
Neural Shape Processing

Vladimir (Vova) Kim
Adobe Research, Seattle



Motivation

2

3D modeling of high-quality content that is
§ Diverse and unique

§ Detailed

Artist-generated Model
[Iron Throne by Tornado Studio]



Motivation

3

3D modeling of high-quality content that is
§ Diverse and unique – interpolation of training data

§ Detailed -- coarse

Artist-generated Model
[Iron Throne by Tornado Studio]

Challenges with Neural Generation:

Poursaeed et al., ECCV 2020



Deformation

Neural Shape Processing

Modify existing shapes instead of generating from scratch

Retrieval Detailization
4



Shape Retrieval

Most prior techniques focus on finding geometrically-similar shape



Deformation-Aware Shape Retrieval

Retrieve shape that can be deformed to the query
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Structure-aware Neural Deformation  

Parameterize deformations based on part structure
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Joint Retrieval and Deformation Training
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Joint Retrieval and Deformation Training
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Joint Retrieval and Deformation Training
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Example Retrieval and Deformation from Scans

Input Retrieved Deformed Input Retrieved Deformed
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Example Retrieval and Deformation from an Image

Input Retrieved Deformed Input Retrieved Deformed



Example Retrieval and Deformation from an Image

Input Retrieved Deformed Input Retrieved Deformed



Comparisons
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Connected components instead of true segments

Input Retrieved Deformed Input Retrieved Deformed



Deformation

Neural Shape Processing

Modify existing shapes instead of generating from scratch

Retrieval Detailization
21



Goal: Detail-Preserving Shape Deformation

22

Deform the source to match the target while preserving the details

Source Mesh Target Shape Deformed Source Mesh



Limitations of Direct Neural Deformation

23Source Target Groueix et al. CGF 2019

f✓ : zsource ⇥ ztarget ⇥ R3 ! R3
<latexit sha1_base64="usIm3OKhFj2NfYvozdegv2dycUI="></latexit>

Details are not preserved:
- too many degrees of freedom
- regularization energy fights
reconstruction



Neural Cage-based Deformation

24

§ Step 1: Learn to predict cage parameters

Source Init Cage Deformed Cage

f✓ : zsource ⇥ ztarget ! Cinit ⇥ Cdeformed
<latexit sha1_base64="Unw7Xw7cpRJuI/Yd4uhDZeuD840="></latexit>

Predict cage parameters with a neural network

Our Output



Neural Cage-based Deformation

25

§ Step 1: Learn to predict cage parameters

§ Step 2: Use classical cage-based deformation technique

Source Init Cage Deformed Cage

CBD(Cinit, Cdeformed) : R3 ! R3
<latexit sha1_base64="b5PMCV3eCycjpATWaGPStIAT1Ys="></latexit>

Deform the source mesh via a differentiable cage-based deformation layer

Our Output

f✓ : zsource ⇥ ztarget ! Cinit ⇥ Cdeformed
<latexit sha1_base64="Unw7Xw7cpRJuI/Yd4uhDZeuD840="></latexit>



Application: Stock Amplification

26Target Groueix et al. CGF 2019

Source

Targets

Create shape variations by picking random source/target pairs



Application: Deformation Transfer

27

Transfer a pose from a target to the source mesh

Novel Source

Novel Targets



Application: Deformation Transfer

28

Transfer a pose from a target to the source mesh

Novel Source

Novel Targets



Cage-free Gradient Domain Deformation

29

§ Hard to learn cages for complex shapes
§ Cage-based deformation is not mesh-specific – it just maps the volume



Cage-free Gradient Domain Deformation

30

§ Hard to learn cages for complex shapes
§ Cage-based deformation is not mesh-specific – it just maps the volume
§ Reminder: learning a map directly is prone to noise – hard to preserve details

f✓ : zsource ⇥ ztarget ⇥ R3 ! R3
<latexit sha1_base64="usIm3OKhFj2NfYvozdegv2dycUI="></latexit>



Cage-free Gradient Domain Deformation
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§ Hard to learn cages for complex shapes
§ Cage-based deformation is not mesh-specific – it just maps the volume
§ Reminder: learning a map directly is prone to noise – hard to preserve details

f✓ : zsource ⇥ ztarget ⇥ R3 ! R3
<latexit sha1_base64="usIm3OKhFj2NfYvozdegv2dycUI="></latexit>

