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Generalizable Object Shape Deformation Learning

Monocular Shape Reconstruction

Recovering object shape from a monocular image is fundamental to geometric 
understanding and spatial reasoning.

3D Generative Methods

[OpenLRM. ICLR 2024] [Phidias. ICLR 2025]

q 3D generative methods achieve high-fidelity reconstruction, but remain sensitive to viewpoint changes
and partial observability, often hallucinating inconsistent geometry in occluded regions.

q Deformation-based methods provide structural priors through template topology, but struggle to
generalize across large shape variations and unseen categories due to limited task-specific features.

Deformation-based Methods

[ShapeMatcher. CVPR 2024] [KP-RED. CVPR 2024]



Generalizable Object Shape Deformation Learning

Monocular Shape Reconstruction

We present a generalizable deformation learning framework that leverages 2D foundation features
to explicitly deform a category-level shape template for robust monocular 3D reconstruction.

A Generalizable Template Deformation Framework 



Method Overview
Generalizable Object Shape Deformation Learning

•  Geometry-guided foundation feature modeling for spatially aligned 2D-to-3D conditioning.
•  View-adaptive aggregation for pose-aware and occlusion-robust feature representation.
• Flow-matching deformation for smooth and topology-preserving shape recovery. 



Results

[1]. LRM: Large Reconstruction Model for Single 
Image to 3D. ICLR, 2024.

[2]. Wonder3d: Single image to 3d using cross-
domain diffusion. CVPR, 2024.

[3]. Phidias: A Generative Model for Creating 3D 
Content from Text, Image, and 3D Conditions with 
Reference-Augmented Diffusion. ICLR, 2025.

q Our method is more robust to viewpoint variations and produces more accurate and efficient
reconstructions than existing 3D generative methods.

Comparison with 3D Generative Methods

Generalizable Object Shape Deformation Learning

Figure 1. Quantitative and qualitative comparisons with existing 3D generative methods 
on single-view shape reconstruction.
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Results

[1]. Kp-red: Exploiting semantic keypoints for joint 3d shape retrieval and deformation. CVPR, 2024.
[2]. Shapematcher: Self-supervised joint shape canonicalization segmentation retrieval and deformation. CVPR, 2024.

q Our method demonstrates stronger deformation capability under large shape variations and
better generalization to novel object categories.

Comparison with Deformation Learning Methods

Generalizable Object Shape Deformation Learning
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Generalizable Object Shape Deformation Learning

Test category
Ours Phidias-3D

Same-sub Same-super Cross-super Same-sub

CD EMD CD EMD CD EMD CD EMD
(10→3) → (10→2) → (10→3) → (10→2) → (10→3) → (10→2) → (10→3) → (10→2) →

Furniture 3.41 5.66 7.88 7.21 15.86 10.31 11.22 8.34
Container 2.21 4.50 7.51 7.52 8.81 8.39 8.07 7.45
Vehicle 1.36 3.88 5.94 7.13 11.57 9.90 5.78 6.93

Overall 2.56 4.88 7.36 7.30 12.42 9.52 8.31 7.64
Table 4. Quantitative results under cross-category template assignments. We evaluate our method under three template-selection
regimes: (i) Same sub-category, where the template is randomly drawn from a same sub-category (ii) Same super-category, where the
template is drawn from a different sub-category within the same super-category, and (iii) Cross super-category, where the template is
sampled from a different super-category.

Methods
Retrieved Template Random Template

CD EMD S-IoU CD EMD S-IoU
(10→3) → (10→2) → (%) ↑ (10→3) → (10→2) → (%) ↑

ShapeMatcher
(Di et al., 2024) 5.92 6.43 40.47 13.02 8.82 34.36
KP-RED
(Zhang et al., 2024) 3.05 5.23 46.73 5.10 6.35 42.05

Our-SV 2.45 4.76 48.45 2.61 4.94 46.78
Our-MV 2.38 4.69 48.79 2.46 4.86 47.31

Table 5. Performance on seen categories with retrieved vs. random templates. Our-SV and Our-MV refer to our method using single-view
template and multi-view template feature fusion, respectively. The best results are in bold.
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Table 1. Comparison with state-of-the-art deformation learning methods.

Deformation ReconstructionDeformation Reconstruction Deformation Reconstruction Deformation Reconstruction

Target Object 
Observation ShapeMatcher KP-RED Our-SV Our-MV GT

ShapeMatcher KP-RED

Our-SV Our-MVTemplate

Target

GT

ShapeMatcher KP-RED

Our-SV Our-MVTemplate

Target

GT

ShapeMatcher KP-RED

Our-SV Our-MVTemplate

Target

GT

Figure 1. Qualitative comparison with shape deformation 
methods on novel target observation.



Results

q Each proposed module contributes to robust deformation learning, with the full model achieving
the best performance on novel objects.

Ablation Study

Generalizable Object Shape Deformation Learning

Table 1. Quantitative ablation study results on novel objects. Figure 1. Qualitative comparison of deformation and reconstruction 
results under different ablation settings.
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Results

q Our deformation fields preserve category-level dense correspondences, enabling efficient and
generalizable transfer of contact maps and dexterous grasps to novel objects.

