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Numerous physics-based simulation approaches have been proposed to generate realistic

and vivid deformations for 3D models. These systems include the mass-spring system, the finite

element approach, the thin-shell model, and others. However, previous systems based on analytic

and numerical methods tend to be computationally intensive. Achieving an ideal balance between

simulation accuracy and efficiency still poses several challenges.

In this dissertation, we present novel learning-based physics simulations and collision-

handling algorithms that leverage the benefits of neural networks and optimization techniques.

We use neural networks to compress high-dimensional 3D deformable models and accelerate the

processing time. We also employ algorithms such as reinforcement learning, active learning, and

imitation learning to capture complex physical behaviors that lack closed-form analytic models.

We propose multiple novel approaches for novel learning-based physics simulation. First,

we train a learning-based collision detector for 3D deformable models and utilize the detec-



tor as a surrogate constraint in an optimization-based collision handler. Our focus is on colli-

sions between topologically disjoint triangles in triangular meshes. Traditional geometric-based

search methods for collision detection are computationally expensive, with costs ranging from

O(n log n) to O(n2). In comparison, our neural collision detector is 80× faster. To perform

stable collision prediction performance in large and unseen spaces, we employ active learning

by progressively incorporating new collision data based on network inferences, reaching a colli-

sion detection accuracy of up to 98.1%. Second, we present an approach to accelerate collision

response computations by incorporating an additional repulsive force unit in the learning-based

pipeline. Our experiments demonstrate that backbone networks trained with the repulsive force

unit can significantly decrease the number of collisions, boosting collision-free models from

49% to 77%, while maintaining real-time performance, adding only 2 milliseconds to the infer-

ence system. Third, we present a neural volumetric deformable object simulator with collision

detection and handling based on an actor-critic neural architecture. Our critic network learns to

estimate collision penetrations, while our actor network learns to minimize the penalty function

through a series of gradient descent steps, resulting in nearly collision-free quasistatic deformable

object poses. Finally, we introduce a novel framework for randomly reposing 3D humans to arbi-

trary poses based on a geometric optimization regularization that incorporates control information

into diffusion-based inpainting. Our geometric inpainting algorithm reduces errors by 93% when

moving different body parts to random locations.

In practice, our learning-based physics simulation systems can generate realistic 3D models

that satisfy various constraints. We have tested our method using several large-scale datasets,

including AMASS for humans and TailorNet for garments. Our approach can generate plausible

results, and we observe 100− 300× speedups over numerical or analytic methods.
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Chapter 1: Introduction

a) b) c) d)

Figure 1.1: A preview of our method’s results showcasing: a) Resolving self-collision on human
poses, b) Resolving collisions between garments and underlying human bodies in cloth simula-
tion, c) Resolving self and obstacle collisions for volumetric simulation, and d) Reposing humans
using geometric diffusion inpaint.

1.1 Motivation and Area Overview

Physics-based simulation and collision handling can generate realistic and vivid deforma-

tions for 3D models such as cloth [124] and human bodies [82]. They are fundamental com-

ponents of different applications such as animation [91], virtual try-on systems [52], immersive

audio-visual interactions [195], and multi-robot navigation [17]. Numerous systems have been

proposed, including mass-spring methods [12], the finite-element method [170], particle-based

systems [31], and the thin-shell model [54]. Physics-based simulation systems need to account

for constitutive models of materials and many hard constraints, including collision-free 3D mod-

els.
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However, previous systems based on analytic and numerical methods tend to be computa-

tionally intensive, and achieving an ideal balance between the accuracy and efficacy of simulation

still faces several challenges. First, the computational cost grows superlinearly with the dimen-

sion of the physical system’s configuration space. For example, a high-resolution cloth used in

animation or games typically involves tens of thousands of degrees of freedom. As another exam-

ple, simulating cloth or body tissues with vivid details using the finite element method involves

solving large global systems of equations. The complexity can vary from O(n1.5) to O(n3) [51].

Second, adding constraints, including being collision-free, brings additional costs. Collision ar-

tifacts are easy to notice, and even a single missed collision can considerably affect the accuracy

of the overall simulator. Our work focuses on detecting collisions between topologically disjoint

triangles on triangular meshes. Such collision detection is a computationally intensive task, often

demanding a complexity within the range of O(n log n) to O(n2) when using geometric-based

search methods. The most accurate physically-based simulators run at 0.5 seconds per frame

on commodity GPUs [189], where collision handling can take 50 − 80% of the total simulation

time. Finally, it is generally difficult to acquire accurate and complete information or material

properties from the real world. For example, human bodies or body parts are reconstructed from

incomplete and inaccurate motion capture data [171]. Constructing quality physical models from

incomplete data is still an open problem.

Recent advancements in machine learning have presented promising solutions to address

many of these challenges. Deep learning models, for instance, have demonstrated the ability to

capture details by leveraging learned filters and effectively compressing high-dimensional data

into low-dimensional latent vectors using autoencoders [179]. These latent vectors are compu-

tationally more efficient to handle, offering a significant advantage. Moreover, modern GPU
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architectures and deep learning frameworks such as PyTorch [137] have made neural network

models easily scalable to multi objects or denser discretization at relatively low computational

costs. This combination of advantages allows for real-time performance, even with tasks that

were previously computationally intensive and performed offline. Furthermore, machine learning

algorithms like reinforcement learning [112], active learning [133], and imitation learning [74]

have demonstrated the ability to capture complex behaviors that lack closed-form, analytic mod-

els. These algorithms enable neural network models to learn and replicate intricate behaviors

from incomplete observations, opening up new possibilities for accurate simulations. By leverag-

ing the power of machine learning, we can overcome computational limitations, capture complex

behaviors, and work with incomplete data, thus paving the way for more efficient and realistic

physics-based simulations and collision-handling systems.

1.2 Main Results

In this dissertation, we present innovative learning-based physics simulations and collision-

handling algorithms that utilize the advantages of neural networks and optimization techniques.

Even though purely learning-based methods have shown substantial potential, various previous

works [42, 68, 96, 160, 229] have illustrated how neural networks can employ domain knowledge

to significantly boost performance in simulation and collision avoidance. Inspired by these devel-

opments, we present novel learning-based physics simulations and collision-handling algorithms

to generate collision-free and rational simulation results for human bodies, garments, and general

3D deformable models. Our results include the following:

1. Learned Constraints for Fast Collision Handling: We train a learning-based collision

3
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Figure 1.2: In this figure, we illustrate the connections between our works in physics simulation,
optimization, and neural networks. These works investigate the integration of neural networks as
representations of both hard and soft physical constraints within constrained optimization. Ad-
ditionally, they introduce a learnable multi-step momentum-accelerated optimizer and combine
optimization techniques with a diffusion-based generation framework to enhance control over the
inpainting process for 3D deformable materials.

detector for 3D human models and utilize the detector as a surrogate constraint in an

optimization-based collision handler. These techniques yield an accuracy of 98.1% when

predicting collisions for randomized human poses sampled from widely-used datasets. Af-

ter learning the feasible domain, solving a constrained optimization for a collision-free

human pose with thousands of vertices takes only a fraction of a second.

2. Inference-Phase Collision Response Based on a Learned Gradient: We propose a

method to speed up collision response computations by introducing an additional repul-

sive force unit in the learning-based pipeline. Our approach approximates the distance

field for inter-object collisions and also predicts the gradient and a suitable step length for

reducing penetration. Experiments demonstrate that backbone networks trained with the

4



repulsive force unit significantly reduce the number of collisions while maintaining real-

time performance.

3. Momentum-Accelerated Neural Collision-Resolving Optimization: We introduce an

end-to-end neural volumetric deformable object simulator with (self-)collision detection

and handling. Our approach, designed for real-time applications, relies on an actor-critic

neural architecture. The critic network learns to estimate inter-object and self-penetrations

for accurate simulation, while the actor network minimizes the penalty function via a series

of differentiable momentum-accelerated gradient descent steps, resulting in almost (self-)

collision-free quasistatic deformable object poses. Our learned collision handler is 100 −

300× faster than numerical simulators that deal with high-dimensional geometric data.

4. Optimization-Regularized Geometric Diffusion Inpaint: We present a novel framework

for reposing 3D humans to arbitrary poses based on a geometric optimization regulariza-

tion that integrates control information into diffusion-based inpainting. Utilizing Laplacian

regularization of the 3D mesh, we enable the diffusion generation network to accommo-

date 3D human deformation with extremely sparse control points on bodies. We showcase

results on human models from the AMASS dataset, achieving a reduction of errors by 93%

when moving different body parts to random locations.

There is a clear connection between the presented works and the field of optimization, as

shown in Fig. 1.2. In physical simulation, optimization techniques are commonly employed to

satisfy physical laws and constraints. The first work explores the integration of neural networks

as representations of hard physical constraints within constrained optimization, expanding the ap-

plicability of neural networks in optimization tasks. The second work investigates the network’s
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capacity to serve as a soft constraint, leveraging learned gradients and heuristic step lengths to

mitigate violations of soft constraints. Building upon the insights from the previous works, the

third study introduces a learnable multi-step momentum-accelerated optimizer, effectively reduc-

ing collision penetrations recognized by neural networks. Lastly, in the fourth work, optimiza-

tion techniques are combined with the state-of-the-art diffusion-based generation framework to

enhance control over the inpainting process for 3D deformable materials.

In summary, our learning-based physics simulation systems can generate realistic 3D mod-

els that satisfy various constraints. We have tested our method using several large-scale datasets,

including AMASS for humans [114] and TailorNet [138] for garments. We highlight our method’s

results in Fig. 1.1. Our approach can generate plausible results and we observe 100 − 300×

speedups over numerical or analytic methods.

1.3 Organization

In this dissertation, Chapter 2 is dedicated to reviewing relevant prior works, encompassing

physics simulation, collision detection and response, and hard constraints in deep learning.

Chapters 3 to 7 present our work on developing a learning-based physics simulation with

collision handling. Chapter 3 and Chapter 4 focus on the learned constraints used in fast collision

handling, which includes an active learning system to enhance overall performance. Chapter 5

will spotlight our real-time repulsive force unit that resolves collisions between garments and

the underlying human bodies, utilizing a neural-network-based signed distance function. Chap-

ter 6 presents a learned momentum-accelerated optimizer, predicated on the insights from the

previous two chapters, to eradicate more collisions occurring in volumetric neural simulation.
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In Chapter 7, we delve into the state-of-the-art generation network – diffusion’s application on

3D deformable human models – to demonstrate our modified geometric optimization regular-

izerand enable inpainting that satisfies extremely sparse control points.

Finally, Chapter 8 will summarize the results, discuss the current limitations of our ap-

proach, and provide an outline for future research directions.
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Chapter 2: Related Works

In this chapter, we discuss previous works on physics simulation, collision detection and

response, and hard constraints in deep learning.

2.1 Deformable Object Simulation

Deformation object simulation is a key component in various model-based control algo-

rithms such as virtual surgery [8, 9, 98] and soft robot controller design [39, 75, 134]. However,

physics simulators based on the finite element method [90], the boundary-element method [26],

or simplified models such as the mass-spring system [30] have a superlinear complexity over the

degrees of freedoms (DOF). For most of them, the bottleneck lies in solving the linear systems.

An analysis is given in [51], with matrix inversion resulting in O(n1.5) complexity, where n is

the number of DOFs. In a high-resolution simulation, n can be tens of thousands, making it im-

possible to perform fast predictions. As a result, learning-based methods have recently been used

to accelerate physics simulations. This can be done by simulating under a low-resolution setting

using FEM and then upsampling [212] or by learning the dynamics behaviors of clothes [129]

and fluids [208]. In the following research, we want to follow this direction and add domain

knowledge to improve the neural simulation accuracy and efficiency.
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2.2 Learning-based Mesh Deformations

Most learning-based deformation models are essentially low-dimensional embedding tech-

niques. Early works adopt linear subspaces with bases extracted using principle component

analysis (PCA) [6, 125, 232], which can only represent small local deformations, or Gaussian

processes [202,231], which are computationally costly to train and do not scale to large datasets.

Recently, deep neural networks have demonstrated far better performances for embedding high-

dimensional nonlinear functions [86, 149]. However, these methods rely on regular data struc-

tures such as 2D images. To handle meshes with arbitrary topologies, earlier methods [117]

represented a mesh as a 3D voxelized grid or reconstructed 3D shapes from 2D images [215]

using a projection layer. Recently, methods have been proposed to define networks directly on

mesh surfaces such as multi-layer perceptrons on diffusion [164], CNN on parametrized texture

space [115], and CNN based on spatial filtering [40]. The latter has been used in the author’s

prior work [180] to embed large-scale deformations of general meshes. The contribution in this

proposal is orthogonal to these techniques and can be used to improve the embedding accuracy

for any one of these methods.

2.3 Collision Detection & Response

An important criterion of “correct” 3D models is that they are (self-) collision-free, i.e., el-

ements of the mesh do not penetrate each other. Collision detection and response have been well-

studied, with many practical algorithms proposed for large-scale 3D meshes [83,132]. Collisions

can be handled in a discrete or continuous manner. Discrete collision handling [83] assumes that
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meshes can occasionally reach an invalid status with penetrations and therefore checks for colli-

sions at fixed time intervals. In contrast, continuous collision detection algorithms estimate the

time instance corresponding to the first contact and thereby maintain non-penetration configura-

tions. These continuous collision detection (CCD) methods [27,28,144,185,187,188,200] make

some assumptions about the interpolating motion between two time instances and use analytic

methods to predict the time of the collision. Many of these methods can be accelerated using

GPU parallelism [53]. There is extensive literature on collision response computation based on

constraint solvers [131], impulse responses [27], and impact zone methods [62,144]. These meth-

ods have been used to develop robust physics-based simulators that are widely used in animation

and VR applications. Several techniques have been proposed to handle collisions in machine

learning methods. Many recent works [19–21, 59] use collision loss to penalize penetrated 3D

model pairs during training. However, these methods have no component or feature in the net-

work that can resolve these penetrations during inference. To solve the collision problems for

the testing set, a simple approach is to perform post-processing on the predicted 3D models by

detecting the vertices inside the other models and moving them directly to the nearest point on

the surface [68,159]. However, there are two issues with these approaches: first, computing near-

est points on the surface is time-consuming; second, simply moving the penetrated vertices may

generate abrupt movements and lose some properties of the original 3D models. In summary,

current learning-based methods are significantly faster than these physics-based ones but cannot

offer the same level of accuracy or robustness.
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2.4 Training Deep Networks with Hard Constraints

State-of-the-art deep learning methods are still less capable of handling general hard con-

straints. Constraints on neural network parameters [151] are used for regularizing the network

training and can be approximately enforced using variants of the projected gradient descent al-

gorithm. On the other hand, constraints on neural network output are used to model application-

specific requirements such as collision-free constraints. Prior works [3, 116, 122, 141] use a sim-

ilar approach to enforce hard constraints: converting the constrained optimization into an uncon-

strained min-max optimization, which can be solved approximately by updating the primal and

dual variables. A special case arises when the hard constraints are convex, where the constrained

optimization can be solved efficiently with exact constraint enforcement [3, 141]. However, the

collision-free constraints in our applications are neither convex nor smooth.
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Chapter 3: LCollision: Fast Generation of Collision-Free Human Poses using

Learned Non-Penetration Constraints

3.1 Introduction

There has been considerable work on developing learning algorithms for 3D objects rep-

resented as point clouds [145], meshes [61], volumetric grids [204], and physical objects [95].

Because these algorithms are used for different applications, a major challenge is accounting for

user requirements and physics-based constraints. Considering these constraints can significantly

improve the test-time robustness by preserving some known criteria of “correct” predictions. For

example, we need to consider various forces and dynamics constraints for differentiable simu-

lation [148] and cloth embedding [181], and a reliable robot motion planner should preserve a

clearance distance from obstacles [141].

In this chapter, we tackle the problem of collision-free human pose generation. Recently,

3D mesh representations have been used for learning-based human pose synthesis [11, 25, 150,

179, 193]. These methods learn a manifold of plausible human poses from a dataset, represented

as the latent space of a deep autoencoder. Such autoencoders can be trained for applications

including interactive rigging, human pose recognition from images and videos, and VR games.

However, current learning-based methods do not account for any physics-based requirements
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such as (self-) collision-free constraint, thereby resulting in penetrations or other artifacts [11,

25, 150, 179, 193]. By comparison, non-learning-based methods for character rigging [166] and

physics-based simulation [14] can detect and explicitly handle the collisions using numerical

methods. Our goal is to equip learned-based methods with similar collision-handling capabilities.

Although 3D data representations explicitly allow the modeling of collision-free constraints,

satisfying these hard constraints in an end-to-end learning system is an open problem. Prior works

have tried one of three ways to incorporate hard constraints in a learning system. First, classical

second-order methods [23] for constrained optimization can enforce exact hard constraints on

the parameters of the neural network. Second, variants of the stochastic projected gradient de-

scent [80,116] have been proposed to approximately satisfy the constraints on the neural network

parameters. Finally, differentiable optimization layers [3, 141] can modify the neural network

output to satisfy such constraints. However, these methods are either limited to convex con-

straints, impractical for large networks, or do not provide sufficient accuracy in terms constraint

satisfaction.

Main Results: We present LCollision, a new learning algorithm to generate human poses

that satisfy collision-free constraints. Our approach incorporates the non-penetration constraints

by solving a general constrained optimization during the test time, where the feasible domain

corresponding to these hard constraints is learned during the training time. The novel components

of our approach include:

• Constrained Optimization Using Neural Network Function Approximation: Instead

of using exact collision-response, learning the feasible domain using a neural network pro-

vides approximate sub-gradients via back-propagation, which is much faster than exact

13



- Pose After
Response... ...

En
co

de
r

Lv
1

D
ecoder
Lv1

En
co

de
r

Lv
2

En
co

de
r

Lv
2

Attention
Mechanism

C
ol

lis
io

n
St

at
e 

En
co

de
r

C
ol

lis
io

n
Pr

ed
ic

to
r

C
ol

lis
io

n
Pr

ed
ic

to
r

... Decoder
Lv2

Decoder
Lv2

+ +

Pose Before
Response

Hard
Constraint

Constrainted 
Optimization

Objective

M
LP

Pr
ed

ic
to

r

C

X̄0

X 0
−
X̄ 0 Z1

Z|Z0|

S0

S0

S1

S|Z0|

Figure 3.1: Our network architecture combines the domain-decomposed human pose embedding
framework (green) and a novel collision state estimator (gray). Given an input pose, we use a
weight-shared, level-1 autoencoder to learn a global shape embedding. The error on each domain
is further reduced using a set of level-2 autoencoders. Both the level-1 and level-2 autoencoders’
latent codes are used to predict a global collision state. Finally, the latent code of each level-2
autoencoder is compared against the global collision state to infer a localized penetration depth.
These inferred penetrations are used in hard constraints of a constrained optimization framework
for collision handling.

collision-checking algorithms.

• Collision Decomposition: A collision only affects local regions of the human body, and

we design our collision predictor to respect these local effects. Each point on the human

body is softly assigned to a set of local body parts, and the collision loss is decomposed to

these local domains, accordingly.

• Hybrid Ranking, Potential Energy, and Entropy Loss: Although exact hard constraints

correspond to a binary loss (violation or non-violation), this loss should be differentiable

so that constrained optimizations can be guided by gradient information. We propose a

penetration-depth-based formulation [223] as a collision metric to offer gradient direction,

combined with the ranking loss to maintain the relative penetration depth between a pair of

samples.
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We have evaluated our method on the SCAPE dataset [10], the MIT-Swing dataset [199], and

the MIT Jumping dataset [199]. Combining these techniques, we achieve an accuracy of 94.1%,

a false positive rate of 6.1%, and a false negative rate of 5.7% when predicting collisions for

2.5 × 106 randomized human poses sampled from these datasets. After learning the feasible

domain, solving a constrained optimization for a collision-free human pose with 2161 vertices

takes 2.095 iterations and 0.25s on average. Moreover, our learned collision detector is 80× faster

than prior exact collision detection methods running on a CPU [132].