R3⇥3
<latexit sha1_base64="1HupjVrEaIVcrVcEcLAP2+0S6hA=">AAAB/3icbVDLSsNAFJ34rPUVFdy4GSyCq5K0gi6LblxWsQ9oYplMJ+3QyYOZG6HELPwVNy4UcetvuPNvnLRZaOuBgcM593LPHC8WXIFlfRtLyyura+uljfLm1vbOrrm331ZRIilr0UhEsusRxQQPWQs4CNaNJSOBJ1jHG1/lfueBScWj8A4mMXMDMgy5zykBLfXNQycgMPK89Da7T+sO8IApXM/6ZsWqWlPgRWIXpIIKNPvmlzOIaBKwEKggSvVsKwY3JRI4FSwrO4liMaFjMmQ9TUOi77jpNH+GT7QywH4k9QsBT9XfGykJlJoEnp7M06p5Lxf/83oJ+BduysM4ARbS2SE/ERginJeBB1wyCmKiCaGS66yYjogkFHRlZV2CPf/lRdKuVe16tXZzVmlcFnWU0BE6RqfIRueoga5RE7UQRY/oGb2iN+PJeDHejY/Z6JJR7BygPzA+fwDVzJX5</latexit>

Predict a matrix



Cage-free Gradient Domain Deformation
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§ Hard to learn cages for complex shapes
§ Cage-based deformation is not mesh-specific – it just maps the volume
§ Reminder: learning a map directly is prone to noise – hard to preserve details

f✓ : zsource ⇥ ztarget ⇥ R3 ! R3
<latexit sha1_base64="usIm3OKhFj2NfYvozdegv2dycUI="></latexit>

R3⇥3
<latexit sha1_base64="1HupjVrEaIVcrVcEcLAP2+0S6hA=">AAAB/3icbVDLSsNAFJ34rPUVFdy4GSyCq5K0gi6LblxWsQ9oYplMJ+3QyYOZG6HELPwVNy4UcetvuPNvnLRZaOuBgcM593LPHC8WXIFlfRtLyyura+uljfLm1vbOrrm331ZRIilr0UhEsusRxQQPWQs4CNaNJSOBJ1jHG1/lfueBScWj8A4mMXMDMgy5zykBLfXNQycgMPK89Da7T+sO8IApXM/6ZsWqWlPgRWIXpIIKNPvmlzOIaBKwEKggSvVsKwY3JRI4FSwrO4liMaFjMmQ9TUOi77jpNH+GT7QywH4k9QsBT9XfGykJlJoEnp7M06p5Lxf/83oJ+BduysM4ARbS2SE/ERginJeBB1wyCmKiCaGS66yYjogkFHRlZV2CPf/lRdKuVe16tXZzVmlcFnWU0BE6RqfIRueoga5RE7UQRY/oGb2iN+PJeDHejY/Z6JJR7BygPzA+fwDVzJX5</latexit>

Predict a matrix

⇡
<latexit sha1_base64="CFFKW+aGbhI2iDmTnoYivmk743g=">AAAB83icbVDLSgMxFL1TX7W+qi7dBIvgqszUgi6LblxWsA/oDCWTZtrQTCYkGaEM/Q03LhRx68+482/MtLPQ1gOBwzn3ck9OKDnTxnW/ndLG5tb2Tnm3srd/cHhUPT7p6iRVhHZIwhPVD7GmnAnaMcxw2peK4jjktBdO73K/90SVZol4NDNJgxiPBYsYwcZKvh9jMwmjzJdsPqzW3Lq7AFonXkFqUKA9rH75o4SkMRWGcKz1wHOlCTKsDCOczit+qqnEZIrHdGCpwDHVQbbIPEcXVhmhKFH2CYMW6u+NDMdaz+LQTuYZ9aqXi/95g9REN0HGhEwNFWR5KEo5MgnKC0AjpigxfGYJJorZrIhMsMLE2JoqtgRv9cvrpNuoe1f1xkOz1rot6ijDGZzDJXhwDS24hzZ0gICEZ3iFNyd1Xpx352M5WnKKnVP4A+fzB29+kfE=</latexit>

R3⇥2
<latexit sha1_base64="VtjZwU3uDFBpB9KqvNdvsdXs2/M=">AAACAHicbVDLSsNAFJ3UV62vqAsXbgaL4KokraDLohuXVewDmlgm00k7dPJg5kYoIRt/xY0LRdz6Ge78GydtFtp64MLhnHu59x4vFlyBZX0bpZXVtfWN8mZla3tnd8/cP+ioKJGUtWkkItnziGKCh6wNHATrxZKRwBOs602uc7/7yKTiUXgP05i5ARmF3OeUgJYG5pETEBh7XnqXPaQN7AAPmML1bGBWrZo1A14mdkGqqEBrYH45w4gmAQuBCqJU37ZicFMigVPBsoqTKBYTOiEj1tc0JHqPm84eyPCpVobYj6SuEPBM/T2RkkCpaeDpzvxctejl4n9ePwH/0k15GCfAQjpf5CcCQ4TzNPCQS0ZBTDUhVHJ9K6ZjIgkFnVlFh2AvvrxMOvWa3ajVb8+rzasijjI6RifoDNnoAjXRDWqhNqIoQ8/oFb0ZT8aL8W58zFtLRjFziP7A+PwBMEOWIg==</latexit>