Downstream Applications

Generalizable Object Shape Deformation Learning

Table 1. Object-centric deformation field enables 
transfer-based dexterous grasp generation. Figure 1. Our method facilitates generalizable dexterous manipulation for humanoid robots.
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Generalizable Object Shape Deformation Learning

A. Appendix

In this supplementary material, we provide additional details
and results that were omitted from the main paper due to
space constraints:

A1. Details on Training Objectives

A2. Details on Evaluation Metrics

A3. Implementation Details

A4. Additional Application Results

A5. Additional Qualitative Results

A6. Failure Analysis

A.1. Details on Training Objectives

As formulated in the main paper, our total training objective
L is a weighted combination of the flow matching loss and
geometric regularization terms. In this section, we provide
the detailed definitions for each component.

First, to supervise the continuous deformation trajectory,
we minimize the difference between the predicted vector
field vω and the target straight-line velocity field via the
Flow Matching Loss (LFM). This loss is computed as an
expectation over time t and data pairs:

LFM = Et,x0,x1

[
→vω(xt, t, c)↑ (x1 ↑ x0)→22

]
, (12)

where xt = (1↑t)x0+tx1 represents the interpolated state.
To ensure the deformed point cloud Ppred geometrically
aligns with the target shape Pgt, we employ the Chamfer
Distance Loss (LCD), calculated as the symmetric sum of
squared distances:

LCD =
∑

p→Ppred

min
q→Pgt

→p↑q→22+
∑

q→Pgt

min
p→Ppred

→q↑p→22. (13)

To prevent high-frequency artifacts and maintain local sur-
face smoothness, we incorporate the Laplacian Smoothness
Loss (LLap). Let ωi be the Laplacian coordinate of vertex
i (the difference between the vertex and the centroid of its
neighbors). We minimize:

LLap =
∑

i

→ω(pred)
i

↑ ω
(src)
i

→22, (14)

which encourages the local geometry of the deformed mesh
to remain consistent with the source mesh topology. Fur-
thermore, to preserve structural rigidity and avoid unnatural
distortions (e.g., shearing), we enforce the As-Rigid-As-
Possible (ARAP) Loss (LARAP) (Sorkine & Alexa, 2007).

Methods
SR

(%) ↓
Pen.

(mm) ↔
Cov.
(%) ↓

Time
(s) ↔

Analytical Method

DFC (Liu et al., 2021) 65.00% 8.01 30.07% >1000

Generative Methods

ConGen (Liu et al., 2023c) 47.59% 3.05 23.19% 17.1
UGG (Lu et al., 2024) 58.00% 8.37 36.65% 76.0

Transfer-Based Methods

Tink (Yang et al., 2022) 61.96% 4.60 27.91% 87.6
cmtDiff (Ma et al., 2025) 69.59% 2.70 31.17% 62.2
Our-MV 76.92% 2.86 28.39% 15.7

Table 3. Quantitative comparison with different dexterous grasp
generation methods. The best results are in bold.

This term minimizes the deviation of local transformations
from rigid rotations:

LARAP =
∑

i

∑

j→N (i)

wij→(p↑
i
↑p↑

j
)↑Ri(pi↑pj)→22, (15)

where p,p↑ denote vertex positions before and after defor-
mation, N (i) are neighbors of vertex i, wij are cotangent
weights, and Ri is the optimal rotation matrix for the local
neighborhood.

We also apply a Regularization Loss (Lreg) to constrain the
magnitude of the deformation vectors di and encourage
minimal necessary displacement:

Lreg =
1

N

N∑

i=1

→di→22. (16)

Finally, to leverage multi-view supervision, we utilize the
Silhouette Loss (Lsil) by rendering the deformed shape into
2D silhouettes S

(k)
pred from K viewpoints and comparing

them with ground truth masks S(k)
gt :

Lsil =
K∑

k=1

→S(k)
pred ↑ S

(k)
gt →22. (17)

A.2. Details on Evaluation Metrics

We quantitatively evaluate the reconstruction quality us-
ing three standard metrics: Chamfer Distance (CD), Earth
Mover’s Distance (EMD), and Silhouette IoU (S-IoU).
Chamfer Distance (CD) measures the geometric accuracy
between the predicted point cloud P and the ground truth G
without requiring point-to-point correspondence. We com-
pute the symmetric Chamfer distance using the L2 norm,
defined as the sum of the average nearest neighbor distances
in both directions: CD(P,G) = 1

|P|
∑

p→P ming→G →p ↑
g→22 + 1

|G|
∑

g→G minp→P →g ↑ p→22. Lower CD values
indicate better surface alignment. Earth Mover’s Dis-

tance (EMD) captures both geometry and point density
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Conclusion

• A geometry-guided flow matching framework bridging 2D semantics and 3D priors for single-view
shape recovery.
• Robust across arbitrary viewpoints, large shape variations, and unseen categories.
• Facilitates generalizable dexterous manipulation for humanoid robots.

Conclusion

Generalizable Object Shape Deformation Learning

Future Works

• Extend the framework to multi-view target inputs for richer geometric cues and more
accurate deformation learning.
• Incorporate semantic priors from vision-language models to better resolve ambiguous

object structures.
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