3.2 Related Work

Human Pose Estimation & Synthesis: There is considerable work on human pose estima-

tion and synthesis. Earlier methods [92] represent a pedestrian as a bounding box. An improved

algorithm was proposed in [1], and this algorithm predicts the 55-D joint angles for a skeletal

human pose. More accurate prediction results have been proposed in [153] using random forests

and in [192] using convolutional neural networks. Our approach is based on recent learning meth-

ods [179,193] that use 3D meshes to generate detailed human poses. Mesh-based representations

are inherently difficult to learn due to the intrinsic high-dimensionality, and the algorithm can

produce sub-optimal results with various artifacts such as self-penetrations, noisy mesh surfaces,

and flipped meshes. In view of these problems, [198] only computes skeletal poses using learn-

ing and then uses skinning to recover the mesh-based representation. However, this approach

requires additional skeleton-mesh correspondence information, which is typically unavailable in

many datasets, including SCAPE [10].
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3.3 Human Pose & Collision-Free Constraints

Recent methods [11, 25, 150, 179, 193] have used neural networks to generate new poses

from a small set of examples via shape embedding. In this section, we give an overview of the

process of computing the embedding space for human pose generation and highlight the collision-

free constraints that LCollision tries to satisfy.

3.3.1 Human Pose Embedding

Our method uses the algorithm in [180,216], which has the ability to extract local deforma-

tion components. We represent human models as triangle meshes – a special graph G =< V , E >,

with V being a set of vertices and E being a set of edges. In our datasets, all the models share

the same topology, i.e. E is the same over all the meshes, while V differs. We transform V

to the as-consistent-as-possible (ACAP) feature space [46], denoted as X ∈ R9×|V|, to handle

large deformations. We use a bilevel autoencoder to embed X in a latent space. Both levels

of the autoencoder involve one graph convolutional layer and one fully connected layer. The

fully-connected layer maps the feature to a K-dimensional latent code, with weights denoted as

C ∈ RK×9×|V|. A sparsity loss is used to ensure that each dimension of C only accounts for a

group of local points.

Domain Decomposition via Attention: We use a bilevel architecture because we want the

level-2 autoencoder to learn a decomposed domain of the original mesh, i.e. each level-2 autoen-

coder only reduces the level-1 residual on a subset of V . The learned domain decomposition not

only enhances the reusability and explainability of the neural network but is also used to model

the local collisions between body sub-parts, as explained in Sec. 3.3.3.
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Figure 3.2: We show decomposed domains on the SCAPE dataset using the learned attention
maskMki, highlighted in different colors. The darkness of a given color represents the weight
of the soft assignment. These weights are used for localized collision computations.

Each autoencoder maps some input feature X to a latent code Z and then reconstructs Z

to feature X̄ . We use subscripts to denote the index of an autoencoder, e.g., X0, Z0, and X̄0 are

the input, latent code, and output of the level-1 autoencoder, respectively. We assume that each

entry of level-1 latent code corresponds to a sub-domain of the human body on which the residual

is further reduced using one level-2 autoencoder, so there are altogether |Z0| + 1 autoencoders.

The kth level-2 autoencoder is responsible for representing a subset of residual X0 − X̄0. To

determine the subset, an attention mask is computed as: Mki =
∑9

j=1C
kji2/

∑|Z0|
k=1

∑9
j=1C

kji2.

In addition, the input to the kth level-2 autoencoder is X i
k =Mki(X i

0−X̄ i
0). The soft assignment

induced by the attention mask conducts the domain decomposition in our network. We illustrate

some human body parts decomposed usingMki in Fig. 3.2.

3.3.2 Collision-Free Constraints

A pivotal requirement of plausible human poses is that they are collision-free, i.e. triangles

on the surface mesh do not penetrate each other. However, this constraint is ignored by previous
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neural-network-based human pose generation methods. We define a self-collision as an inter-

section between two topologically disjointed triangles, i.e. two triangles that do not share any

edges. We use the following condition to indicate a collision: tp ∩ tq ̸= ∅, where tp and tq are

two triangles. Penetration depth (PD) is a notion that measures the extent of collision constraint

violations between two objects. We define the local PD for triangle pair (tp, tq) as:

PDp,q = min{∥d∥2 : (tp + d) ∩ tq = ∅},

where PDp,q is the minimum distance to move tp such that tp and tq have no overlap. The

collision-free constraint can be reformulated as the constraint that PDp,q = 0 for any (p, q) pairs.

Conceptually, collision constraints can be satisfied by solving the following constrained opti-

mization:

min goal

s.t. PDp,q = 0, (p, q) disjoint,

where goal is the objective (e.g., as close as possible to a user-desired pose). Prior works solve

the constrained optimization by computing PDp,q for all (p, q) pairs and treating each colliding

(tp, tq) as a standalone constraint, leading to large problem sizes and high computational costs.

Instead, we use a neural network to speed up the computation.

3.3.3 Locality of Self-collisions

Our method is inspired by the subspace self-collision culling algorithm (SSCC) [14] and

the learning-based collision simplification algorithm [190]. In SSCC, the authors observe that

collisions usually occur between pairs of triangles that are originally close to one another on
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the template mesh. Pairs of distant triangles penetrate only when the mesh has undergone suffi-

cient deformation. The observation made by SSCC suggests the use of mesh decompositions as

described in 3.3.1.

It is worth noting that both works [14, 190] use learned linear subspaces to accelerate col-

lision detection and culling. However, the expressivity of linear subspaces is rather limited, so

SSCC can only model deformations that are near the neutral pose and cannot represent larger

deformations. Further, it is assumed in [190] that a domain decomposition is provided by users.

Our work unifies and extends these ideas into a collision prediction algorithm that works for large

deformations and does not require any additional data from users.

3.4 LCollision: Overall Learning Algorithm

Our overall learning architecture is illustrated in Fig. 3.1. Our method augments a normal

mesh embedding autoencoder with an additional component to classify the collision status. Given

a latent code Zall defined as:

Zall =

(
Z0

T ,Z1
T , · · ·T ,Z|Z0|

T

)T

,

we output a collision probability MLPclassifier. We assume that the 0.5 sub-level set of MLPclassifier

corresponds to collision-free meshes so that many constraints of the form PDi,j = 0 can be re-

placed by a single constraint MLPclassifier < 0.5, which reduces the computational cost.
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Figure 3.3: We illustrate 20 representative results of collision responses, where the poses on
the left are the original poses directly generated using [216], and the poses on the right are the
ones after collision responses. We highlight the adjusted body parts using black boxes. In all the
examples, our method can successfully avoid penetrations. However, in two cases (red boxes),
our adjusted poses drift severely from the original poses.

3.4.1 Collision Detection Architecture

In this subsection, we explain our network architecture to cope with the locality of self-

collisions illustrated in gray blocks of Fig. 3.1, including the collision state encoder and the

collision predictor.

Naive Subdivision: Our level-2 autoencoders inherently decompose the mesh into |Z0|

sub-domains. Therefore, if collisions occur within the kth sub-domain, then collisions should
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be inferred from Zk alone, and we use a collision predictor (CP) in the form of a multilayer

perceptron (MLP) to map Zk to some collision indicator. If a pair of triangles belongs to two

sub-domains, e.g., Zk and Zk′ , then a possible solution is to use another MLP that takes both(
Zk

T ,Zk′
T

)T

. However, this approach requires O(|Z0|2) CPs with an excessively large num-

ber of weights, and the latent codes of level-2 autoencoders only represent the relative residual

X0 − X̄0, while the absolute information X0 is lost. Our Method: To avoid issues with naive

subdivision, we propose using a collision state encoder (CSE) that encodes both relative and ab-

solute information over all mesh sub-domains. CSE is an MLP that takes Zall and brings Zall

through three latent layers with
(
512, 256, 256

)
neurons and ReLU activation. Finally, CSE

outputs a latent code referred to as the global collision state, or S0 = CSE(Zall) for short. S0 and

Zk are then fed into a CP to obtain the collision indicator related to the kth sub-domain, i.e. colli-

sions between pairs of triangles where at least one of the triangles belongs to the kth sub-domain.

There are altogether |Z0| CPs, where the kth CP maps
(
S0T ,Zk

T

)T

through four latent layers

with
(
512, 256, 256, 128

)
neurons and ReLU activation. Finally, CP outputs a scalar collision

indicator Sk, i.e. Sk = CP(S0,Zk).

3.4.2 Collision Predictor Based on Penetration

We need the collision indicators Sk and groundtruth labels Si to be compatible with numer-

ical optimization. Since we use gradient-based numerical optimization, we need to provide valid

gradient information. To this end, Sk should not only be a collision indicator but also a collision

violation metric. In other words, if S ′
k > Sk ≥ 0, then we must have S ′

k correspond to a mesh

with more collisions than Sk, for which we use the notion of penetration depth. Given a mesh G,
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we use the FCL library [132] to compute the squared penetration depth PD2
p,q of each colliding

triangle pair. This colliding pair correlates 6 vertices in V , and we add PD2
p,q/6 to each vertex as

the vertex-wise collision violation. After processing all colliding triangle pairs, we have a pen-

etration depth energy vector PDe ∈ R|V|. The overall computation is described by Algorithm 1.

Algorithm 1 Generating Penetration Energy Vector PDe

1: Init PDe = 0⃗ ∈ R|V|

2: Run FCL finding the set of all collided disjoint triangle paris as T̂
3: for (tp, tq) ∈ T̂ and the corresponding PDp,q do
4: for Vertex i belongs to tp and tq do
5: PDei += PD2

p,q/6
6: end for
7: end for

After computing the PDe, we use the following domain-decomposed data loss to train Si:

LPD =

|Z|0∑
k=1

∥Sk −
|V|∑
i=1

MkiPDei∥2 + ∥Ssum − PDe-sum∥,

where PDe-sum =
∑|V|

i=1 PDei is the ground truth total penetration energy and Ssum =
∑|Z|0

k=1 Sk

is the neural network prediction. Here, we use the same attention maskMki defined in Sec. 3.3.1

to decompose the collision energy into body parts. Note that we do not have any loss terms

related to S0. However, a neural network is known to suffer from over-fitting when learning

exact distance functions [29, 67], including those corresponding to PD. Further, it is inherently

difficult to train a perfect regression model for values like collision penetration depth with a

long-tail distribution [206]. We avoid over-fitting by using the marginal ranking loss. Given

two meshes, G and Ĝ (with approximated total penetration energy denoted as Ssum and Ŝsum)

randomly sampled from the dataset, if Ĝ has a higher collision violation than G in terms of the
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total penetration energy, then we define:

Lrank = max(0, α− (Ŝsum − Ssum)),

and vice versa. Here, α is used as a margin to enforce ranking strictness. We choose α as the

mean energy difference of the given dataset.

With the above training technique, we can predict S1,S|Z0| and use them as hard constraints

by letting Si = 0, resulting in |Z0| constraints. We can further reduce the online computational

cost by reducing the number of constraints to only one. To perform this computation, we train

a single classifier MLPclassifier(S1, · · · ,S|Z0|) to summarize the information and predict whether

there are any collisions throughout the human body, i.e. MLPclassifier is an indicator of whether

Ssum = 0. To make sure that the 0.5 sub-level set is the collision-free subset, we use the cross

entropy loss:

Lentropy =− I(PDe-sum > 0)log(MLPclassifier)

− I(PDe-sum = 0)log(1−MLPclassifier).

3.4.3 Solving Constrained Optimization

Our collision response solver takes a constrained optimization in the following form:

argmin
Zall

∥Zall −Z∗
all∥2

s.t. MLPclassifier

(
S1, · · ·,S|Z0|

)
≤ 0.5.

(3.1)
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The idea is to provide a desired pose Z∗
all for the bilevel decoder, and Eq. 3.1 solves for a

collision-free Zall that is as close to Z∗
all as possible. We solve Eq. 3.1 using the augmented

Lagrangian method implemented in LOQO [196], with all the gradient information computed

via back-propagation through the neural network. This augmented Lagrangian method can start

from an infeasible domain, which means that LOQO allows the hard constraints to be temporarily

violated between the iterations. As a result, LOQO uses gradient information to pull the solution

back to the feasible sub-manifold.

3.5 Evaluation

We implement our method using PyTorch [136]. All the training and testing are performed

on a single desktop machine with a 32-core CPU, 32GB memory, and an NVIDIA GTX 1080Ti

GPU. The training is decomposed into two stages. During the first stage, we train the two-level

human pose embedding architecture using a set of N meshes. This training would optimize only

the |Z0|+ 1 autoencoders and the attention mechanics. After this first stage, we generate a much

larger dataset of M ≫ N meshes by sampling the latent code Zall uniformly in the range:

[1.2min(Zall), 1.2max(Zall)]
|Zall|,

where min(Zallk) < 0, max(Zallk) > 0, and min,max are elementwise over all mesh samples.

We train our collision predictor and classifier on the augmented dataset while fixing the
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|Z0|+ 1 autoencoders and the attention mechanics. This stage uses the loss:

L = wPDLPD + wrankLrank + wentropyLentropy,

which is configured with wPD = 5, wrank = 2, wentropy = 2, and trained using a learning rate

of 0.001 and a batch size of 32 over 30 epochs. We evaluate our method on three datasets: the

SCAPE dataset [10] with N = 71 meshes, the MIT Swing dataset [199] with N = 150 meshes,

and the MIT Jumping dataset [199] with N = 150 meshes. For each dataset, we use all the

meshes to train the embedding space during the first stage, where we set |Z0| = 10 for SCAPE

and |Z0| = 12 for Swing and Jumping. During the second stage, we use 0.7M samples of the

augmented dataset for training and 0.3M samples for validation. We use two settings, one with

M = 5× 104 and the other with M = 2.5× 106.

Baseline MSE RANK CLASSIFY

Ours 6.72× 10−4 6.5× 10−3 82.8%
Lentropy + LPD 5.06× 10−4 9.4× 10−3 81.1%
Lentropy + Lrank - 4.7× 10−3 80.7%
Lentropy - - 80.4%
ND 6.9× 10−4 6.7× 10−3 80.2%

Table 3.1: We compare our method (Ours) with 4 baselines: Lentropy + LPD, Lentropy + Lrank,
Lentropy, and ND (no collision decomposition). For each method, we train on the smaller dataset
with M = 5 × 104 meshes, and we compare their accuracy in terms of predicting penetration
depth energies (MSE), ranking penetration depth energies (RANK), and classifying collision-
free meshes (CLASSIFY). The result shows that our hybrid loss improves the overall accuracy
of collision predictions. Especially, the improvement over ND demonstrates the effectiveness of
decomposing a collision into body parts.

Accuracy of Collision Prediction: We consider several baselines that are essentially sim-

plified variants of our pipeline in Fig. 3.1. We notice that the constrained optimization Eq. 3.1
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only needs the output of MLPclassifier to be correct, which is the goal Lentropy. Therefore,

we consider retaining only Lentropy while removing Lrank and LPD, leading to three baselines:

Lentropy + LPD, Lentropy + Lrank, and Lentropy, where we use the same weights for the retained

terms. In order to demonstrate the power of collision decomposition, we also compare our LCol-

lision with a simplified network architecture that does not decompose the collision into body

parts. For this baseline, we simply use S0 to predict total penetration energy Ssum and classify

collision status, and we modify LPD to only have ∥Ssum−PDe-sum∥. The other two losses LPD

and Lentropy remain the same. This baseline is denoted as ND (no decomposition).

In Table 3.1, we compare the accuracy of baselines in terms of predicting penetration depth

energies, ranking penetration depth energies, and classifying collision-free meshes. To ensure

that our predicted penetration depth energies are accurate, we use the mean squared error (MSE)

of total penetration depth energy averaged over the 0.3M test meshes. To ensure the accuracy

of the ranking penetration depth energies, we randomly formulate a pair for each sample in the

0.3M test meshes, and we record the average ranking margin (RANK). To classify collision-free

meshes, we use the rate of success (CLASSIFY) over the 0.3M test meshes.

From this ablation study, we compare ND and our method to find that penetration decom-

position can improve the accuracy of collision predictions, which also suggests that using the

two parts of the LPD could better inform the network of collision locality. Using penetration

depth energy in the system not only provides gradient information for optimization but can also

boost performance through LPD. Lrank does help improve performance, but its effect is relatively

minor compared to LPD.

Our second study inspects the robustness of our network architecture in terms of the size

of the dataset. As shown in Table 3.2, we tested our method trained using two different M .
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M Dataset MSE RANK CLASSIFY

5× 104
SCAPE 6.72× 10−4 6.5× 10−3 82.8%
Swing 7.27× 10−4 3.38× 10−3 91.2%

Jumping 6.74× 10−4 5.29× 10−3 91.6%

2.5× 106
SCAPE 7.80× 10−4 2.60× 10−3 94.1%
Swing 2.57× 10−4 2.34× 10−3 96.2%

Jumping 6.34× 10−4 5.43× 10−3 95.4%

Table 3.2: We study the robustness of our method in terms of dataset sizes. Increasing the dataset
size M can significantly boost the collision detection accuracy (CLASSIFY). This result implies
that learning to predict collisions is challenging, and a larger training dataset can help improve
the overall results.

Dataset Time (FCL) Time (ours) Speedup
CPU GPU CPU GPU

SCAPE 1min 23s 3.99s 1.02s 21x 81x
Swing 5min 12s 3.78s 0.91s 82x 342x

Jumping 5min 19s 4.23s 1.13s 75x 282x

Table 3.3: We compare LCollision with [132] in terms of the computational cost for collision
detection. [132] only supports the CPU version, while we tested both the CPU and the GPU
versions of our method. All datasets have 1.5× 104 samples (0.3M validation samples for M =
5 × 104). Meshes in the Swing and Jumping datasets have more vertices (9971 and 10002)
than SCAPE (2261), and the complexity of [132] depends on the number of points; thus, exact
collision checking [132] takes more time. However, they all share the same level of latent space
size with SCAPE, and the running times of our method are almost identical.

Increasing M from 5 × 104 to 2.5 × 106 can significantly boost the collision detection accuracy

(CLASSIFY). This result implies that learning to predict collisions is challenging, and a larger

training dataset can help improve the overall results.

Speedup Compared with Exact Collision Checking: The goal of our method is to speed

up the collision detection process over prior, exact methods that are applied to mesh-based repre-

sentations. We compare the running time with [132] on the test set of 5× 104 samples (1.5× 104

samples) for the SCAPE, Swing, and Jumping datasets. The implementation of [132] only sup-
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ports CPU, while LCollision runs on both CPU and GPU. To achieve the best performance

for [132], we run their method using 15 threads in parallel and stop when one collision occurs or

the mesh is reported to be collision-free. For our method, we feed the network with 500 models

at the same time. We optimize the hyper-parameters to obtain optimal performance. We show

the results in Table 3.3 and observe two orders of magnitude speedup.
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Figure 3.4: The joint histogram of number of iterations (Y-axis) and computational time (X-
axis) used for solving the constrained optimization (Eq. 3.1) for the Swing dataset. The average
number of iterations is 5.44 and the average computation time is 1.29s.