Project to Jacobian



Cage-free Gradient Domain Deformation

33

§ Hard to learn cages for complex shapes
§ Cage-based deformation is not mesh-specific – it just maps the volume
§ Reminder: learning a map directly is prone to noise – hard to preserve details

f✓ : zsource ⇥ ztarget ⇥ R3 ! R3
<latexit sha1_base64="usIm3OKhFj2NfYvozdegv2dycUI="></latexit>

R3⇥3
<latexit sha1_base64="1HupjVrEaIVcrVcEcLAP2+0S6hA=">AAAB/3icbVDLSsNAFJ34rPUVFdy4GSyCq5K0gi6LblxWsQ9oYplMJ+3QyYOZG6HELPwVNy4UcetvuPNvnLRZaOuBgcM593LPHC8WXIFlfRtLyyura+uljfLm1vbOrrm331ZRIilr0UhEsusRxQQPWQs4CNaNJSOBJ1jHG1/lfueBScWj8A4mMXMDMgy5zykBLfXNQycgMPK89Da7T+sO8IApXM/6ZsWqWlPgRWIXpIIKNPvmlzOIaBKwEKggSvVsKwY3JRI4FSwrO4liMaFjMmQ9TUOi77jpNH+GT7QywH4k9QsBT9XfGykJlJoEnp7M06p5Lxf/83oJ+BduysM4ARbS2SE/ERginJeBB1wyCmKiCaGS66yYjogkFHRlZV2CPf/lRdKuVe16tXZzVmlcFnWU0BE6RqfIRueoga5RE7UQRY/oGb2iN+PJeDHejY/Z6JJR7BygPzA+fwDVzJX5</latexit>

Predict a matrix

⇡
<latexit sha1_base64="CFFKW+aGbhI2iDmTnoYivmk743g=">AAAB83icbVDLSgMxFL1TX7W+qi7dBIvgqszUgi6LblxWsA/oDCWTZtrQTCYkGaEM/Q03LhRx68+482/MtLPQ1gOBwzn3ck9OKDnTxnW/ndLG5tb2Tnm3srd/cHhUPT7p6iRVhHZIwhPVD7GmnAnaMcxw2peK4jjktBdO73K/90SVZol4NDNJgxiPBYsYwcZKvh9jMwmjzJdsPqzW3Lq7AFonXkFqUKA9rH75o4SkMRWGcKz1wHOlCTKsDCOczit+qqnEZIrHdGCpwDHVQbbIPEcXVhmhKFH2CYMW6u+NDMdaz+LQTuYZ9aqXi/95g9REN0HGhEwNFWR5KEo5MgnKC0AjpigxfGYJJorZrIhMsMLE2JoqtgRv9cvrpNuoe1f1xkOz1rot6ijDGZzDJXhwDS24hzZ0gICEZ3iFNyd1Xpx352M5WnKKnVP4A+fzB29+kfE=</latexit>

R3⇥2
<latexit sha1_base64="VtjZwU3uDFBpB9KqvNdvsdXs2/M=">AAACAHicbVDLSsNAFJ3UV62vqAsXbgaL4KokraDLohuXVewDmlgm00k7dPJg5kYoIRt/xY0LRdz6Ge78GydtFtp64MLhnHu59x4vFlyBZX0bpZXVtfWN8mZla3tnd8/cP+ioKJGUtWkkItnziGKCh6wNHATrxZKRwBOs602uc7/7yKTiUXgP05i5ARmF3OeUgJYG5pETEBh7XnqXPaQN7AAPmML1bGBWrZo1A14mdkGqqEBrYH45w4gmAQuBCqJU37ZicFMigVPBsoqTKBYTOiEj1tc0JHqPm84eyPCpVobYj6SuEPBM/T2RkkCpaeDpzvxctejl4n9ePwH/0k15GCfAQjpf5CcCQ4TzNPCQS0ZBTDUhVHJ9K6ZjIgkFnVlFh2AvvrxMOvWa3ajVb8+rzasijjI6RifoDNnoAjXRDWqhNqIoQ8/oFb0ZT8aL8W58zFtLRjFziP7A+PwBMEOWIg==</latexit>

