours-NR means GenAnalysis without AAAP regularization.
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Table 3. Shape co-segmentation result on ShapeNetPart. We report the mean IOU. Higer is better. Baseline approaches include BAE-Net [Chen et al.

2019],RIM-Net [Niu et al. 2022a], and DAE-Net [Chen et al. 2024].
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Table 4. Shape co-segmentation result on ShapeNetPart. We report the
mean [OU. Higer is better. GenAnalysis-AAAPReg means GenAnalysis with-
out AAAP regularization. GenAnalysis-No-TanAnal means no segmentation
cues from tangent space analysis. GenAnalysis-No-Testime stands for drop-
ping test-time optimization. GenAnalysis-No-Weighting means dropping
the latent code weighting term in test time optimization.
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Fig. 18. Mean 10U values when varying the number of over segments. We
show three categories, i.e., Chair, Table, and Airplane.
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A EXPRESSION OF THE QUADRATIC ENERGY
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A.2  Quadratic Norm Expression of Eq.(2)
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Fig. 20. More qualitative results of shape co-segmentation on chair category in ShapeNet.
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Fig. 21. More qualitative results of shape co-segmentation on table category in ShapeNet.

T\

Ours

T FER S PN

Fig. 22. More qualitative results of shape co-segmentation on airplane category in ShapeNet.
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Fig. 23. More qualitative results of shape co-segmentation on other category in ShapeNet.

-

m el

19



Yuezhi Yang, Haitao Yang, George Nakayama, Xiangru Huang, Leonidas Guibas, and Qixing Huang

20

DIT S-DIF Ours GT

DIF

Source

e x

1

Tr ms Gr p

Fig. 24. Additional comparison on label transfer in ShapeNet.



21

GenAnalysis: Joint Shape Analysis by Learning Man-Made Shape Generators with Deformation Regularizations

GT

Ours

S-DIF

DIT

DIF

Source

Fig. 25. Additional comparison on keypoint transfer in ShapeNet.
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