The Collision Response Solver: In Fig. 3.3, we show 20 results with successful collision

responses for the SCAPE dataset. To profile the collision response solver quantitatively, we

sample a set of 3000 random human poses by randomizing Zall for both the SCAPE and Swing

datasets. Some of the models have self-collisions and are classified correctly by our learning-

based collision detection algorithm. For each of these meshes, we solve Eq. 3.1 and we consider

a solution successful if the augmented Lagrangian algorithm returns a feasible solution. On
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Figure 3.5: The histogram of relative penetration depth energy change for successful examples,
after solving Eq. 3.1 for the Swing dataset. We see results with decreased penetration energy
as successful ones. Our method achieves a success rate of 85.1%, and we observed an average
relative decrease of 94.3% for these models compared to original penetration energy.

the SCAPE dataset, our method achieves a success rate of 85.6%, and we observe a relative

decrease of 80.9% in penetration energy. On the Swing dataset, our method achieves a success

rate of 85.1%, and we observe a relative decrease of 94.3%. In Fig. 3.4, we plot the number of

iterations and computational time used by the constrained optimizer until convergence for the

Swing dataset. The average iteration is 5.44 and the average time is 1.29s. For the SCAPE

dataset, the average iteration is 2.09 and the average time is 0.25s. In Fig. 3.5, we highlight the

distribution of relative penetration energy change for successful collision response models.

3.6 Conclusion, Limitations, and Future Work

We present LCollision, a method for learning the collision-free human pose sub-manifold.

We use a mesh embedding autoencoder to learn a full human pose manifold and augment it with

additional components to classify the collision-free meshes. Our method decomposes the mesh
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into several sub-domains and learns the decision boundary of the collision-free sub-manifold by

reusing the decomposed sub-domains. Specifically, we learn to predict the penetration depths

aggregated to each sub-domain and then use a binary classifier to predict whether a given mesh

has any collisions. When evaluated on the SCAPE dataset, our method achieves a success rate of

94.1% in predicting collisions and a success rate of 85.6% in collision responses.

Our method has some limitations. Being a learning-based method, our collision predic-

tor cannot achieve a 100% success rate, in contrast to exact collision detection algorithms. This

could pose a problem when our method is used to generate computer animations, where a few

missed collisions can have a considerable impact on the overall simulation accuracy. Moreover,

our learning method can only be applied to models with fixed topology and requires additional

data collection and training for different mesh topologies. In the future, we would like to consider

active learning to collect more data and improve the accuracy of the collision predictor in a self-

supervised manner, and thereby reduce the need for large training datasets. A similar approach

is used in [65, 133] for rigid objects. A second issue is the use of a continuous constraint opti-

mizer [196] for collision responses. These solvers require twice-differentiable hard constraints,

which is not the case in our application because we use non-differentiable ReLU activation units.

It is worth exploring new constraint optimization solvers that could work with non-smooth con-

straints specified by a neural network. There are many issues in terms of incorporating hard

constraints into a neural network. If only soft penalties are needed, we can reformulate the hard

constraint in Eq. 3.1 as a soft penalty term and solve the unconstrained problem via a Newton-

Type method, allowing users to adjust the penetration allowed in the final. We can extend our

work by considering other types of hard constraints such as dynamics and accurate collision re-

sponse models. Finally, since our method uses a hybrid loss, it may compromise the performance
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in some metrics, e.g., the regression loss of the penetration depth. Moreover, techniques based on

parameter estimation can be used to improve the performance of such learning methods [209].
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Chapter 4: N-Penetrate: Active Learning of Neural Collision Handler for Com-

plex 3D Mesh Deformations

4.1 Introduction

Learning to model or simulate deformable meshes is becoming an important topic in com-

puter vision and computer graphics, with rich applications in real-time physics simulation [68],

animation synthesis [147], and cross-domain model transformation [33]. Central to these meth-

ods are generative models that map from high-dimensional deformed 3D meshes with rich de-

tails to low-dimensional latent spaces. These generative models can be trained from high-quality

groundtruth datasets, and they infer visually or physically plausible meshes in real time. These

3D datasets can also be generated using physics simulations [124, 186] or reconstructed from

the physical world using multi-view capture systems [171]. In general, 3D deformable meshes

are more costly to acquire, so 3D mesh datasets typically come in smaller sizes than image or

text datasets. Inference models trained using such small datasets can suffer from over-fitting

and generate meshes with various visual artifacts. For example, human pose embedding net-

works [47, 180] can have excessive deformations, and interaction networks [15] can result in

non-physically-based object motions.

The goal of our research is to resolve a major source of visual artifacts: self-collisions.
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Figure 4.1: Our method (N-Penetrate) consists of a (learned or analytic) latent space, a neural
collision detector, and an optimization-based collision handler. We progressively insert data by
randomly sampling in the latent space (sampler). We then use a Newton-type method to pull
unlabeled samples towards the learned decision boundary (black arrows in the white, feasible
domain). The groundtruth collision labels are generated using an analytic collision detector (pen-
etration computation). Finally, we use three different loss functions for samples on the positive
(orange), negative side (green), and near (blue) the decision boundaries.

Instead of acquiring more data, we argue that domain-specific knowledge could also be utilized

to significantly improve the accuracy of inference models. There have been several prior research

works along this line. For example, [217] exploited the fact that near articulated meshes can be

divided into multiple components, and they train a recursive autoencoder to stitch the compo-

nents together. [227] utilized the locality of secondary physics motions to learn re-targetable and

scalable real-time dynamics animation. Chapter 3 studied learning-based collision avoidance for

3D meshes corresponding to human poses. We proposed a deep architecture to detect collisions

and used numerical optimizations to resolve detected collisions. However, Chapter 3 used a large

mesh dataset to obtain stable performance of neural collision detection. Indeed, a deformed 3D

mesh typically involves more than 104 elements (voxels, points, triangles) where any pair of
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two elements can have collisions. Therefore, a huge amount of data is required to present the

inference model with enough examples of collisions between all possible element pairs.

Main Results: We present a robust method to train a neural collision handler, N-Penetrate,

for complex, 3D deformable meshes using active learning. Our key observation is that the distri-

bution of penetrating meshes can have a long tail and active learning is an effective method for

modeling the tail [50]. Unfortunately, most 3D mesh datasets do not focus on generating samples

in the tail and cannot be used to train stable collision detectors. In order to overcome these issues,

our approach combines three main ideas:

• We use active learning to progressively insert new samples into the dataset. Collision labels

for the new samples are automatically generated;

• We use a risk-seeking approach to prioritize samples near the decision boundary, so that

the inserted samples can best help improve our accuracy;

• We use different loss functions for samples far from and close to the decision boundary.

Our overall approach, N-Penetrate, is shown in Fig. 4.1. We show that our training method

is versatile and can learn to detect collisions for meshes encoded in various low-dimensional

spaces, such as a learned latent-space [216] and a domain-specific human body deformation

representation [107]. For either encoding, we further show that our active learning technique

outperforms supervised learning in terms of data efficacy and accuracy. We evaluate our method

on three types of complex datasets:

• Dressed and undressed human poses, including SCAPE [10], MIT Swing [199], MIT Jump

[199], and AMASS-MPIMosh [114] containing different genders and body shapes with
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54387 meshes;

• Cloth simulations from [216] with complex deformation and self-collisions;

• Human hands captured by a multi-view camera system.

Compared to prior supervised learning approaches, our method exhibits much higher data efficacy

and accuracy (up to 98.1%) and uses fewer training samples (up to 48.12% less). Given a training

dataset of the same size, our method reduces the false negative rate by 14.27% on average, and

we are able to resolve more self-colliding meshes. For a test size with 1 × 104 meshes, our

method only costs 1.32s on the GPU. Overall, ours is the first practical method for neural collision

handling of general, 3D complex meshes.

4.2 Related Work

Generative Model of Dense 3D Shapes: Categorized by shape representations, genera-

tive models can be based on point clouds [146], volumetric grids [211], multi-charts [56], surface

meshes [179], or semantic data structures [61]. We use mesh-based representations with fixed

topologies, as most collision detection libraries are designed for meshes. Some generative models

can learn to represent general meshes of changing topology, e.g., for modeling meshes of hierar-

chical structure [220] or modeling scenes with many objects [152]. However, these applications

typically involve only static meshes with no need for collision detection. There is a separate re-

search direction on domain-specific mesh deformation representation, e.g., SMPL/STAR human

models [107,130], wrinkle-enhanced cloth meshes [89], and skeletal skinning meshes [213]. Our

method is versatile and can be combined with both a learned embedding [179] and a SMPL

representation [107, 130].
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Active Learning: An active learner alternates between drawing new samples and exploit-

ing existing samples. These samples can be drawn guided by an acquisition function in Bayesian

optimization [128] or from an expert algorithm [37]. Active learning has been applied to ap-

proximate the boundary of the configuration space [35, 133, 191], where the feasible domain of

collision constraints is parameterized using a kernel SVM. However, these methods are limited

to rigid or articulated deformations and are not applicable to general 3D deformations. More

broadly, active learning has been adopted in various prior works to accelerate data labeling in

image classification [43] and object detection [2] tasks. These methods progressively identify

unlabeled images to be forwarded to experts for labelling. An alternative method for selecting

the samples is identifying a coreset [139], and the authors of [163] propose a practical algorithm

for coreset identification via k-center clustering. These methods consider a discrete dataset, while

we assume a continuous latent space of samples for training generative models and use a risk-

seeking method to identify critical new samples.

4.3 Neural Collision Handler

We introduce our neural collision handling architecture, based on which we build our active

learning method. All notations are summarized in the symbol table.

A mesh is represented by the graph G = ⟨V,E⟩, where V is a set of vertices, and E is

a set of edges. We assume that all the meshes have the same topology, that is, all the meshes

differ in V while the connectivity E stays the same. We further limit ourselves to manifold tri-

angle meshes, i.e., each edge is incident to at most two triangles, and two triangles are adjacent

if and only if they share an edge. No other assumptions are made on the mesh deformation and
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our method can handle high-resolution meshes consisting of thousands of vertices via efficient

embedding. As a result, our method can represent general, complex meshes from various do-

mains of applications. We denote a mesh as self-collision-free if and only if any pair of two

non-adjacent triangles are not intersecting each other. Our goal is to design a mesh-based gener-

ative neural architecture where we take an input as a coordinate in the latent space and output a

3D mesh without self-collisions. The latent space is defined as a low-dimensional space that can

be mapped to high-dimensional meshes injectively using a learned or analytic decoder function.

Furthermore, the latent-to-mesh mapping is differentiable and supports multiple downstream ap-

plications explained in Sec. 4.3.3. We have experimented with two latent-spaces, a learned bilevel

autoencoder [216] and the SMPL human body representation [107], which we briefly review be-

low.

4.3.1 Bilevel Autoencoder

The bilevel autoencoder architecture maps a deformed mesh to two levels of latent codes.

We only want to encode intrinsic mesh information such as curvatures instead of extrinsic rigid

transformations because mesh shapes are invariant to extrinsic transformation. Therefore, we first

use the as-consistent-as-possible (ACAP) feature transformation [46] to factor out rigid transfor-

mations. The ACAP feature vector is first brought through the level-1 autoencoder and mapped

to a latent code Z0. We further hypothesize that the error is sparsely distributed throughout the

mesh vertices. Therefore, we then use an attention mechanism trained with a sparsity prior to

decompose the mesh into sub-domains. The sparsity prior is designed such that each domain can

be mapped to a single axis of the latent space, i.e., a single entry of Z0. Afterwards, a set of
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|Z0| level-2 autoencoders is introduced to further reduce the error, with each autoencoder dedi-

cated to one entry of Z0. Their latent codes are denoted as Z1, · · · , Z|Z0|. The ultimate mesh is

reconstructed from Zall by combining level-1 and level-2 latent codes:

Zall =

(
Z0, Z1, · · ·, Z|Z0|

)
D(Zall, θD) =

|Z0|∑
i=0

Di(Zi, θDi
)

V =ACAP−1(D(Zall, θD)),

where Di is the ith decoder, with θDi
being the learnable parameters. The mesh vertices V

are reconstructed by inverting the ACAP transformation. Correspondingly, we have the encoder

defined as E(ACAP(V ), θE) = Zall, which maps the vertices of a mesh to the latent space, with

θE being the learnable parameters.

Mesh A

Mesh B

Figure 4.2: PD
(red arrow) is the
locally minimal
translation for
mesh B (orange)
to be collision-
free from mesh A.

Our neural collision detector predicts whether the mesh V is subject to

self-collisions using latent information Zall. The extent to which two meshes

collide can be measured by the notion of Penetration Depth (PD) [224], de-

fined by the norm of the smallest configuration change needed for a mesh

to be self-collision-free, as illustrated in Fig. 4.2. It is well-known that PD

is a non-smooth function of V (esp. at the boundaries), thereby making it

difficult to resolve collisions by minimizing PD. By choosing appropriate

activation functions (tanh and CELU in our case), we design the neural col-

lision detector to be a differentiable approximation of PD. As a result, gradient information can

be propagated to a collision handler to minimize PD.
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Since collisions can happen between any pairs of geometric mesh primitives, a collision de-

tector should consider possible contacts between any pair of sub-domains, leading to a quadratic

complexity O(|Z0|2). We use a global-local detection architecture that effectively reduces the

number of learnable parameters. Specifically, we introduce a global collision state encoder S0 =

CSE(Zall, θC) and a set of local collision predictors Si = CP(S0, Zi, θC), with i = 1, · · · , |Z0|,

which predicts whether the ith sub-domain is in collision with the rest of the mesh. Finally, the

collision information for all local collision predictors is summarized using a classifier network

MLPc(S1, · · · , S|Z0|) to derive a single overall collision classifier:

S0 ≜CSE(Zall, θC)

Si ≜CP(S0, Zi, θC)

Ic(Zall) ≜I(MLPc(S1, · · · , S|Z0|, θC) ≥ 0.5),

where θC is the learnable parameters. The feasible space boundary of collision-free constraints

corresponds to the 0.5-levelset of MLPc.

4.3.2 SMPL Human Pose Representation

The SMPL model represents a human body shape using two kinds of parameters: body

pose and body shape. In order to determine mesh vertices V , SMPL uses a template mesh of a

reference body shape and pose V 0. The variation in body shape is addressed by adding a linear

perturbation: V 0
s = V 0 +

∑
i ZβiBi, where Bi is a set of shape variation bases and Zβi are the

corresponding shape coefficients. From V 0
s , SMPL derives the final V using standard linear blend

skinning: V = D(Zθ, V
0
s ), where we unify the notations for both mesh embedding methods and
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reuse the symbol D for the linear blend skinning function. Here Zθ is the pose parameters. The

overall latent information for the SMPL model is Zall = (Zβ Zθ). We refer readers to [107]

for more details. We use the collision detector offered by [121] on the bodies generated by the

SMPL model to neglect natural intersections around nearby tissues. Nevertheless, we still use

PD to represent the energy measuring the collision extent. Since no domain decomposition is

involved, we predict a single collision value S and use a standard MLP as our collision detector

taking S as input, i.e.,:

S ≜CP(Zall, θC)

Ic(Zall) ≜I(MLPc(S, θC) ≥ 0.5).

4.3.3 Optimization-Based Collision Response

Following Chapter 3, we design our collision detector MLPc to be differentiable. Suppose

we take as input a randomly sampled latent code Zuser
all , which might not satisfy the collision-

free constraints, we project that latent code back to the feasible domain by solving the following

optimization problem under neural collision-free constraints using the Augmented Lagrangian

Method (ALM):

argmin
Zall

E(Zall) s.t. MLPc(S1, · · · , S|Z0|, θC) ≤ 0.5, (4.1)

where E(•) is some objective function, which can take multiple forms, as specified by down-

stream applications. In the simplest case, we take as input a desired Zuser
all , and we can define

E(Zall) = ∥Zall − Zuser
all ∥2/2, which is only related to latent space variables. As a more intuitive
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interface, the user might want to change meshes in the Cartesian space instead of the of latent

space. For example, if the user wants a human hand to be at a certain position V user, we could

define E(Zall) = ∥D(Zall)−V user∥2/2. A desirable feature of Eq. 4.1 is an invariant problem size.

However many vertices a mesh has, there is only one constraint, which guarantees high test-time

performance. Moreover, it has been shown in Theorem 10.4.3 of [178] that ALM either finds a

feasible solution or returns an infeasible solution that is closest to the boundary of the feasible

domain. In other words, ALM always makes a best effort to resolve collisions, even if feasible

solutions are not available.

4.4 Active Learning Algorithm

The goal of active learning is to iteratively improve the accuracy of the neural collision

detector. We assume the availability of an existing dataset D of “high-quality” meshes with

deformed vertices D = {V 1,2,··· ,|D|}, which is used to train the mesh embedding component.

(Note that SMPL also requires a dataset D to learn the linear blend skinning weights). We

assume that meshes in D are collision-free but the meshes reconstructed using function D can

still suffer from collisions due to embedding error after training, and users might explore the

latent space in regions that are not well covered by the training dataset. As a result, our neural

collision detector cannot be trained with D alone. This is because D only contains negative

(collision-free) samples, while the neural collision detector must learn the decision boundary

between positive and negative samples. In other words, the neural detector must be presented

with enough samples to cover all possible latent codes with both self-penetrating and collision-

free meshes. We denote the training dataset of neural collision detectors as another set: Dc =
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{⟨Zi
all, I

∗
c (Z

i
all)⟩ |i = 1, 2, · · · , |Dc|}, where I∗c (•) is the groundtruth 0− 1 collision state label.

The groundtruth collision state label can be generated automatically using a robust algo-

rithm such as [132], to compute PD, where a positive PD indicates self-collisions, so we can

define I∗c (Zall) ≜ I(PD(Zall) > 0), where PD(Zall) > 0 means first recovering the mesh V from

Zall and then compute PD via [132]. However, the cost to compute penetration depth, PD(•), is

superlinear in the number of mesh vertices, and computing PD for an entire dataset can still be a

computational bottleneck. Moreover, we are considering a continuous space of possible training

data that cannot be enumerated. To alleviate the computational burden, we design a three-stage

method, as illustrated in Fig. 4.1. During the first stage of bootstrap, we sample an initial bound-

ary set, by which we train MLPc to approximate the true decision boundary. At the second stage

of data augmentation, new training data is selected and progressively injected into a dataset. Fi-

nally, for the third stage, our neural collision detector is updated to fit the augmented dataset.

The criterion for selecting the subset is critical to the performance of active learning. Since our

neural collision predictor provides constraints for a nonlinear optimization method, we observe

that samples far from the boundary are not used by the optimizer and only the boundary of the

feasible domain (gray area in Fig. 4.1 right) is useful. Therefore, we propose using a Newton-

type risk-seeking method to push the samples towards the decision boundary. We provide more

details for each step below.

4.4.1 Bootstrap

Active learning would progressively populate Dc, so prior work [2] simply initializes the

dataset to an empty set. However, we find that a good initial guess can significantly improve the
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convergence of training. This is because we select new data by moving (randomly sampled) latent

codes towards the decision boundary of the PD function using a risk-seeking method. However,

the true boundary of the collision-free constraints corresponds to the boundary of C-Obstacles,

which is high-dimensional and unknown to us (PD is a non-smooth function, so we cannot even

use gradient information to project a mesh to the zero level-set of PD). Instead, we propose using

the learned neural decision boundary, i.e., the 0.5-levelset of MLPc, as an approximation. If we

initialize Dc = ∅, the surrogate decision boundary is undefined, and the training might diverge

or suffer from slow convergence. For our bootstrap training, we uniformly sample a small set

of Ninit latent codes Zall at random positions from the latent space and compute PD for each of

them. We define a valid space of sampling by mapping all the data Zi
all ∈ D to their latent codes

and compute a bounded box in the latent space:

Z =

|Z0|∏
j=0

[
min

i=1,··· ,|D|

[
eTj Z

i
all

]
, max
i=1,··· ,|D|

[
eTj Z

i
all

]]
.