Project to Jacobian

S
<latexit sha1_base64="s0ORvqxeEX0PpYtJdKPahu55m4g=">AAAB8nicbVDLSgMxFL1TX7W+qi7dBIvgqsxUQZdFNy4r2gdMh5JJM21oJhmSjFCGfoYbF4q49Wvc+Tdm2llo64HA4Zx7ybknTDjTxnW/ndLa+sbmVnm7srO7t39QPTzqaJkqQttEcql6IdaUM0HbhhlOe4miOA457YaT29zvPlGlmRSPZprQIMYjwSJGsLGS34+xGRPMs4fZoFpz6+4caJV4BalBgdag+tUfSpLGVBjCsda+5yYmyLAyjHA6q/RTTRNMJnhEfUsFjqkOsnnkGTqzyhBFUtknDJqrvzcyHGs9jUM7mUfUy14u/uf5qYmug4yJJDVUkMVHUcqRkSi/Hw2ZosTwqSWYKGazIjLGChNjW6rYErzlk1dJp1H3LuqN+8ta86aoowwncArn4MEVNOEOWtAGAhKe4RXeHOO8OO/Ox2K05BQ7x/AHzucPjPaRbQ==</latexit>

Use points 
on the surface
(triangle centroids, 
Intrinsic features)



Neural Jacobian Fields Pipeline

34differentiable, no parameters differentiable, no parametersLearn parameters



Neural Jacobian Fields Pipeline

shape code Per-triangle features (centroid + WKS)

MLP

New vertex 
positions

Poisson solver
Using Laplacian

Precomputed
Projection

Restricted to 
tangent space



Training Neural Jacobian Fields

Source shape Target shape (GT) Prediction (after Poisson)

Shape & 
triangle codes



Application: Cageless Deformation Transfer

Only trained on humans, no extra input was needed for Big Buck Bunny

Source

Targets
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Partial Registration

Target

Network
Output
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Morphing

Target
Shape

Network
Output

Source
Mesh



Application: Learn to AutoUV

Supervised on SLIM parameterizations



Application: Learn Collision-based Deformation

Using setup of Romero et al. 2021



Deformation

Neural Shape Processing

Modify existing shapes instead of generating from scratch

Retrieval Detailization
42



Goal: Detail Transfer

Input Target Details Output



Our Approach

Decimate Subdivide

Reconstruction loss

§ Decimate high-res mesh with target details to create training data
§ Learn local up-sampling filters

44



Maintaining Bijective Mapping

Decimate Subdivide

45



Maintaining Bijective Mapping

§ Record barycentric coordinates during subdivision

46



Maintaining Bijective Mapping

§ Record barycentric coordinates during subdivision
§ Match via parameterization during decimation

47



Neural Subdivision

Decimate Subdivide

Reconstruction loss48



Neural Subdivision

Subdivide

§ Triangle Split (mid-edge)

49



Neural Subdivision

Subdivide

§ Triangle Split (mid-edge)

50



Neural Subdivision

Subdivide

§ Triangle Split (mid-edge)
§ Set vertex positions via neural network

51



Architecture

§ Half-flap: directed edges and two adjacent triangles
§ Fixed Dimensions

§ Canonical Ordering

52



Architecture

§ Half-flap: directed edges and two adjacent triangles
§ Represent (differential) geometry in flap’s local coordinate frame

53



Pipeline

§ Initialize per-vertex features



Pipeline

§ Initialize per-vertex features
§ Iteratively update features and geometry at old & new vertices



Results: Neural Detail Transfer

56



Results: Neural Detail Upsampling

57

§ Neural subdivision trained on a single example

Training
Example

Coarse Input Subdivided Output



Results: Neural Detail Upsampling

58

§ Neural subdivision trained on a single example

Training
Example

Coarse Input Subdivided Output



Detail Transfer and Synthesis

Input Target Style

§ Hallucinating details with complex topology



Detail Transfer and Synthesis

Input Target Style Output

§ Hallucinating details with complex topology



DÉCOR-GAN Neural Network



DÉCOR-GAN Neural Network

Training Example is a high-res shape and a low-res (different) shape



DÉCOR-GAN Neural Network

INPUT: Two coarse shape (one with ground truth) + target style (z)



DÉCOR-GAN Neural Network

Condition up-sampling on latent (style) code



DÉCOR-GAN Neural Network

Discriminator trained on patches
with true and generated details



DÉCOR-GAN Neural Network



Results: Vases



Results: Chairs



Results: Tables



Results: Airplanes



Results: Motorcycles



Results: Interactive Tool



Key Takeaways

73

§ Retrieval and Deformation should be trained jointly

§ Neural Deformation
§ MLP for entire map is too flexible (shape gets distorted)

§ Neural Cage-based deformation is too constrained (OK in some cases)

§ Neural Jacobian Fields (flexible and low-distortion)

§ Neural Detailization
§ Neural Subdivision: effective for meshes, but input has to have the right topology

§ DÉCOR-GAN: voxel grids are good for learning details, classical image-based ideas are directly applicable



Future Work
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§ Geometry learning for production-quality assets
§ Diverse representation: different level of details and tessellation quality

§ Diverse content: few-shot learning

§ Model appearance: geometry, materials, and environment

§ Neural Shape Processing: re-use and re-purpose the existing assets

Made with Adobe Stager
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