We hypothesize that all the meshes can be embedded using our autoencoder or the SMPL

model with small error corresponding to latent codes inZ , so we can initializeDc = {Z1,··· ,Ninit
all |Zi

all ∼

U(Z)}. We then divide the data points into three subsets (Dc = Dp

⋃Dn

⋃Db, illustrated in

Fig. 4.1 right):

Dp ≜{
〈
Zi

all, Ic(Z
i
all)

〉
|PD(Zall) > ϵ}

Dn ≜{
〈
Zi

all, Ic(Z
i
all)

〉
|PD(Zall) = 0}

Db ≜{
〈
Zi

all, Ic(Z
i
all)

〉
|PD(Zall) ∈ (0, ϵ]}.

(4.2)
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Here, Dp is the positive set consisting of samples with penetrations deeper than a threshold

ϵ, Dn is the negative set consisting of collision-free samples, and Db is a boundary set where

samples are nearly collision-free and lie on the decision boundary. We will introduce our new

loss term for the boundary set in Sec. 4.4.3.
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Figure 4.3: We plot the accuracy of the neural collision detector against the dataset size. The
baselines are trained using the same amount of data. On average, ours achieves 1.62% higher
accuracy than Supv. From left to right: SCAPE, Swing, Jump, Skirt, Hand, and AMASS.
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Figure 4.4: We plot the false negative rate against the dataset size. The baselines are trained
using the same amount of data. On average, ours achieves a 13.59% lower false negative rate
than Supv. From left to right: SCAPE, Swing, Jump, Skirt, Hand, and AMASS.
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Figure 4.5: We plot the success rate of the neural collision handler against the dataset size.
Our method resolves 22.73% more collisions than Supv+bd. From left to right: SCAPE, Swing,
Jump, Skirt, Hand, and AMASS.

4.4.2 Data Aggregation

The accuracy of our neural collision detector can be measured by the discrepancy between

the surrogate decision boundary deemed by MLPc and the true decision boundary of PD, formu-
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lated as:

E{Zall∼Z|PD(Zall)=0} [CE(Ic(Zall), I
∗
c (Zall))] ,

which is an expectation over the true decision boundary. Here CE is the cross-entropy loss.

However, it is very difficult to derive a sampled approximation of the above metric because PD is

a non-smooth function whose level-set is measure-zero, which corresponds to the boundaries of

C-obstacles. Instead, we propose to take the expectation over the surrogate decision boundary:

E{Zall∼Z|MLPc(Zall,θC)=0.5} [CE(Ic(Zall), I
∗
c (Zall))] .

Generally speaking, the 0.5-level-set of MLPc can also be measure-zero, but we have designed

our neural networks D,CSE,CP,MLPc to be differentiable functions. As a result, we could

always project samples onto the 0.5-level-set by solving the following risk-seeking unconstrained

optimization:

argmin
Zall

1

2
∥MLPc(Zall, θC)− 0.5∥2.

We adopt the quasi-Newton method and update Zall using the following recursion:

Zall − H̄−1∇MLPc(MLPc − 0.5), (4.3)

where H̄ is some first-order approximation of the Hessian matrix, which is much faster to com-

pute than the exact Hessian, which requires the second-order term ∇2MLPc. In summary, we
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would sample a new set of size Naug/2 from previous Dc during each iteration of data augmen-

tation. For each sampled Zall, we project Zall to the surrogate decision boundary using Eq. 4.3

recursively until the relative change within Zall is smaller than ϵz between consecutive iterations.

For datasets based on the SMPL model, we randomly choose to fix Zβ or not. We also sample

Naug/2 directly from U(Z), using random samples to discover uncovered regions, which achieves

a balance between exploitation and exploration. Finally, we classify Zall into either one of Dp,n,b,

according to Eq. 4.2 using the penetration depth.

4.4.3 Model Update

After Dc has been updated, we fine-tune CSE,CP,MLPc by updating θC using the follow-

ing loss functions:

L = wPDLPD + wrLr + wceLce + wbLb,

where w• are weights corresponding to each type of loss. Our first term LPD is a regularization

that enforces consistency between Si and true PD, defined as:

LPD = E{Zall∈DC}

 |Z0|∑
i=1

∥Si − PDi∥2 + wPDsum∥
|Z0|∑
i=1

Si − PD∥2
 ,

where we penalize both the domain-decomposed penetration depth PDi defined in Chap-

ter 3 and the total penetration depth with weight wPDsum. Our second termLr is a marginal ranking

loss that enforces the correct ordering of penetration depth to avoid over-fitting, defined as:
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Lr = E{Za,b
all ∈DC |PDa<PDb}

max(0, α− (

|Z0|∑
i=1

Sa
i −

|Z0|∑
i=1

Sb
i )

 ,

where α is the maximal allowable order violation. We use superscripts to distinguish two

samples drawn from DC . Note that the domain-decomposition is only used for bilevel autoen-

coders and omitted in the SMPL representation. Therefore, for SMPL, we only use the overall

collision value S in the regression loss LPD and the marginal ranking loss Lr. There are no other

terms for sub-domains. Our third term measures the discrepancy between MLPc and PD over the

entire latent space:

Lce = E{Zall∈Dp
⋃

Dn} [CE(Ic(Zall), I
∗
c (Zall))] .

The last term is performed on the new boundary set Db. We propose using the l1-loss

function for Db to approximate the decision boundary:

Lb = E{Zall∈Db} [∥MLPc(Zall, θC)− 0.5∥] . (4.4)

We update our neural collision detector with objective function L by running a fixed number

of training epochs, denoted as Nepoch, with θC warm-started from the last iteration of the model

update.
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Figure 4.6: Representative examples of collision handling on the five datasets: (a) SCAPE;
(b) MIT Swing; (c) MIT Jump; (d) Skirt; (e) Hand; (f) AMASS. For each example, we show
the given self-penetrating mesh (left), our result (middle, Active+bd), and Supv+bd (right). In
comparison, our method can resolve more collisions, while we keep the output model closer to
the input and reduce unnecessary deformations in Supv+bd.

4.5 Evaluation

Datasets: We evaluate our method on six datasets. The first three (SCAPE [10] with

N = 71 meshes each having 2161 vertices, MIT Swing [199] with N = 150 meshes each having

9971 vertices, and MIT Jump [199] with N = 150 meshes each having 10002 vertices) contain

human bodies with different sets of actions and poses. The forth one is a skirt dataset introduced

by [216] that contains N = 201 simulated skirt meshes synthesized by NVIDIA clothing tools,

each of which has 2830 vertices. The skirt is deformable everywhere, and the dataset is rather

small. Obtaining stable performance in this case is challenging and we observe reasonably good

results using active learning. Our fifth one is a custom dataset of human hand poses. We captured
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various hand poses and transitions between the poses in a multi-view capture system. We ran

3D reconstruction [45] and 3D keypoint detection [167] for the captured images and registered a

linear blend skinning model consisting of 2825 vertices for each frame of the data [44], resulting

in N = 7314 meshes. The first five datasets use the bilevel autoencoder for embedding. Our sixth

dataset comes from the captured motion model repository AMASS [114], which uses SMPL to

embed human body shapes. We choose one subset MPIMosh covering 19 subjects with different

genders and body shapes. Suggested by [121], we sample at half of its original frame rate and

get N = 54387 meshes each having 6890 vertices.

SCAPE Swing Jump Skirt Hand AMASS

Ninit 200000 10000 10000 5000 200000 15000
Naug 50000 5000 5000 5000 50000 5000

Table 4.1: Ninit and Naug used by each dataset.

Implementation: We implement our method using PyTorch and perform experiments on

a desktop machine with an NVIDIA RTX 2080Ti GPU. If the bilevel autoencoder is used, we

begin by training ⟨θE, θD⟩ using Adam with a learning rate of 0.01 and a batch size of 128 over

3000 epochs. When we train the embedding network, we empirically use 10 sub-domains for the

SCAPE and Skirt datasets, and 12 for the Swing, Jump, and Hand datasets. For neural collision

detector training, we choose the following hyper-parameters: ϵ = 1 × 10−4, wPD = 5, wPDsum =

0.2, wr = 2, wce = 2, wb = 0.5. We bootstrap by supervised learning θC on Ninit data points.

We progressively inject data points into Ninit until the “elbow point” of accuracy vs. sample size

is reached, which is detected using [161]. For each experiment, we train θC using Adam with a

learning rate of 0.001 and a batch size of 512 over Nepoch = 100 epochs. We choose suitable Naug

according to Ninit. The Ninit and Naug used for each dataset are summarized in Table 4.1. During
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data aggregation, we terminate Newton’s method when the relative changes of Zall are less than

ϵz = 10−7. For each subsequent iteration of active data augmentation, we fine-tune θC using

Adam and adjust the learning rate, batch size, and Nepoch using the performance on the validation

set. For collision handling, we run ALM until Eq. 4.1 is satisfied.

Collision Detection: We compare our method with two baseline algorithms. The first

one (as Chapter 3 shows, denoted as Supv) trains θC using supervised learning, where Dc is

constructed by randomly sampled poses from U(Z) and boundary set Db where the associated

loss Eq. 4.4 mentioned in Sec. 4.4.1 is not used, i.e., wb = 0. Our second baseline (denoted

as Supv + bd) also uses supervised learning, but the boundary set and loss in Eq. 4.4 are used.

Our proposed method, N-Penetrate, is denoted as Active + bd. After k iterations of active data

augmentations, we have a dataset with Ninit+kNaug points for training θC . For fairness, we train

our two baselines using Ninit + kNaug points randomly sampled from U(Z) for each iteration.

For all the methods, we use 80% of the data for training and the rest are used as a validation set

for hyperparameter tuning (learning rate, batch size, and Nepoch). For each dataset, we create a

test set with 7.5× 105 samples from U(Z), which is unseen in the training stage, to evaluate the

performances. The performances of neural collision detectors are evaluated based on two metrics:

the fraction of successful predicates (accuracy) and the fraction of times a self-penetrating mesh is

erroneously predicted as collision-free (false negative rate). False negatives are more detrimental

to our applications than false positives as we want to detect and eliminate colliding samples

using our collision handler, while we can tolerate a few false positive samples. As illustrated in

Fig. 4.3 and Fig. 4.4, our method effectively improves both metrics. The performance after active

learning is summarized in Table 4.2. We reach an accuracy of 85.6 − 98.1% compared with the

groundtruth generated by the exact method [121, 132].
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metric SCAPE Swing Jump Skirt Hand AMASS

final dataset size 5.5× 105 4.5× 104 4.5× 104 4× 104 5.5× 105 5× 104

accuracy (Ours (Active+bd)) 0.9383 0.9638 0.9552 0.9817 0.9692 0.8563
accuracy (Supv+bd) 0.9282 0.9609 0.9500 0.9795 0.9650 0.8551

accuracy (Supv) 0.9181 0.9460 0.9347 0.9660 0.9558 0.8526

false neg. (Ours (Active+bd)) 0.05151 0.01485 0.02573 0.01808 0.03582 0.17656
false neg. (Supv+bd) 0.05576 0.01766 0.02644 0.01956 0.03652 0.18422

false neg. (Supv) 0.06914 0.01969 0.02713 0.02056 0.03727 0.19654

equi. dataset size (Supv+bd) 6.63× 105 7.64× 104 7.02× 104 7.71× 104 7.30× 105 7.40× 104

Table 4.2: We summarize the accuracy and false negative rate of three methods under comparison.
We also include the equivalent dataset size for the baseline to reach the same performance as our
method.

On average, our method achieves 1.62% higher accuracy and a 13.59% lower false negative

rate than Supv. In the last row of Table 4.2, we measure an equivalent dataset size, which is

defined as the size of the dataset needed by Supv+bd to achieve the same accuracy as our method.

We derive this number by interpolating on experimental results of Supv+bd. The results show that

our method achieves a similar accuracy using a 34.6% smaller dataset than Supv+bd on average.

Cross-dataset validation: We can use a pre-trained collision detector module, if the rep-

resentation is compatible with our mesh embedding module (i.e. use the same autoencoder archi-

tecture or SMPL/LBS models). For example, we use the AMASS-MPIMosh subset to initialize

the sampling range for our augmented dataset and train the collision predictor for SMPL. We eval-

uate the performance of the trained predictor on the AMASS-HDM05 dataset for cross-dataset

validation and summarize the results in Table 4.3. This new test set has a total of 520276 mod-

els, of which 49879 have self-collisions. This is 10× larger than the AMASS-MPIMosh dataset.

Overall, our method can explore the entire latent space and obtain good prediction accuracy on

challenging unseen datasets through active learning.
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Metric Supv Supv+bd Ours (Active+bd)

Accuracy 0.7235 0.7622 0.7950

False Negative Rate 0.3018 0.2803 0.2706

Table 4.3: Cross-dataset Validation on the AMASS-HDM05 dataset using pre-trained model for
AMASS-MPIMosh.

Running Time: We have compared our neural collision detector with the BVH-based

exact method provided as part of the FCL library [132] on a dataset with 1× 104 meshes, which

is unseen by our learning method. We compared the CPU-based implementations on an Intel

Xeon Silver 4208 CPU (32 cores). Our neural method is implemented using PyTorch and we

evaluate both the CPU and GPU versions. We compare to a parallel and tuned version of the

BVH-based algorithm in FCL using 15 threads. We can achieve a 29 − 124× speedup over the

BVH-based collision detection (Table 4.4).

SCAPE Swing Jump Skirt Hand

FCL (parallel BVH-based collision checker) 37.84s 134.1s 135.7s 43.82s 42.7s

Ours (CPU) 1.05s 1.20s 1.16s 1.13s 1.46s
Ours (GPU) 0.922s 1.14s 1.09s 0.956s 1.32s

Speedup (CPU) 36.03 111.75 116.98 38.78 29.25
Speedup (GPU) 41.04 117.62 124.50 45.84 32.35

Table 4.4: Comparing our neural method with exact collision checking in FCL. Our method
achieves up to a 124× speedup.

Collision Handling: We plug the trained neural collision detectors into ALM and compare

our method, Supv, against Supv+bd in terms of resolving self-penetrating meshes. To this end,

we randomly sample 10000 self-penetrating, unseen Zuser
all from U(Z), and use Eq. 4.1 to derive

Zall. For the SMPL model, we will fix Zβ in the optimization to maintain the body shape for each

sample. We compare the performance based on relative PD reduction defined as:
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Figure 4.7: We plot the joint distribution of relative PD reduction (Y -axis) and embedding
difference (X-axis) over successfully collision-handled test meshes in the SCAPE dataset for our
method and Supv+bd. Our method resolves more collisions (average PD reduction 94.81% vs.
88.76%) while remaining closer to the input (average embedding difference 56.17 vs. 66.11) as
compared with Supv+bd.

PD(ACAP−1(Zuser
all , θD))− PD(ACAP−1(Zall, θD))

PD(ACAP−1(Zuser
all , θD))

.

Collision resolution is completely successful if this value equals one, which may not al-

ways happen because ALM uses soft penalties to relax hard constraints. Thus, we consider a

solution successful if the value is greater than 0. We plot the success rate against the dataset size

in Fig. 4.5, which shows that our method resolves 22.73% more collisions than Supv+bd. Thanks

to our risk-seeking data aggregation method, our method monotonically improves the collision

handling success rate when more data points are injected, while Supv+bd exhibits unstable per-

formance. Since Supv uses the same randomly sampled dataset as Supv+bd, the performance ex-

hibits similar instability. Meanwhile, our novel boundary loss improves the results for Supv+bd,
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since it can better approximate the decision boundary. Another criterion for good collision han-

dling is the embedding difference – the objective function in Eq. 4.1. We want the output to be as

close to the input as possible. We plot the relative PD reduction vs. embedding difference over

successfully collision-handled test meshes in the SCAPE dataset for our method and Supv+bd

in Fig. 4.7. The mean relative PD reduction for our method is 94.81% and the mean embedding

difference is 56.17, compared to 88.76% and 66.11, respectively, for Supv+bd. The results show

that our method resolves more collisions while the outputs stay closer to the input latent codes.

Some exemplary results are shown in Fig. 4.6.

4.6 Conclusion & Limitations

We present an active learning method for training a neural collision detector in which train-

ing data are progressively sampled from the learned latent space using a risk-seeking approach.

Our approach is designed for general 3D deformable meshes, and we highlight its benefits on

many complex datasets. In practice, our method outperforms supervised learning in terms of

accuracy, false negative rate, and stability. As a major limitation, our collision handler does not

consider physics models. Physics models can be incorporated in the future via a learning-based

physics simulation approach such as [34, 227]. The design of an appropriate mesh embedding

module for collision handling is another challenge. Currently, we empirically choose network ar-

chitectures and parameters, e.g., the number of sub-domains for different mesh types. It would be

useful to extend our method to handle collisions between multi-objects by concatenating the rep-

resentations of all the objects. For example, we can predict the collisions for human-environment

interactions [63, 207]. We are also interested in extending these ideas to other formulations, e.g.,
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part-based occupancy networks [119] or SDF networks [7]. It would also be useful to combine

these optimizations with learning methods [87] and design a combined formulation for predict-

ing high-fidelity human models, where our learned collision constraints could be directly used to

handle self-collisions.
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Chapter 5: A Repulsive Force Unit for Garment Collision Handling in Neural

Networks

5.1 Introduction

Predicting how a 3D garment deforms in response to the underlying 3D body motion is

essential for many applications, including realistically dressed human body reconstruction [22],

interactive garment design [205], virtual try-on [159], and robotics control [181]. To generate

accurate cloth deformations, most techniques are based on physically-based simulation (PBS).

Common physically-based models include the mass-spring system [12, 30], the finite element

approach [90, 124], the thin-shell model [54], etc. However, these methods tend to be computa-

tionally intensive since they typically involve solving large linear systems and handling collisions.

In particular, robust collision handling based on collision detection and response computation is

w/o ReFU w/ ReFU

Figure 5.1: Collisions solved by applying ReFU in garment prediction neural networks. Our
approach reduces the number of artifacts.
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a critical component of cloth or garment simulation. Even a single missed collision can consid-

erably affect the accuracy of the overall simulator [27, 53]. The most accurate physically-based

simulators run at 0.5 seconds per frame on commodity GPUs [189], where collision handling can

take 50-80% of total simulation time. As a result, these simulators are unable to provide real-time

performance for interactive applications such as gaming and virtual try-on.

Machine learning methods provide a promising direction to dramatically reduce the com-

putational cost of cloth simulators. Hence, in recent years, various neural network methods have

been proposed to predict 3D cloth deformations. However, a common setback of such methods is

the lack of efficient handling of collisions between the garments and the body surface as shown

in the yellow garments in Fig. 5.1. In our experiments (Sec. 5.4), we observe that only 49%

of garments predicted from TailorNet [138], a state-of-the-art neural network based 3D garment

prediction method, are collision-free. For some tight clothes like shirts, only 12% of models are

collision-free. Thus, the resulting state of the cloth mesh can collide with the body mesh, which

affects the reliability and usefulness of these methods for many applications related to rendering,

simulation, and animation [28, 144, 200]. As a result, it is important to design learning methods

that can significantly reduce or eliminate such collisions.

One option to address the body-cloth collision problem is to perform post processing opti-

mizations [58]. However, these optimization approaches can take considerable CPU time (around

0.6-0.8s per frame), which can be too expensive for interactive applications. A more common

practice is to apply specialized collision loss functions during training [19–21,59,159]. However,

this only provides a soft constraint to avoid collisions for network training, and the network still

cannot handle the penetrated vertices when collisions happen during inference.

Main Results: To let the network learn to solve the collisions through inference, we propose
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a novel neural network layer called Repulsive Force Unit (ReFU). ReFU is fully differentiable

and can be plugged into different garment prediction backbone networks, trained either through

fine-tuning or from scratch.

Our design of ReFU is inspired by physically-based simulators [41, 113, 190], which use a

scheme that collects repulsive forces, friction forces, and adhesion forces as part of time integra-

tion. Our goal is to design a learning scheme that can model the effects of repulsive forces and

can easily cope with existing 3D garment prediction networks. We compute the force based on

the implicit field of the body geometry to quickly detect the set of penetrated garment vertices

and the repulsive direction. The repulsive strength is predicted by the neural network inside the

ReFU layer. Instead of simply pushing the problematic garment vertices to the body surface,

ReFU applies a flexible offset to move them. This improves the overall collision handling per-

formance, avoids additional Edge-Edge (EE) collisions that normally cannot be detected by the

signed distance of the vertices, and overcomes the artifacts in the estimated implicit functions of

the human body. To achieve real-time performance for the whole garment prediction system, we

leverage the power of neural implicit surface representation and use a neural network to quickly

estimate the approximate Signed Distance Function (SDF) of the human body under different

poses [55].

To evaluate ReFU with different backbones, we train it with TailorNet [138], the state-

of-the-art 3D garment prediction network, and a 3D mesh convolutional neural network [230].

Our experiments show that backbone networks trained with ReFU can significantly reduce the

number of body-cloth collisions while achieving real-time performance for the whole garment

prediction system during testing. The ReFU layer and SDF network will only add 2 milliseconds

of inference time to the overall system. Overall, our method achieves much better results in terms
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of the number of interpenetrating vertices, the number of collision-free 3D garment models, and

the reconstruction error of the generated garments. Compared to prior learning-based methods,

the use of ReFU results in garment meshes with fewer artifacts and higher visual quality.

5.2 Related Work

Cloth Prediction using Machine Learning: Many fast techniques have been used to pre-

dict cloth deformation in 3D. These include simple linear models such as [36, 58] and motion

graph methods [81]. More recent works use neural networks [19–21, 59, 138, 159, 160]. Many of

these learning methods have been designed for SMPL-based [107] parametric obstacle models,

including human shapes. Other methods are designed for general triangle mesh-based obsta-

cles [68]. The GarNet network architecture [59] can predict the cloth deformation from the target

posture with DQS pre-processing. However, these learning methods do not explicitly account for

cloth-obstacle collisions.

Learning-Based Collision Handling: Several techniques have been proposed to handle

collisions in machine learning methods. In Chapter 3, we estimated a collision-free subspace for

3D human models, but it is not practical to compute a similar subspace for deforming garments

as they have a lot of degrees of freedom. Its performance can be improved using active learning,

as shown in Chapter 4, but still, this approach is limited by the use of numerical optimization

algorithm. These methods can’t be combined with general garment prediction backbone net-

works. Many recent works [19–21, 59] use collision loss to penalize penetrated garment-body

pairs during training. However, these methods have no component or feature in the network that

can resolve these penetrations during inference.
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Canonical Space Posed Space Recently, Santesteban et al. [160] proposed a self-supervised collision

handling method, but it requires strict additional restrictions on the training

data, i.e., that both garments in the global space and the canonical space must

be collision-free. However, most public garment datasets cannot satisfy this restriction. We show

an example on the left from TailorNet dataset which is collision-free in canonical space, but not

in the posed space.

To solve the collision problems for the testing set, a simple approach is to perform post-

processing on the predicted cloth by detecting the vertices inside the human body and moving

them directly to the nearest point on the body surface [68, 159]. However, there are two issues

with these approaches: first, computing nearest points on the body surface is time-consuming;

second, simply moving the garment vertices may generate abrupt cloth movements and lose some

properties of the original garment.

x’’i

xi

xp
xq

xp

xi

xj

xq

Backbone (TailorNet)

R
eF

U

SDF
Shape β, 

Pose θ, 

Style γ

{xi}

{x’’i}z

{f(xi)},
{𝛁f(xi)} xjdi

Figure 5.2: A garment inference model with ReFU: Given body shape β⃗, pose θ⃗, and garment
style γ⃗ parameters, the backbone network is used generate a deformed garment with potential
body-cloth collisions. Our ReFU layer is attached to the backbone and processes every point
{xi}Ni=1 in the garment. This layer first checks whether the point is inside the human body or
not based on the SDF value f(xi). If it is outside, ReFU directly outputs the point. Otherwise,
ReFU will apply a repulsive force along the direction of the gradient of the SDF ∇f(xi) with a
predicted amount of movement di. Finally, we collect all the vertices passed through the ReFU
layer and obtain a 3D garment mesh with fewer collisions.
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5.3 Collision Handling using ReFU

In this section, we will first explain the formulation of the Repulsive Force Unit (ReFU)

(Sec. 5.3.1) then describe how to apply and train it in the garment prediction backbone network

as an additional network layer using the example of TailorNet [138] (Sec. 5.3.2). Finally, we

will present how we train a neural network to quickly estimate the SDF for the human body

(Sec. 5.3.3). Our overall learning-based pipeline is shown in Fig. 5.2. With a neural network-

based SDF approximation, our system can achieve real-time performance for garment prediction

given the body pose and shape parameters.

5.3.1 ReFU: Repulsive Force Unit

The goal of body-cloth collision handling is to find the penetrating garment vertices and

move them to the proper positions to resolve the collision while preserving original wrinkles and

other details on the garments. Let Nc be the number of vertices that need to be moved. The

degrees of freedom of this set of vertices result in a large solution space of dimension 3Nc. Our

goal is to reduce the dimension of the solution space. Inspired by prior work in physically-based

simulation [41,190], we design the Repulsive Force Unit (ReFU) to move the vertices only along

a repulsion direction, which is toward the closest point on the body surface. Our formulation of

ReFU can be seen as applying a virtual repulsive force to move the penetrated vertex outside the

human body.

To find the repulsion direction, ReFU uses the implicit representation of the body, i.e., the

signed distance function (SDF). Given a query point x, the SDF function f returns its distance to

the closest point on the corresponding surface, and its sign is associated with whether the point
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is inside (negative) or outside (positive) the surface:

f(x) = s, x ∈ R3, s ∈ R. (5.1)

The zero-level set of f(x) indicates the surface.

Given the nature of SDF, we can quickly determine whether a vertex xi on the garment

mesh is inside or outside the body. For xi with negative SDF value, the gradient of the SDF

at xi is pointing towards the nearest point on the surface along the normal direction. Thus, we

formulate ReFU as

ReFU(xi) =


xi − di ̂∇xi

f(xi), f(xi) < 0;

xi, otherwise,

(5.2)

where di is a predicted offset scalar indicating the amount of movement, and ∇̂xf(·) is the

normalized gradient of f at x, indicating the direction of movement, calculated as below:

∇̂xf(x) =
∇xf(x)

∥∇xf(x)∥2
(5.3)

Although the gradient of accurate SDF should be a unit vector [32, 55], the approximated

SDF by neural networks [111, 169] might not strictly satisfy this property. Thus, we need to

normalize the gradient in practice.
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5.3.1.1 A Learned Moving Offset

xp xq

xi xj

xi’ xj’
xj’’

xi’’

Body Mesh
Body Surface

Direction Given by the Gradient of SDF

Figure 5.3: We show an example of resolving vertex-face (VF) and edge-edge (EE) collisions.
Assume the blue polyline is a part of the human body mesh, and the light blue region is the body
represented by the SDF estimator f . We show four garment vertices xi,j,p,q, where xi,j are inside
the human body and xp,q are outside of it. The dotted arrows are the repulsive force directions
given by the gradient of f . If we set αi,j = 1 and the moving offset to be |f(xi,j)|, the vertices
will moved to x′

i,j . While the collision along the edges xpx′
i and xqx′

j are resolved, the edge x′
ix

′
j

will still induce a collision. By allowing αi,j >= 1, we can move the vertices to x′′
i,j , resolving

all the VF and EE collisions.

A straightforward way to decide the moving offset is to use the SDF value directly. How-

ever, as pointed out in the context of physically-based simulators [189], this is only guaranteed

to solve the Vertex-Face (VF) collisions, but not the Edge-Edge (EE) collisions. As shown in

Figure 5.3, we push the two neighboring garment vertices further outside to resolve the EE col-

lisions. To compute this extra offset based on the mesh representation, we need to use a global

optimizer in an iterative manner. However, this computation can be time consuming and the re-

sulting configuration may not match the groundtruth. Instead, we use neural networks to predict

αi, the scale of movement, and multiply it with the SDF value to compute the final offset as:

di = αif(xi), α ≥ 0. (5.4)
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αi is predicted based on the global latent feature z of the whole garment and the SDF value

of vertex xi.

αi = g(k(z)i, f(xi)), z ∈ RM , (5.5)

where k : RM → RN×D is a topology-dependent Multilayer Perception (MLP) network

that infers the latent vector for every vertex from the global feature z, and k(z)i ∈ RD is for i-th

vertex xi. g is another MLP that outputs the movement scale for xi. Both g(·, ·) and k(·) are

jointly trained with the backbone network in an end-to-end manner. We choose M = 1024 and

D = 10 for our experiments.

The global garment latent vector z can be obtained from the backbone network. In terms

of using TailorNet as the backbone network, z is computed from the predefined body pose and

shape parameters β⃗, θ⃗ and the garment style parameter γ⃗ (as formulated in Tailornet [138] for the

definition of β⃗, θ⃗, and γ⃗) with an MLP function h.

z = h(β⃗, θ⃗, γ⃗). (5.6)

When the accurate groundtruth SDF is given, the output range of g can be set as [1,+∞)

so it ensures all penetrated vertices will be pushed outside. When using a neural network based

approximate SDF, we relax the range to be [0,+∞) to account for inaccuracies in the SDF pre-

diction. Implementation details of the MLPs are given in Sec. 5.4.2.
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Using the learned offset has several benefits. First, a flexible extent can handle the colli-

sion more naturally and let the moved vertices blend more smoothly with neighboring vertices.

Second, it can help resolve additional Edge-Edge (EE) collisions. Finally, the flexible offset can

cope with the inaccuracies of the neural network approximated SDF. For example, when the ab-

solute SDF value predicted by f(x) is smaller than the ground truth, directly using the f(x) as

the offset could leave the penetrated vertex inside the human body. On the other hand, if f(x)

predicts larger distance than the ground truth, the resulting vertex may be pushed too far away

from the human body, resulting in a “pump out” artifact, as shown in Fig. 5.5. However, when

using ReFU during training, the backbone network and the MLPs in the ReFU layer will foresee

the quality of the SDF function. As a result, it will learn to adjust the prediction of both xi and

αi and thereby result in a more accurate final output garment with fewer collisions.

5.3.2 Train Backbone with ReFU

ReFU can be easily plugged into current neural network frameworks for garment predic-

tion. Here we show how to train the backbone network with ReFU with the example of Tailor-

Net [138]. When using ReFU, we assume that the colliding vertices are not far from the body

surface so that the repulsive force can be estimated through the SDF. Thus, we train the ReFU

layer with the backbone network in the fine-tuning stage. One could also train the ReFU with the

garment network from scratch.

The original TailorNet trains different frequency focused components separately to allow

the different components realize the difference between low-frequency and high-frequency defor-

mations. However, the groundtruth representation of the garment, obtained after the frequency
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division, may not satisfy the collision-free condition, i.e., the high-frequency pieces may have

deeper penetrations inside the human body. If we plug in ReFU after computing the high-

frequency output, the new vertices will all be moved outside the body, and their coordinates

will be different from their high-frequency groundtruth. Thus, we propose training ReFU as a

finetuning process together with all the components of TailorNet, which have the summation of

all the frequencies with no collisions in the groundtruth data.

We attached a ReFU layer to the end of the pre-trained TailorNet so that it receives the

raw output of {xi}Ni=1. Assuming the predicted garment vertex positions after the ReFU layer is

{x′
i}Ni=1 and the corresponding groundtruth is {x̃i}Ni=1, we use the following loss terms to train

the backbone network and the ReFU layer:

L = λ1Lr + λ2Lc, (5.7)

Lr =
N∑
i=1

∥x′
i − x̃i∥22, (5.8)

Lc =
N∑
i=1

|max(−f(x′
i), 0)|, (5.9)

where Lr is the reconstruction loss and Lc is the collision loss to cover missed penetrated

vertices. λ1,2 are weights to balance the loss terms.

We train the network with groundtruth collision-free garment data so the reconstruction

loss will guide the prediction of the xi and αi to move x′
i to the position with no EE collisions.

In this manner, it better preserves the local smoothness and details.

It turns out that the post-processing methods in previous works [68, 159] can only move
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the vertex along the gradient direction of the SDF of xi. With our method, however, although

the adjustment space of each collided vertex is also one degree-of-freedom (DOF) during in-

ference, through the training, both the backbone and the ReFU layer are fine-tuned so the ad-

justment space extends to 4 DOFs, i.e., the movement scale αi and the original network output

xi. With higher adjustment capability, our method achieves performance on par with complex

optimization-based post-processing such as [58]. Detailed comparisons with previous methods

are described in Sec. 5.4.5.

5.3.3 Neural Network for Body SDF

In physically-based simulation methods, the SDF values are computed using analytical

methods and accelerated using spatial data structures like KD-trees. Even with these acceleration

data structures, the SDF computation is far from real-time. Recent works [55, 135] show that the

implicit function of a 3D geometry can be approximated by a neural network. As a result, one

can use the trained network to quickly estimate the SDF values of a 3D point set. We design the

network to predict SDF conditioned on the SMPL [107] parameters. To train a generalized SDF

network that can predict the implicit function of human bodies with different shapes and poses in

real-time, we design the network to predict SDF conditioned on the SMPL [107] parameters.

f(x, β⃗, θ⃗) ≈ SDFM(β⃗,θ⃗)(x). (5.10)

SMPL is a PCA model computed from a large human shape data. β⃗ and θ⃗ are its shape and pose

parameters. M(β⃗, θ⃗) is the human shape reconstructed from β⃗ and θ⃗.

To train the SDF network, we combine both the regression loss on sampled points in the
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space and the geometric regularization loss on the gradient as proposed by Park et al. and Gropp

et al. [55, 135]. For each garment-body pair in the TailorNet dataset, we collect three categories

of SDF value samples:

1. Randomly sampled points from the body surface, with or without Gaussian disturbance.

For samples right on the body surface, we also collect their normals. Note that, we can

only get correct SDF gradients for the surface points which are their normals. For other

points, we can estimate their gradients through analytic methods.

2. Randomly sampled points from the garment surface, with or without Gaussian disturbance.

3. Randomly sampled points inside the bounding box of the body. We use a general bounding

box for all the samples with size 4m× 4m× 4m, centering at [0, 0, 0].

For points from the body surface without disturbance, we denote them as {xi}i∈IS , their

normals as {ni}i∈IS . For other points, we denote them as {xj}j∈IE . The ground truth SDF values

for all the points are {si}i∈IS∪IE . We compute the loss for training SDF as:

LSDF = λaLv + λbLsg + λcLse (5.11)

Lv = Ei∈IS∪IE(|f(xi)− si|) (5.12)

Lsg = Ei∈IS(∥∇xf(xi)− ni∥) (5.13)

Lse = Ei∈IE(∥∇xf(xi)∥ − 1)2, (5.14)

where Lv is a regression loss for the values [135], Lsg and Lse are losses for the gradients [55].

Specifically, Lse is based on the Eikonal equation [32]. We set the weights to balance each term

as λa = 2, λb = 1, λc = 0.1.
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We include the performance for the approximated SDF on the datasets we used in Table 5.1.

We use two metrics:

Mean Absolute Error defined in Eq. 5.12;

Mean Relative Error defined as

Ei∈IS∪IE

(∣∣∣∣f(xi)− si|
si

∣∣∣∣ · 100%)
. (5.15)

Using those loss functions, we can have supervision on the absolute values for the SDF

samples, but no supervision on the norm of the gradient for vertices that are not on the body

surfaces. Consequently, the mean relative error is much worse than the mean absolute error.

Thus, in the main paper, we use the predicted offset scale to help ReFU improve its collision

handling ability using the approximated SDF.

Dataset Mean Absolute Error Mean Relative Error

Shirt Male 2.38mm 28.22%
T-shirt Male 2.37mm 25.85%
Short-pant Male 2.46mm 31.66%
Skirt Female 3.10mm 32.64%

Table 5.1: Mean absolute error and mean relative error of the SDF network.

5.4 Experimental Results

In this section, we will quantitatively and qualitatively evaluate our method. Given our

goal of achieving real-time performance for the whole garment prediction system, we use an

approximated neural network predicted SDF (abbreviated as Approx. SDF) and combine it with

ReFU. We also want to see the upper bound of our method, so we combine with an approach that
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Ground Truth Collision Loss 
(Acc. SDF)

ReFU (Acc. SDF) ReFU (Hybrid)Opt. Post-Process (Acc. 
SDF)

TailorNet

Figure 5.4: Benefits of ReFU: The baseline models from TailorNet have collisions (red ar-
row), optimization-based post-processing results in non-smooth regions (blue arrow); collision
loss cannot resolve the collisions well; our method based on ReFU resolves the collisions and
preserves the original shape with plausible wrinkles in both offline (using accurate SDF) and
real-time (“Hybrid”) modes. The results obtained using approximated SDF (“Hybrid”) are simi-
lar to those obtained using accurate SDF.

Ground Truth TailorNet ReFU w/ 
Fixed Scale

ReFU w/ 
Predicted Scale

Figure 5.5: We zoom in to highlight the “pump out” artifacts with fixed moving scale and ap-
proximated SDF. When αi = 1, the ReFU layer may wrongly push out some regions (blue arrow)
with higher approximated SDF values than the ground truth. However, with predicted scale, the
network learns how to cope with the inaccuracies of the approximated SDF and generates smooth
results. This also reduces the number of VF and EE collisions (Table 3).

computes accurate SDF (abbreviated as Acc. SDF).

5.4.1 Datasets, Metrics, and Settings

We utilize the datasets from TailorNet [138] to evaluate our method. We use an exact

collision detection algorithm available as part of FCL [132] to select a subset of the garments from

different genders and garment types that have no garment-body collisions or any self-penetrations

in the 3D garment mesh. Except for this modification, we use the same train-test split as in

70



Dataset # of vertices # of Training Models # of Testing Models

Shirt Male 9723 28360 3197
T-shirt Male 7702 21097 2688
Short-pant Male 2710 14555 2691
Skirt Female 7130 15664 3525

Table 5.2: We highlight the details of the datasets used to evaluate our approach. We have
selected collision-free subsets from the datasets in [138]. The resulting datasets include different
genders and garment types.

[138] for both garment networks and SDF networks on different garment types to perform a

fair comparison. The resulting dataset is summarized in Table 5.2. “All garments” in Table 5.4

correspond to the weighted-average performance for four types of datasets.

We use the following metrics in our comparisons with prior methods:

MPVE [140] (Mean per-vertex error): Euclidean distance between the ground-truth and

predicted garment vertices. It indicates the reconstruction error of the predicted garments. We

use millimeters as the underlying unit.

VFCP [21] (Vertex-face collision percentage): The percentage of vertices on the garment

that are inside the body surface.

CFMP (Collision-free models percentage): The percentage of garment models that are

body-cloth collision-free in both types of VF and EE collisions.

For training and testing, we have three settings:

Approx. SDF: Always use the neural network approximated SDF for training, testing and

post-processing.

Acc. SDF: Always use the accurate SDF for training, testing and post-processing. For

discretized 3D models such as the human body represented by the SMPL parameters, we compute

the SDF value for one query point. This accurate formulation can compute closest point/face and
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returns the distance on the normal direction, thought it is time consuming.

Hybrid: Use the accurate SDF for computing the collision loss during training but the

approximate SDF for ReFU during both training and testing.

5.4.2 Implementation

We implement our method using PyTorch [137]. All the training and testing are performed

on a server machine with a 96-core CPU, 740GB memory, and 4 NVIDIA V100 GPU with 32GB

memory. To estimate the body surface SDF, we design the neural network f with nine hidden

layers each with 1024 neurons. Between each layer, we use a Softplus activation layer [226] with

β = 100. We include a skip connection in the fourth layer, i.e., concatenating the query point

coordinate with the hidden vector. To train f , we feed a batch with 32 human body models each

with SDF value of 4000 random sampled points. For the network predicting the scale αi, we use

three 1024-dimension layer for h, one N × 10-dimension layers for k, and two 10-dimension

layers for g. They all use ReLU as the activation layer in between. We set the weights of the loss

terms as λ1 = 1.5 and λ2 = 0.5. For all the training, we use an Adam optimizer with a learning

rate of 1× 10−5.

5.4.3 Performance

We first evaluate how ReFU performs when using the accurate body SDF during both train-

ing and testing. As listed in Table 5.4, only 49.09% of the garments generated by the original

TailorNet are collision-free. After fine-tuning TailorNet with ReFU, the collision-free models in-

crease significantly to 76.77%. For difficult cases like men’s shirts, which have dense meshes and
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are tight fitting on the body, collision free models increase significantly by 5.3×, from 11.92%

to 63.06%. Since we set α >= 1, all the interpenetrating vertices are pushed outside, and the

VFCP drops from 0.6% to 0%. In the meantime, for MPVE, the reconstruction error also de-

creases from 8.89 to 8.64. However, querying the SDF values is computationally expensive,

adding around 0.106 seconds of time cost to each garment inference.

Then we train and test how ReFU performs when using the neural network approximated

body SDF. In other words, we train and test ReFU with imperfect but much faster SDF. The result

shows that although this strategy cannot achieve the same level of collision handling as using

accurate SDF, it still improves the collision and reconstruction accuracy of the original TailorNet

a considerable level. The collision-free models increase to 58.52%, MPVE drops to 8.66, and

VFCP decreases by half as shown in the third to last column in Table 5.4. The inference time

for the ReFU layer with approximated SDF is 2.00 milliseconds, and the inference time for the

whole garment prediction system is 22.57 milliseconds.

To improve the collision handling capability while maintaining the real-time performance

during testing, we experiment with using accurate SDF values when computing the collision loss

during training while feeding the approximate SDF into the ReFU layer during both training

and testing. The network is guided with accurate collision loss during training while learning

to accommodate the errors in the approximated SDF, which will be provided at test time. Now

the result is much closer to the case of using accurate SDF. We call this a “hybrid” mode for

simplicity. As shown in the last column in Table 5.4, the collision-free models achieve 68.71%,

VFCP improves to 0.24%, and the reconstruction error is nearly the same.

From the last two columns in Fig. 5.4, we can visually observe how using ReFU improves

the body-cloth collision problems in the original TailorNet. When trained and tested with Accu-
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Metric
Method

TailorNet w/ Fixed Scale w/ Predicted Scale
Approx. SDF Acc. SDF Approx. SDF Acc. SDF Hybrid

MPVE 11.27 10.84 10.60 10.59 10.56 10.57

VFCP 1.18% 0.58% 0.00% 0.62% 0.00% 0.51%

CFMP 11.92% 4.88% 37.22% 26.9% 63.06% 49.32%

Avg. VF 180.36 287.85 1.94 110.12 1.45 78.21

Avg. EE 11.56 19.60 8.89 8.6 6.98 7.39

Table 5.3: Ablation study on the predicted scale in ReFU. As we mentioned in Sec. 5.3.1.1, we
use networks to predict the scale αi to determine the moving offset of collided vertices. Here, we
show that if we use only fixed scale (αi always equals to 1), the performances are worse than the
predicted ones with either approximated or accurate SDF. These experimental results show that
our approach can also reduce the number of EE collisions.

rate SDF, the body penetrations are almost solved and the predicted garments look much more

like the groundtruth. In the hybrid mode, although the network cannot achieve the same quanti-

tative results as in the accurate SDF mode, the visual quality is quite similar. This is impressive

for a real-time garment prediction system.

5.4.4 Ablation Study

In ReFU, we design a network-predicted scale αi to determine the offset length di for each

vertex. Theoretically it can help solve EE collisions and improve the reconstruction quality. Here

we perform the ablation study to evaluate the effect of using predicted scale. We report the

experimental results for male shirt in Table 5.3. As listed in the third and fourth columns, when

only using f(xi) without scaling, the quantitative results for all metrics are worse than with the

predicted scaling. The percentage of collision-free models drops by two times in the case of

using accurate SDF and over 5 times in the case of using the approximate SDF. Figure 5.5 further

74



shows that when using the approximate SDF resulted in some pump out artifacts. With the fixed

scale, the predicted cloth covers the pump out region of the approximate body surface (where

approximated SDF values are larger than the accurate ones) in an awkward way. However, when

trained with the predicted offset scale, the network learns to handle the imperfectness in the SDF

and generates a smoother and more plausible result.

We also include the average number of colliding triangles on the garment, based on VF

and EE contacts, denoted as “Avg. VF” and “Avg. EE”. The results in Table 5.3 shows that our

predicted αi can further reduce the number of EE collisions, as compared with a fixed value.

5.4.5 Comparisons

As reported in Table 5.4, we compared our method with other collision handling ap-

proaches. A typical approach is to employ a post-processing step. A naı̈ve method is to move

the penetrating vertices directly to the body surface along the SDF gradient direction using

f(xi) ̂∇xi
f(xi) [68, 159] to eliminate the VF-collision. As shown in Figure 5.3, this method

does not handle EE-collisions and might introduce new artifacts. Our experiments verify that

this naı̈ve approach increases the collision-free models only marginally from 49.0% to 59.39%

. When tested with approximate SDF, the collision-free models drop to 30.89% and MPVE in-

creases to 9.67, compared with 8.89 in TailorNet.

Guan et. al. [58] propose a more advanced technique to post-process the collisions using

optimization. While this technique is more effective than the naı̈ve approach, it cannot beat the

performance of our ReFU-based method in terms of both quantitative results and computational

speed.
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Dataset Metric
Method

TailorNet w/ Naı̈ve Post-Process w/ Opt. Post-Process w/Collision Loss w/ ReFU
Approx. SDF Acc. SDF Approx. SDF Acc. SDF Approx. SDF Acc. SDF Approx. SDF Acc. SDF Hybrid

Shirt Male
MPVE 11.27 11.45 11.26 11.30 11.26 10.85 10.61 10.59 10.56 10.57

VFCP 1.18% 0.69% 0.00% 0.41% 0.00% 1.28% 0.68% 0.62% 0.00% 0.51%

CFMP 11.92% 3.1% 27.5% 25.21% 50.36% 20.21% 39.35% 26.9% 63.06% 49.32%

T-Shirt Male
MPVE 10.77 10.81 10.75 10.76 10.75 10.60 10.59 10.58 10.57 10.56

VFCP 0.95% 0.56% 0.00% 0.39% 0.00% 0.85% 0.86% 0.53% 0.00% 0.34%

CFMP 23.96% 12.01% 38.02% 36.57% 51.60% 28.98% 28.76% 32.18% 58.77% 47.25%

Short-pant Male
MPVE 6.81 6.87 6.83 6.82 6.81 6.79 6.80 6.79 6.76 6.77

VFCP 0.27% 0.83% 0.07% 0.11% 0.00% 0.19% 0.21% 0.13% 0.00% 0.13%

CFMP 60.35% 20.07% 73.47% 68.60% 81.42% 68.38% 66.78% 73.28% 83.05% 76.89%

Skirt Female
MPVE 6.90 9.35 6.90 6.98 6.90 6.92 6.90 6.90 6.87 6.89

VFCP 0.067% 0.04% 0.00% 0.015% 0.000% 0.059% 0.047% 0.028% 0.00% 0.027%

CFMP 93.36% 78.78% 93.87% 94.01% 96.45% 93.99% 94.44% 96.03% 98.16% 96.43%

All Garments
MPVE 8.89 9.67 8.89 8.92 8.88 8.74 8.67 8.66 8.64 8.65

VFCP 0.60% 0.50% 0.01% 0.22% 0.00% 0.58% 0.43% 0.31% 0.00% 0.24%

CFMP 49.09% 30.89% 59.39% 57.42% 70.97% 54.36% 59.15% 58.52% 76.77% 68.71%

Trend
MPVE - +8.77% 0.00% +0.34% −0.11% −1.69% −2.47% −2.59% −2.81% −2.70%

VFCP - −16.67% −99.90% −97.72% −100.00% −94.00% −95.55% −96.79% −100.00% −97.52%

CFMP - −37.07% +20.98% +16.97% +44.57% +10.74% +20.49% +19.21% +56.39% +39.97%

Table 5.4: Comparison with baseline and different collision handling methods, including naı̈ve
post-processing [68, 159], optimization-based post-processing [58], and soft collision loss [19–
21,59]. We include an additional row called “Trend” to show the rate of change for each method
compared to TailorNet, the baseline model. The report shows all methods perform better with
accurate SDF than with approximate SDF. In either situation, ReFU has the best results among all
the methods. Overall, ReFU with “hybrid” SDF works better than approximate SDF, and ReFU
with accurate SDF achieves the best results.
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Given the accurate SDF value, it eliminates the VF collisions and increases

the ratio of collision-free models to 70.97%. Examples are shown in the third col-

umn in Fig. 5.4. Although this approach attempts to preserve the original details

of the garments, it still results in higher reconstruction error and the resulting

garments are not smooth, as shown by the blue arrow in Fig. 5.4 (a close-up view of the corre-

sponding area is shown in the inset figure). When tested with approximate SDF, the accuracy

with respect to the reconstruction error and collision handling drops significantly. Furthermore,

the optimization requires 0.6− 0.8s per frame even with approximated SDF.

Instead of performing post-processing optimization, some techniques [19–21,59] apply the

collision loss in Eq. 5.9 in the garment prediction models. The collision loss provides a soft

constraint during network training. According to our benchmarks in Table 5.4, adding collision

loss to TailorNet can reduce the overall collision artifacts and improve the reconstruction accuracy

for garment samples close to the training set, however, it introduces even more collisions for

testing samples that are farther away from the training set. For each sample in the test set, we

compute the minimal Euclidean distance to the training set samples in the parameter space (pose,

shape, and style). In Fig. 5.6, we show the mean collision error for “Shirt Male” grouped by the

distance. The soft constraint can only reduce collisions for samples near the training set and even

introduces more errors for samples far away. In contrast, ReFU can still resolve some collisions

for samples with great differences from the seen training ones. After fine-tuning the TailorNet

network with the collision loss using accurate SDF values, the collision-free garment models are

around 56% for both approximate SDF and accurate SDF. Moreover, the reconstruction errors

are around 8.7. The fourth column in Fig. 5.4 shows visible collisions in the predicted garments.

Overall, our approach based on ReFU offers improved accuracy (i.e., fewer collisions), real-time
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performance, and higher visual quality.
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Figure 5.6: We highlight the benefits of our approach on samples distinct from the training set
over methods based on collision loss. Collision loss can only help reduce collisions for samples
close to the training set.

5.4.6 Running Time

We include the running time for SDF, ReFU layer, and the backbone network TailorNet in

Table 5.5.

Dataset Component

Approx. SDF Acc. SDF ReFU Backbone

Shirt Male 1.97ms 121.96ms 0.29ms 22.14ms
T-Shirt Male 1.77ms 99.27ms 0.28ms 21.51ms
Short-pant Male 1.58ms 89.69ms 0.21ms 18.82ms
Skirt Female 1.67ms 107.38ms 0.23ms 19.76ms

All Garments 1.75ms 105.50ms 0.25ms 20.57ms

Table 5.5: Per-frame running time, including approximated SDF query, accurate SDF query
computed using spatial data structures, ReFU layer inference, and the backbone network based
on TailorNet inference [138].
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5.5 Conclusion, Limitations, and Future Work

We propose ReFU for handling body-cloth collisions in neural networks for 3D garment

prediction. Our method is inspired by the use of repulsive forces in physics-based simulators.

Specifically, ReFU predicts the repulsion direction and the magnitude based on the SDF of the

collided vertices and the global latent feature of the garment. ReFU can be combined with differ-

ent backbone networks, and we highlight the benefits with state-of-the-art learning methods.

While our experiments show that using ReFU for training can significantly reduce the body-

cloth collisions and improve the reconstruction accuracy, our approach has some limitations. To

achieve live performance for the whole system, we must use a neural network approximated hu-

man body SDF for real-time computation. However, the accuracies in the SDF network prediction

affects ReFU’s capability of collision handling. But using more advanced neural SDF methods

such as the articulated occupancy networks [7,38,120] can improve ReFU’s overall performance.

Furthermore, our computation of the moving offset may not fully resolve all collisions, especially

all EE collisions.
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Chapter 6: NPC-Net: Neural Physics-Based Collision-Aware Volumetric De-

formation

6.1 Introduction

The simulation of volumetric deformable objects arises in several applications, including

physics-based animation [170], multi-view capture system of human tissues [171], medical sim-

ulation [118], reinforcement learning for soft robots [148], etc. For volumetric objects composed

of homogeneous materials, these simulations are driven by two main forces: internal potential

forces and internal/external (self-)collision forces. The internal potential forces hold the object

together, while the (self-)collision forces prevent the objects from penetrating. In this paper, we

mainly deal with the problem of quasistatic deformation prediction, where the goal is to predict a

deformable object pose corresponding to a force equilibrium configuration, where the two driving

forces cancel each other out. Quasistatic simulation is known to be more challenging than dy-

namic simulation due to its highly non-convex objective function in the underlying optimization

problem, while dynamic simulation utilizes the positive definite kinetic energy term to regularize

the optimization.

There is considerable prior work on simulating or predicting volumetric deformations. The

most well-studied methods are based on numerical physics simulations, e.g., the finite-element
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methods [170], the mass-spring methods [104], and particle-based simulations [31]. However,

these methods need to segment or decompose a continuous object into discrete elements and

formulate a joint system of equations to solve for the deformation of each element. In practice,

complex volumetric objects are represented using large meshes consisting of tens of thousands

of elements. The numerical algorithms may take tens of seconds to predict a single quasistatic

pose [93, 171] for such objects and cannot achieve real-time performance.

Several methods have been proposed that leverage machine learning techniques to ac-

celerate various applications involving deformable object simulation, including volumetric ob-

jects [42] and human tissues [227]. While these learning methods can achieve orders of mag-

nitude faster computation than numerical methods, they do not explicitly model the collisions

and response forces. In general, reliable handling of collisions remains a major challenge with

respect to neural simulators [222, 225]. Current learning algorithms can predict a collision-free

latent representation of deformable objects and can be orders of magnitude faster than numeri-

cal algorithms. However, these neural collision handlers do not account for many characteristics

or behaviors of physics-based models, so their predicted objects can exhibit unnecessarily large

deformations. Other learning-based methods [154] assume that the global shape of the object is

given while using some neural adjustments to resolve local collisions. In practice, these meth-

ods cannot predict large, collision-induced global deformations. Some learning-based simulation

methods [158] are designed for thin shells such as deformable clothes and papers and do not

generalize to volumetric objects.

Main Results: We present NPC-Net, the first end-to-end learning-based approach to pre-

dict physics-based, (self-)collision-free, volumetric object deformations at real-time frame rates.

To this end, our neural architecture is trained using physics-informed loss functions and consists
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of neural collision detection and handling modules. Compared with state-of-the-art neural archi-

tectures for simulation [154], our method is not restricted to local collision handling. As a result,

our approach can predict large, global deformations induced by collision forces. Moreover, NPC-

Net uses the low-dimensional latent representation of the object throughout its prediction, so our

method is 100× faster than a pure numerical simulator, hitting real-time performance. In order

to perform accurate prediction, our approach is based on the actor-critic reinforcement learning

algorithm [97]. Specifically, we use a critic network to learn the internal potential energy model

and then use an actor network to approach the local minima of the learned energy functions,

which corresponds to a force equilibrium pose. The novel components of our approach include

the following:

• Although only the outer surface of a deformable object is visible, we utilize the volumetric

mesh dataset to formulate a loss that penalizes the volumetric deformation errors, leading

to higher embedding accuracy of the surface mesh.

• Our actor-critic architecture learns to predict quasistatic deformable poses in the latent

space, where we use separate networks to learn both internal elastic and (self-)collision

penalty functions.

• We propose a differentiable neural conjugate gradient optimizer as our actor network. This

method uses momentum-accelerated gradient descent with neural-predicted step sizes to

efficiently minimize the critic’s approximated energies.

• We propose an active learning method to stabilize the training, where the critic network

continually improves the potential energy estimation while the actor network explores the

latent space to find force equilibrium poses.
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We evaluate our method on three different datasets, where the primary geometric objects are

bunny, torus, and cross undergoing large, global deformations. These objects have 3296, 321, and

439 vertices, respectively. Prior techniques based on numerical methods take 4 − 9s to predict

each pose, while our learning algorithm (NPC-Net) takes 25 − 30ms on GPU to simulate each

frame. In practice, our method can predict the stable deformable poses of complex objects, the

visual quality of which is comparable to ground truth simulators, while being 100× faster. Our

ablation study further shows that, among the predicted deformable object poses, the number of

collision-free poses is increased by 2 − 6× using NPC-Net, as compared with a fully connected

network baseline. Overall, NPC-Net provides significant improvements in terms of handling

collisions in neural simulators.

6.2 Related Work

Physics-Based Deformation: The prediction of physically correct deformable objects, in-

cluding volumetric solids [170], shells [54], and strings [18], is a well-studied problem. Our

approach is designed to predict the poses of volumetric objects. In case of such objects, the qua-

sistatic and dynamic simulation problem can be cast as an unconstrained numerical optimization

problem [49], making them inherently amenable to learning-based methods. A major drawback

of the numerical simulation of volumetric solids lies in the high computational cost. Some well-

known methods [49,171] take seconds to minutes to predict even a single frame of high-resolution

deformable objects with thousands of vertices. Recently, several works [105,123] have proposed

advanced numerical techniques, e.g., the ADMM method, to accelerate the computation, but their

performance on high-resolution meshes is not fast enough for real-time applications. The main

83



computational bottleneck arises due to the high-dimensional configuration space, which is com-

posed of many vertices, leading to a large system of nonlinear equations. In addition, several

works have focused on the handling of various hyperelastic models [105,123,171]. Among these

models, a widely used candidate is the Neo-Hookean model [170], which is used in this work.

The Neo-Hookean model has the remarkable property of being invariant to rigid transformation

and strictly avoids element inversion. Computationally, however, the Neo-Hookean model can

lead to a non-Lipschitz, non-convex objective function formulation, posing a significant challenge

to the underlying optimization algorithm.

Learning-Based Physics and Collision: Due to the amenability of learning-based meth-

ods, several approximations have been proposed as a computationally inexpensive replacement

for an analytic collision handler. Some methods [13, 42] learn a low-dimensional linear or non-

linear embedded subspace of deformations. Within such a subspace, simulation can be orders

of magnitude faster than in full space simulations. However, these methods need to resort to the

high-dimensional configuration space to detect and handle collisions [73]. We proposed learning-

based collision handling methods in Chapter 3 and Chapter 4. These methods use a neural ar-

chitecture to embed deformations in low-dimensional space and learn to detect collisions from

only the latent code. The resulting neural network is differentiable, so optimization-based meth-

ods can be used to resolve collisions. However, these methods ignore the physics-based model

during collision handling, so their predicted pose might not satisfy the laws of physics. In a par-

allel effort, a learning-based physics model was proposed in [95, 96]. These methods can learn

subtle dynamic behaviors from data, but their computational cost is still too high for real-time

applications. Compared to prior methods, our learning-based approach is designed for volumet-

ric objects and can perform integrated collision detection and response computation using an
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end-to-end learning approach for (self-)collision-free volumetric deformations.

6.3 Problem Statement

In this section, we mathematically formulate our physics-based volumetric deformable ob-

ject simulation problem. We assume our volumetric object is represented as a tetrahedral La-

grangian meshM ≜< V , T >, where V is a set of volumetric vertices and T is a set of tetra-

hedral elements. We use V to denote the concatenated vertex position vector, and V0 denotes the

position vector at rest pose, i.e., the equilibrium pose without any external forces. The driving

force behind object deformations is the internal potential energy [110], which models the ma-

terial property of an object and penalizes deviation from the rest pose. Assuming a Lagrangian

formulation, the potential energy takes the following form:

Eee(V ) ≜
∫
M(V0)

ρ(F (v, V ))dv,

where we slightly abuse notation and use M(V ) to denote the volume taken up by the object at

its pose V . F (v, V ) is the deformation gradient at continuous location v caused by deformation

from V0 to V , and ρ is the energy density function. We assume the object is made of neo-Hookean

material, which is an isometric elastic material. We refer readers to [171] for the definition of

F, ρ, and discretization of integral. In addition to internal forces, the object is undergoing external

control forces such as gravitational forces or user dragging forces, which can be summarized as

an external potential energy term Ec(V, q). Here q is the controllable parameters of the external

forces. For example, q could be the gravitational acceleration coefficients or the direction and

strength of user dragging forces.
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A fundamental requirement for physically plausible object deformation is that it is collision-

free, which requires that there is no overlapping between the object and static obstacles or be-

tween different parts of the object (i.e., no self-collisions). Although the collision-free constraints

are mathematically well-defined, these constraints are non-differentiable, and constructing a com-

putationally efficient constraint formulation is non-trivial. In this work, we adopt the penalty-

based formulation [84], which defines each object and obstacle as a deformed signed distance

field and adopts the necessary condition that all the vertices have positive distance values. This

treatment leads to an energy term Esc(V ) that penalizes self-collisions and a second term Eoc(V )

that penalizes collisions with static obstacles. Since all the physical models and constraints use a

conservative formulation, we can combine them into the following unconstrained optimization:

V ∗(q) = argmin
V

Eee(V ) + Esc(V ) + Eoc(V ) + Ec(V, q), (6.1)

with the solution corresponding to the (nearly) collision-free force-equilibrium object pose V ∗(q)

under user control parameter q. We consider V ∗(q) as the physics-based ground truth object

pose. Several numerical algorithms have been proposed to solve Eq. 6.1, including [84, 170],

but their performances are far from real-time. For example, the state-of-the-art algorithm [170]

takes several seconds to predict a single deformation. We propose a learning-based solution to

approximately solve Eq. 6.1 and predict Ṽ (q) from the control signal q in real-time.

6.4 Real-Time Collision-Aware Physical Deformation

In this section, we present our novel architecture and training method for our NPC-Net

architecture. It consists of four novel components, and our trained NPC-Net can predict nearly
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Figure 6.1: Given a deformable object and static obstacle, NPC-Net takes the user control signal
q (a) as input and predicts a collision-free quasistatic pose. Our initializer will first predict a
global transformation T0 and initial latent-space pose z0 (b). The initially predicted result (c) can
have obstacle-collisions (blue), self-collisions (red), or is not in force equilibrium. We solve this
problem by using 3 critic networks to learn the potential energies Pee,sc,oc (d). We then use several
steps of differentiable NCG to revise the pose to be (self-)collision-free and force-balanced (e).

collision-free object poses undergoing global deformations. During the first step (Sec. 6.4.1), we

train a mesh embedding network that maps the surface of a deformable pose to a latent code.

Next, we train several critic networks to estimate various energy terms from the latent code

(Sec. 6.4.2). As a result, the gradient of the critic networks can be utilized to approximately

solve Eq. 6.1 and yield the force equilibrium poses, similar to the actor-critic reinforcement

learning [88]. To this end, we design a differentiable neural conjugate gradient (NCG) network

that serves as our actor (Sec. 6.4.3) to minimize the learned energy terms via several iterations

of neural momentum-accelerated gradient descent steps. Finally, we propose an active learning

method in Sec. 6.4.4 to enhance the robustness of unseen control parameters. The pipeline of

NPC-Net is illustrated in Fig. 6.1.

6.4.1 Physics-Aware Shape Embedding

The high computational cost of conventional numerical simulators is due to the large num-

ber of vertices in V , leading to high-dimensional linear system solving. In view of this, all
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Figure 6.2: Results for Torus: We compare numerically simulated results (Ground Truth) with
different learning-based methods and mark self-collisions (orange) and obstacle-collisions (pur-
ple). The Baseline uses the fully-connected initializer to directly predict output poses; the Col-
Loss uses the same network architecture as Baseline but uses Lactor for fine-tuning; the One-Step-
Actor only runs NCG for one iteration.

prior learning approaches [68, 154] use shape embedding to map salient object poses to a low-

dimensional manifold. We also adopt this approach, with the important difference that we train

our embedding module to represent only the surface mesh. We denote the subset of surface ver-

tices by Vs ⊂ V , with the concatenated position vector being V s. Mapping only surface vertices

can significantly reduce the size of the dataset by discarding many internal vertices. We fol-

low [160, 181] and use a standard autoencoder to parameterize our embedding module. In order

to handle the unstructured mesh input data, we adopt a convolutional autoencoder using a graph
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CNN layer [230]. Put together, our autoencoder architecture is denoted as:

z = Enc(T−1V s) V s′ = Dec(z),

where z is our latent code, V s′ denotes the reconstructed surface mesh, and Enc,Dec denote the

encoder and decoder, respectively. Here T represents the extrinsic, global rigid transformation

of the given input pose V s. This is a widely adopted approach proposed in [46] to factor out the

extrinsic transformations and has the autoencoder only represent intrinsic deformations, leading

to better data efficacy. In practice, we could compute T from a global alignment between V s and

V s
0 (surface mesh of rest pose) using [176], which is also a differentiable procedure.

The conventional loss for training the autoencoder is the mean-squared reconstruction er-

ror MSE(TV s′, V s). However, considering that we have a volumetric mesh V associated with

each surface mesh, we devise a novel volume-aware reconstruction error, denoted as Lvol, which

utilizes the volumetric mesh to improve the embedding quality. Specifically, for each ground

truth volumetric mesh V , we keep its internal vertices and replace the surface vertices with our

reconstructed version, denoted as: V̄ ≜ (V − V s) ⊕ (TV s′). Next, we introduce the following

novel loss term to penalize deviations from the ground truth over the entire volume:

Lvol ≜
∫
M(V0)

∥F (v, Ṽ )− F (v, V̄ )∥2Fdv −
∫
M(V0)

min(|F (v, V̄ )|, 0)dv.

The first term above penalizes the difference in terms of deformation gradient, and the second

term penalizes the negative singular values of the deformation gradient corresponding to inverted

elements [162], i.e., a form of local self-collision. All the integrals are discretized using the
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same finite-element method as the internal potential energy. Note that we only need to evaluate

the integral in Lvol over a small subset of M(V0) consisting of tetrahedra connected to surface

vertices because fully internal tetrahedra are not affected by TV s′ and contribute constant values

to the energy. Our final loss function for training the embedding autoencoder takes the following

weighted combination:

Lemb = λvertMSE(TV s′, V s) + λvolLvol,

with λ• being the weight of corresponding terms.

6.4.2 Latent-Space Critic Network

Our embedding module maps each deformable pose to a latent code z. However, not all

latent codes are physically plausible, i.e., correspond to the minima of Eq. 6.1. We need to

use additional projection operators to map z onto the latent physically correct manifold. As the

ground truth, such a manifold can be defined by solving Eq. 6.1 restricted to the latent space,

which is formulated as:

z∗(q), T ∗(q) = argmin
z,T

Eee(V̄ ) + Esc(V̄ ) + Eoc(V̄ ) + Ec(V̄ , q). (6.2)

Unfortunately, solving Eq. 6.2 exactly would require decoding z and evaluating the energy terms

for each tetrahedral mesh element, which compromises the efficacy of using latent space. There-

fore, we propose training several networks to learn the various energy terms in latent space, i.e.,

the critic networks. A similar idea has been adopted in off-policy reinforcement learning [97] and
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neural collision detectors as in Chapter 3. Our main point of departure from these prior works lies

in our loss function for training these critic networks. Since we need to use gradient information

to guide us to solve Eq. 6.2, we propose matching the ground truth energies in terms of both

function value and gradient, leading to the following value- and tangent-matching loss:

Lcritic(z) ≜
∑

•∈{ee,sc,oc}

λvalMSE(P•(z, T ), E•(V̄ )) + λtanMSE(∇P•(z, T ),∇E•(V̄ ),

where P• represents the critic networks learning to mimic the potential energy term •. These

critic networks allow us to solve Eq. 6.2 approximately and robustly without resorting to the

high-dimensional mesh.

Algorithm 2 Differentiable NCG(q, z0, T0)

Require: User control parameter q
1: < z0, T0 >= f(q) ▷ Compute initial guess
2: s−1

e ← 0

3: for k = 0, · · · ,K − 1 do
4: dke ← ∇zk,Tk

ge e ∈ {ee, sc, oc}

5: βk
e ←


0 k = 0;

max

(
0,

dk
e
T
(dk

e−dk−1
e )

dk−1
e

T
dk−1
e

)
k ≥ 1.

e ∈ {ee, sc, oc}

6: ▷ We maintain and update momentum per energy term
7: ske ← dke + βk

e s
k−1
e e ∈ {ee, sc, oc}

8: ▷ We use differentiable neural network to predict per-energy step sizes
9: αk

ee, α
k
sc, α

k
oc ← S(q, zk, Tk, Pee(zk, Tk), Psc(zk, Tk), Poc(zk, Tk), k)

10: < zk+1, Tk+1 >←< zk, Tk > −∑
e α

k
es

k
e

11: end for

12: Return < zK , TK >

6.4.3 Latent-Space Actor Network

Given the potential energies approximated by our critic networks, P•, our actor networks

use two steps to approximately solve Eq. 6.2 guided by the gradients ∇P•. First, we use an
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initializer network denoted by < z0, T0 >= f(q) to propose an initial guess. We train our

initializer network using the following MSE loss:

Linit = MSE(z0,Enc(T−1V s)) + MSE(T0, T ),

with < V s, T > being the ground truth surface mesh and global transformation. As our second

step, we use several neural gradient descent steps to locally optimize P•. For faster convergence,

we adopt the momentum-accelerated nonlinear conjugate gradient (NCG) algorithm (we refer

readers to [60] for more details). The K iterations of the NCG algorithm can be denoted as

a function < zK , TK >= NCG(q, z0, T0), and we consider < zK , TK > as the final, latent-

space deformable object pose predicted by NPC-Net. We can reconstruct the corresponding

high-dimensional mesh vertex positions by:

V s
K

′ ≜ Dec(zK) Ṽ ≜ (V − V s)⊕ (TKV
s
K

′),

where we have also combined the ground truth interior vertices to yield the volumetric mesh

vertex positions, denoted as Ṽ . We then train the actor network in an end-to-end manner. The

predicted pose should have a locally minimal energy value, and the physical energy terms can

be used as loss functions. We also add an MSE term between V s
K

′ and ground truth V s for

regularization. The combined actor loss takes the following form:

Lactor ≜
∑

•∈{ee,sc,oc}

λ•E•(Ṽ ) + λregMSE(V s
K

′, V s).
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Note that we use the ground truth energy E• for training the actor instead of the learned energy

P•. Our learned energy is only used inside the NCG algorithm to approximately solve Eq. 6.2.

As Chapter 5 suggested, this hybrid energy setting can boost the final performance while main-

taining the real-time running benefits of the learned critic.

The end-to-end training of the actor network involves the NCG algorithm. However, this

algorithm is non-differentiable due to its discrete line-search step deciding the step sizes. To

resolve this problem, we borrow an idea from Chapter 5 and use neural networks to predict step

sizes. These step size networks are defined as the following function S:

αk
ee,sc,oc ≜ S(q, zk, Tk, Pee(zk, Tk), Psc(zk, Tk), Poc(zk, Tk), k).

Note that we allow different step sizes for different energy terms to accelerate convergence. In

a similar fashion, we also maintain separate momentums for different energy terms, using the

Polak-Ribière formula with automatic direction reset to compute the mixing parameter β [142,

165]. Combined, we derive a differentiable NCG outlined in Algorithm 2.

6.4.4 Training Algorithm

The key to the success of actor-critic algorithms lies in the interleaved update to the actor

and critic networks. Following this idea, we design a four-stage interleaved training algorithm

using a dataset of groundtruth < V s, T >. During the first stage, we train the embedding module

by reducing Lemb. We then train the critic network by reducing Lcritic. For this step, we use

an augmented dataset containing all intermediary poses during each iteration of optimization

performed by the groundtruth numerical simulator. Next, we train the NCG initializer network
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by reducing Linit. Our first three stages initialize NPC-Net via supervised learning on a fixed

dataset. Networks trained this way have limited generalization ability to unseen object poses.

To improve the robustness, we introduce a fourth stage of interleaved actor-critic training

via active learning. When updating the actor network, we fix the three critic networks and min-

imize Lactor. Note that, to evaluate Lactor, we need to query the ground truth energy E• on the

unseen predicted pose Ṽ . Similarly, when updating the critic network, we fix the initializer and

step size networks and reduce:

Lactive =
∑

e∈{ee,sc,oc}

MSE(P•(zK , TK), E•(Ṽ )).

Again, this requires querying the ground truth energy E• on the unseen pose Ṽ . We obtain

this ground truth energy using the numerical simulator. Note that during the last stage of active

learning, we only use value matching without tangent matching to avoid a much more costly

evaluation of ground truth energy gradient on each predicted pose Ṽ .

6.5 Results

We implement NPC-Net using pytorch [136], and all experiments are performed on a server

with a 16-core AMD EPYC CPU and NVIDIA A5000 GPU. We evaluate our algorithm on three

datasets: Bunny, Torus, and Cross. Our ground truth numerical simulator is a C++ implementa-

tion of [84].

As illustrated in the left part of Fig. 6.3, the first dataset has a bunny-shaped object with

3296 vertices inside a box. The user is able to grasp a certain area of the bunny, fixing the vertices

in the area to a specified position and orientation (represented as a 3× 3 matrix). The bunny can
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Ground Truth

✓✗✓✗✗✓✗✗✓✗✓✗✓✗✗✗

Baseline

✓✓✓✓✓✓✓✓✓✓✓✓✓✓✓✓

Ours

Figure 6.3: Results for Bunny and Cross under the same setting as in Fig. 6.2.

collide with the boundary of the box, inducing (self-)collisions. Our second dataset is illustrated

in Fig. 6.2; it has a torus with 321 vertices colliding with three capsule-shaped obstacles. In this

case, the user is allowed to specify an approach direction q (a 3-dimensional vector), and our

numerical optimizer will have the torus approach the center of capsule-shaped obstacles along

the specified direction, inducing (self-)collisions. Our third dataset is illustrated in the right part

of Fig. 6.3. This dataset has the same setting as Torus; the only differences are that the object is

a cross-shaped capsule with 439 vertices and the obstacle is three boxes.

We use our numerical simulator to generate 45586/77791/54996 ground truth poses <

V s, T > for the Bunny, Torus, and Cross datasets, respectively, and we use 30% data for testing.

For each ground truth pose, the simulator solves the optimization of form Eq. 6.1. We not only

store the result of optimization, i.e., the force equilibrium pose, but also the intermediary poses

after each iteration of optimization.

For the ablation study, we compare our method with three alternative algorithms. The

first algorithm (Baseline) uses the supervised-learned initializer network to output the ultimate

pose, i.e., skipping the actor-critic network using K = 0. Our second algorithm (Col-Loss)
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Dataset Metric Method

Baseline Col Loss One Step Actor Ours

Bunny
L2-V 0.0973 0.00969 0.00952 0.00948

Eoc 0.403 0.263 0.230 0.197

CFP 70.6%/29.4%/27.3% 72.8%/37.3%/33.9% 74.5%/41.6%/37.9% 77.1%/46.5%/41.8%

Torus
L2-V 0.103 0.0889 0.0887 0.0886

Eoc 1.45 0.822 0.622 0.532

CFP 98.2%/9.59%/9.55% 98.9%/23.2%/23.1% 99.0%/26.9%/26.8% 99.1%/29.3%/29.1%

Cross
L2-V 0.227 0.224 0.215 0.204

Eoc 1.31 0.88 0.807 0.547

CFP 84.1%/4.72%/4.15% 85.5%/12.4%/11.1% 88.9%/13.7%/12.3% 90.8%/25.7%/23.0%

Table 6.1: For the test set of each dataset, we profile the averaged vertex-wise position er-
ror compared with ground truth quasistatic pose (L2-V), the energy level of obstacle-collision
penalty Eoc, and the percentage of self-collision-free/obstacle-collision-free/both-collision-free
poses (CFP).

Dataset Numerical Simulator Ours

Initizer (f ) Actor (NCG) Decoder (Dec) Total

Bunny 3.88s 4.84ms 15.50ms 5.14ms 25.48ms
Torus 6.16s 4.20ms 20.33ms 5.42ms 29.95ms
Cross 9.02s 4.19ms 20.05ms 5.49ms 29.73ms

Table 6.2: Running Time Comparison: The average per frame cost for predicting 100 quasistatic
poses, comparing our method with the ground truth numerical simulator. We also show the
breakdown of our computation cost into different neural components.

is similar to Baseline, but uses Lactor to fine-tune the initializer, which queries the ground truth

collision energy E•. This approach is also adopted by several prior works for learned cloth

draping [19, 21]. Our third algorithm (One-Step-Actor) uses our full NPC-Net architecture but

only uses a single NCG step. This approach is like that in Chapter 5. As summarized in Table 6.1,

our method achieves the best rate of (self-)collision reduction. Further, we profile the running

time of different components of our network and compare it with the ground truth simulator

in Table 6.2. We can achieve real-time performance, and it is 100−300× faster than the numerical

simulator.
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6.6 Conclusion

We present NPC-Net, a real-time actor-critic (self-)collision-free deformable object pose

predictor. Our main idea is to train critic networks to memorize the landscape of various potential

energies and then use actor networks to find local minima in the landscape. We further propose

training algorithms allowing NPC-Net to generalize to unseen user controls and object poses. By

evaluating on three complex datasets, we show that our algorithm outperforms previous state-of-

the-art neural architectures in terms of eliminating the (self-)collisions. The major limitation of

our method lies in the need for retraining for each new object or obstacle settings. This could

increase the overhead of simulation setup. Further, our method does not consider kinetic energy,

so we do not support dynamic object simulations, which will be our future work.
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Chapter 7: Deformation Images

OursGeometry ImagesRePaint

Figure 7.1: Our method, which predicts deformation gradients over a 2D image in UV spaces,
enables us to predict plausible deformations of humans. The red spheres are control points con-
strained to specific target locations, which are enforced during the diffusion process through
inpainting. While our method (right) respects the constraints, RePaint [108] (left) cannot handle
their sparse nature, thus leading to a different deformation that leaves the inpainted constraints as
outliers. Directly predicting the output signal (the coordinates) in the image domain (middle) as
proposed in Geometry Images [57, 115, 168] leads to loss of detail in regions that are undersam-
pled in the image space such as the hands. Since our method predicts the deformation’s gradients
in image space, the geometric details are preserved regardless of undersampling.

7.1 Introduction

Deformation is one of the most fundamental and integral tools in geometry processing and

physically-based modeling. Its uses are vast, including simulating physical phenomena such as

cloth [68,181] and elasticity [174], modifying geometric shapes through edits [175], and registra-

tion [24]. These tasks are in turn important for many applications in graphics, vision, engineering,

medicine, and physics.
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As such, many works in the last few years have focused on applying machine learning tech-

niques for predicting 3D deformations. These are in turn tailor-made for the specific task they

aim to perform, using various representations such as having the network induce and manipu-

late a rig controlling the deformation through cages [219] or control points that induce skinning

weights [72, 103], displacement fields [76], and deformation gradient fields [4].

These tailor-made, specific representations are common for 3D-geometry machine learn-

ing tasks, but their non-standard nature usually prohibits their direct use within general machine-

learning frameworks. Consider a generative framework guided by a diffusion process [66] as a

concrete example of this shortcoming. At the most general level, the diffusion framework learns

to receive and denoise a noisy signal. This, in essence, requires an encoder that can analyze the

noisy input and a decoder that can output the denoised signal. When applying diffusion to 2D im-

ages, both the encoder and the decoder can be implemented as part of one standard image-based

neural architecture, e.g., a standard UNet [155]. However, when tackling a mesh deformation

problem, attempting to apply the diffusion framework to one of the previously-mentioned rep-

resentations requires a custom encoder/decoder pair, e.g., by considering the signal defined over

the vertices of a non-regular graph and using some type of graph neural network [210].

This paper’s core observation is that 2D image-based techniques can be used to define a

deformation of a 3D mesh directly, despite the mesh having arbitrarily high resolution details (i.e.,

the mesh’s resolution can be far beyond that of the 2D image). This observation follows recent

works [4], which show that the gradients of a deformation make up a smooth, low-frequency

signal and that retrieving the deformation from the gradients can be easily achieved within a deep-

learning framework. Thus, given a UV map of the source mesh to be deformed, the deformation

gradients can be rasterized to a 2D image without significant degradation caused to the gradients
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in the rasterization process. Conversely, the gradients can be predicted as a raster image and

then, using the UV map, be interpolated to the 3D mesh and used to deform it without ruining

the details on the mesh. This is in contrast to previous methods that use 2D images to define 3D

geometry by directly interpreting each pixel RGB value as an XYZ coordinate [57,157,168,218],

which would restrict their predicted meshes to the exact resolution and connectivity of the pixel

grid. See their result in Fig. 7.1, middle, compared to our method, Fig. 7.1, right.

In sum, our main contributions include:

• We show that by working in the gradient domain, deformations of 3D meshes can be rep-

resented as images without loss of detail of the underlying geometry.

• We adopt this representation within a diffusion framework, enabling us to learn a generative

space of deformations.

• We propose a technique to restrict and control the generated deformations by modifying the

regular inpainting process usingLlaplacian regularization, which enables inpainting based

on an extremely sparse set of points (e.g., the equivalent of 2 pixels).

We train a diffusion process to generate arbitrary human poses to evaluate our method. Using

inpainting, we show that we can repose arbitrary human models into poses that respect given

arbitrary given constraints. We highlight the results on human models from the AMASS dataset

and compare the performance with other methods. Our method using Jacobian-based deformation

images with Laplacian regularized inpaint achieves the best performance in terms of L2-V and

L2-N metrics [4].
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7.2 Related Work

Mesh Deformation: Deformations are a core task in geometry processing and graphics,

with many methods devised to represent and generate them, including rigs that control the de-

formed shape [42, 70, 71, 77, 79, 100] and variational formulations involving optimization of

energies [5, 101, 174]. These representations have been recently adopted to machine learn-

ing frameworks for predicting deformations [4, 69, 94, 103, 179, 213, 214, 219]. These in turn

enable data-driven methods to automate deformation-related tasks such as deformation trans-

fer [47, 177], object reconstruction or template deformation from images [78, 203], deformable

object retrieval [194], deformable mesh production [48], and physically-plausible deformation

prediction of cloth [68, 102]. All these representations require defining a non-standard graph

structure or completely abstracting the representation as an implicit neural field, thereby pro-

hibiting the use of simple, out-of-the-box tools such as an image CNN or UNet.

3D Shapes as Images: The idea of UV-mapping meshes and then representing their

XYZ coordinates as colors on the pixel grid of an image, called “Geometry Images” was pro-

posed by [57] and was later extended to accommodate for better representation of the geome-

try [157, 218]. Subsequent works explored applying image-based CNNs to learn over geometry

images [115, 168] and use them to generate meshes [16]. However, none of these can represent

geometry in a higher resolution or different connectivity than that of the image’s or adhere to

an input mesh’s connectivity. Thus, if used directly to represent a deformation of a model, they

would lead to a loss of detail and modification to the underlying triangulation.

Diffusion: Diffusion has been gaining immense popularity as the most expressive gener-

ative technique [66, 172, 173]. Applied to 2D images, many works have investigated inpainting:
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Poisson

Denoising

UVMapping
Input with Pulled-
back Jacobians Output

Diffusion Process

Input

Figure 7.2: Our input is one mesh with a UV map. A diffusion process generates a 2D image,
assigning a 3× 3 matrix to each pixel (visualized here via RGB colors for illustration). We then
pullback these matrices to each triangle on the input mesh to get a Jacobian for each triangle,
placing us in the setting of [4] and outputting the final deformation of the mesh by solving Pois-
son’s equation.

how to restrict specific areas of the image to have specific predesignated colors [108, 126, 156].

With its rise in popularity, it has been applied to generate 3D points clouds [109, 221, 228]; how-

ever, with the lack of 3D data to train on, many works resort to aggregating 2D diffusion processes

to create 3D representations such as NeRFs [99, 143, 201].

7.3 Method

7.3.1 Preliminaries

Jacobians. We operate over triangular meshes, with each mesh having vertices V0 ∈ Rn×3 and

triangle faces T ∈ Rm×3. A deformation of a mesh is defined by assigning new positions to each

of its vertices, V ∈ Rn×3.

Each triangle is thus mapped via an affine map. The Jacobian Ji ∈ R3×3 of that triangle is
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Figure 7.3: We validate the efficacy of our approach by choosing 30 control points, placing
them based on their location in a ground truth deformation (left column), and then generating
deformations that comply with these control points via diffusion and inpainting. Our predicted
results, closely matching the groundtruth, are shown in the rightmost column. We also show
the prediction when we remove our custom inpainting approach (Jac. Def. Img. w/ Baseline
Inpaint) as well as a state-of-the-art inpainting approach, RePaint [108] (Jac. Def. Img. w/
RePaint). Both these baselines fail to produce global movement and create singularities around
the control points, manifesting as long spikes. We also compare to direct prediction of vertex
coordinates in image space (Coord. Def. Img. w/ Lap. Inpaint), similar to [16, 57, 115, 168].
This representation cannot handle areas where several triangles are assigned to the same pixel,
such as the hands and feet, leading to severe artifacts and loss of detail in these regions.
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a 3x3 real matrix, which is the linear part of the affine map,

Ji = V∇T
i , (7.1)

where∇i is the gradient operator of triangle ti. Poisson’s equation is given by:

V = L−1A∇TJ, (7.2)

where L is the mesh’s cotangent Laplacian, A is the mesh’s mass matrix, and J is the stacking

of each triangle’s Jacobian. It returns the deformation with the gradient closest to the predicted

gradient; see [4] for the full details.

Diffusion Models. We quickly summarize the necessary technical details of a diffusion gen-

erative process. A diffusion model is a probabilistic generative framework [66, 172, 173]. It

learns to denoise a signal with added gaussian noise, thereby learning to map the gaussian distri-

bution to the distribution of the training set. The diffusion training process starts from a sample

x0 ∼ q(x0), gradually adds noise, and produces x1, . . . ,xT , which can be described by a Markov

chain:

q(xt|xt−1) = N (xt;
√

1− βtxt−1, βtI)., (7.3)

where β1, . . . , βT is the variance schedule. The diffusion model learns the reverse process as:

pθ(xt−1|xt) = N (µθ(xt),Σθ(xt)), (7.4)
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to reduce the noise from a pure noise sample xT ∼ N (0, I), generating a new sequence xT−1, . . . ,x0.

Training of the posterior model qθ can be performed by optimizing the variational lower

bound; however, we follow the approach of [66], which shows that optimizing a surrogate loss

and training a model ϵθ to predict the ground truth added noise ϵ for xt compared to x0 could

lead to better results. The simplified loss is:

Lsimple = E
t∼[1,T ],x0∼q(x0),ϵ∼N (0,I)

[∥ϵ− ϵθ(xt, t)∥]. (7.5)

We also adopt the techniques shown in [127] to learn the posterior variance Σθ instead of fixing

it as in [66].

Inpainting. For 2D images, it is common to force the model to inpaint, i.e., have some pixels

be restricted to ones from a given image y: let m be a binary mask, with mi = 1 denoting that

pixel i is to be inpainted with the corresponding pixel from y, and mi = 0 denoting pixel i is to

be generated freely.

The standard diffusion denoising step samples xt−1 via:

x̃t = xt −
βt√
1− ᾱt

ϵθ(xt, t), (7.6)

xt−1 =
1√
αt

x̃t + Σθ(xt, t)z, z ∼ N (0, I), (7.7)

where βt is the forward process variance, αt = 1 − βt, ᾱt = Πt
s=1αs, ϵθ predicts the noise

introduced to xt, x̃t is the predicted denoised version of xt, and Σθ(xt, t) is the learned posterior

variance.
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The standard inpainting approach thus replaces known regions of x̃t from Eq. (7.6) with

the same regions from the given image y as :

x̃t = m⊙ y + (1−m)⊙ x̃t, (7.8)

where⊙ stands for element-wise multiplication. This inpainted x̃t is then plugged into Eq. (7.7).

7.3.2 Representing 3D Deformations as 2D Images

We assume that we have a dataset of mesh deformations, with each sample in the dataset

consisting of a quadruplet V0, T, V, U of a mesh (V0, T ), its deformation V , and a UV mapping

into 2D, represented by assigning a 2D coordinate to each vertex, U ∈ Rn×2. We assume this UV

map is semantically consistent between all samples in the dataset, i.e., each mesh of a human has

its hand mapped to the same region in UV space.

Using the UV map U , we generate a 2D raster image x such that each pixel represents the

mean of all Jacobians of triangles occupying that pixel:

xh,w =


0 |Th,w| = 0,

∑
k∈Th,w

Jk

|Th,w| else.

(7.9)

where Th,w are all the triangles with centroids inside pixel (h,w) or with that pixel’s centroid

within them. We denote the process of receiving the deformed vertices V and producing the
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deformation image x via f :

x = f(V ). (7.10)

Given such a predicted image x, we can extend the predicted Jacobians from the image

back to the 3D mesh, again using the UV map, assigning the Jacobian Ji to the triangle ti via:

J ′
i = xhiwi

, (7.11)

where the pixel xhiwi
is the one that contains the centroid of triangle Ti in UV space. Finally, we

can use the predicted Jacobians J ′
i in a fashion similar to [4] to define a deformation of the mesh

by solving Poisson’s equation. We denote the process of receiving a deformation image x and

outputting the deformed vertices V as:

V = g(x). (7.12)

With this conversion of operations between images and deformations of a 3D mesh, we can

use any standard image-based neural framework. As the main example of this approach, we use

diffusion to learn a generative space of deformations.

7.3.3 Inpainting Geometric Constraints

Thus far, we have devised a method that enables training a generative diffusion model to

generate plausible deformations of a given mesh. To control this diffusion process, at run time we
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Figure 7.4: We exhibit the ability of our framework to handle arbitrary constraints by choosing
arbitrary control point locations and generating deformations concerning them. Our method pro-
duces plausible deformations that respect the control points’ target positions in all cases, showing
that the diffusion process and our custom geometric inpainting approach are effective.

wish to be able to choose specific points on the mesh, c1, ..., ck ∈ V , and designate them to lie at

specific target positions P1, ..., Pk ∈ R3 (we visualize these constrained points as red spheres in

all figures). Thus, we revise the regular image inpainting process (detailed in Sec. 7.3.1) for the

3D mesh case: In this case, the mask m is a vector assigning a binary value to each vertex such

that mi = 1 iff vertex i is one of the constrained vertices cj , and y ∈ Rn×3 holds new positions

for each vertex w.r.t P1, ...Pk.

To apply inpainting to our setting, we need to overcome two limitations: 1) The signal

the image represents is the deformation gradients. However, directly inpainting gradients in

specific regions does not allow for controlling the coordinates of the vertices on the mesh. 2)

The constraints are extremely sparse (each constraint equivalent to one inpainted pixel), which is

proven to be ineffective when applying standard inpainting; see the left column in Fig. 7.3.

We approach these challenges by designing a custom optimization problem. This optimiza-

tion problem introduces an offset to each vertex of the mesh, r ∈ Rn×3, and requires that once
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the deformation is reconstructed from the given gradient image x̃t, the offsets r move the target

vertex positions exactly to where they should be:

m⊙ (g(x̃t) + r) = m⊙ y. (7.13)

The objective of the optimization is thus to achieve the smoothest (measured through the

Dirichlet energy of the deformation via the mesh’s cotangent Laplacian L) offsets, which have

minimal norm:

O(r) = rTLr + µrTr, (7.14)

where µ is a scalar parameter; we set µ = 1 × 10−5 in all experiments. By minimizing Eq. 7.14

under the constraints of Eq. 7.13, we ensure the resulting deformation correctly “inpaints” the

desired vertices while avoiding artifacts that occur due to interpolating from pixels to vertices or

due to sparse inpainting constraints (see Figure 7.3).

To define the global translation of the deformation well, we also require that the mesh is

centered at zero:
n∑

i=1

ri = 0. (7.15)

The optimization problem is solved in a standard fashion by a simple linear solve. We build

the Lagrangian L(r):

O(r) + λ1

k∑
i=1

(g(x̃t) + r − y)ck + λ2

n∑
i=1

ri, (7.16)
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which leads to the linear KKT system:

2(L+ I) AT

A 0


r
λ

 =

 0

[dc1 , . . . ,dck , 0]
T

 , (7.17)

where di = (y − g(x̃t))i and A ∈ R(k+1)×n is a matrix representation of the constraints, where

in the first k rows only the entries (1, c1), (2, c2), . . . , (k, ck) are 1 and all the others are 0; the last

row all entries are 1.

Solving this KKT system yields the desired offsets r, which we add to the original defor-

mation and convert back to gradients in the image domain to obtain

x̃′
t = f(g(x̃t) + r), (7.18)

which we plug into Eq. 7.7 before continuing as in the regular diffusion process.

7.3.4 Implementation Details

We utilize the framework proposed in [127] to train the diffusion network based on a UNet

model [66] combining multi-head attention [197] with four attention heads. We set T = 1000

for the diffusion process. For our 128 × 128 input, we stack five steps of downsampling in

the UNet, each with three residual blocks [64]. From the highest to lowest resolution, we use

[C, 2C, 2C, 4C, 4C] channels, where C = 128. The upsampling has the exact inverse structure to

the downsampling, with skip connections from corresponding layers. The output is a 128 × 128

image with 9 channels per pixel which we interpret as the 3 × 3 Jacobian. We use Adam [85]

with a learning rate of 1 × 10−4 to optimize the network with a batch size of 256. We run the
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Metric
Method

Coord. Def. Image Jac. Def. Image
w/ Baseline Inpaint w/ RePaint w/ Lap. Inpaint w/ Baseline Inpaint w/ RePaint w/ Lap. Inpaint

L2-V 0.243 0.191 0.0188 0.235 0.217 0.0159

L2-N 36.997◦ 33.497◦ 18.459◦ 35.291◦ 33.494◦ 14.160◦

Table 7.1: The prediction error w.r.t the ground truth, using two metrics: 1) L2-V, measuring
the mean Euclidean distance for each vertex in meters; 2) L2-N, measuring the mean angular
difference for each face’s normal in degrees. We compare representing the deformation via de-
formation gradients (Jac. Def. Image) vs. direct representation of the 3D coordinates (Coord.
Def. Image), and for standard baseline inpainting, a current inpainting technique, RePaint [108],
and our inpainting method (Lap. Inpaint). Our full method (right column) achieves the best
performance on both metrics.

training for 50000 epochs, which takes 43 hours on 4× NVIDIA A5000 GPUs. The timing for

the generation of 32 samples with our inpainting method is 20 minutes for our approach run on

one NVIDIA A5000 GPU. This is mostly due to the diffusion process itself (19 minutes); while

our custom inpainting method adds one minute. In comparison, RePaint [108] takes 46 minutes

to run.

7.4 Experimental Results

7.4.1 Datasets

We use the AMASS [114] dataset which has many human subjects performing various

different sequences. We choose one subset from MPI-MoSh [106] that has 19 subjects with

different genders and body shapes. We select 70% of the sequences as the training set, which

results in 75749 samples, with each sample representing the deformation of the human from

its T-pose. From the remaining data, we randomly select 4096 samples as our test set. We

then generate the 128 × 128 deformation raster image, with each pixel holding a 3 × 3 matrix
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representing the Jacobian at the triangles matching that pixel via f , as described in Eq. (7.10).

7.4.2 Comparison and Ablation

We begin by comparing our method to alternatives and ablating the different components

of it showing quantitative and qualitative results in Table 7.1 and Figure 7.3. Since the diffusion

process is non-deterministic, to compare it to ground truths we ensure its output is well-defined

w.r.t a ground-truth deformation: we carefully choose 30 constrained points on the mesh such that

these constraints uniquely define the deformation of the human and then generate the constrained

deformation of the human, comparing it to the ground truth.

We compare our representation of deformations via Jacobian-based deformation images

with a baseline that uses coordinate-based geometry images. For each of these two represen-

tations, we also test the results combined with two different inpainting methods: 1) a baseline

method that does not use our inpainting regularizer (Eq. 7.18) but instead uses the standard in-

painting method (Eq. 7.8) used in other image diffusion papers:

x̃′
t = f(m⊙ y + (1−m)⊙ g(x̃t)). (7.19)

We also compare our method to a recent method, RePaint [108] which proposes mixing the

diffusion step (Eq. 7.3) and the reverse step in the sampling process to incorporate the semantic

information from the known region over the entire denoising process and improves inpainting.

For RePaint, we choose parameters as follows: T ′ = 250 with respacing during sampling and 10

times resampling with jump size 10. For more details, please see [108].

For each method, we compare its prediction with the ground truth deformation from which
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Figure 7.5: Heat map of the average error. The baseline method, using vertex coordinates as in
Geometry Images [16, 57, 115, 168], exhibits significantly higher error in the areas that have a
dense set of triangles occupying one pixel (hands and feet).

the control points’ locations were taken. We use two metrics: L2-V compares the mean Euclidean

distance for each vertex; L2-N compares the mean angular difference for each face’s normal, in

degrees. The results are reported in Table 7.1, with qualitative visualization in Fig. 7.3. Addi-

tionally, Fig. 7.5 shows the error distribution of the predictions over the T-posed template via a

heatmap.

As is verified by the quantitative comparisons, our method is the most accurate. The quali-

tative results further reveal that our method (Fig. 7.3, right col., Jac. Def. Img. w/ Lap. Inpaint)

can better recover the correct deformation while retaining geometric details than others. Using

our full approach outputs smoother and more reasonable surfaces in areas with denser triangula-

tions, i.e., hands and feet (in which a cluster of triangles occupies one pixel), in comparison to

coordinate-based geometry images (Fig. 7.3, Vert. Def. Img. w/ Lap. Inpaint). Neither the

baseline inpainting (Fig. 7.3, Jac. Def. Img. w/ Baseline Inpaint) nor RePaint (Fig. 7.3, Jac.
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Def. Img. w/ RePaint) can account for the desired constraints, instead ignoring the inpainted

vertices, except for a local neighborhood around them, producing spikes.

7.4.3 Deformation from Arbitrary Constraints

Approaching deformations via diffusion and inpainting enables us to choose any subset of

vertices and assign them new positions to get a deformation that respects those constraints. We

test our method’s ability to deform human models w.r.t arbitrary control point combinations and

show the results in Fig. 7.4. We show extreme cases with only two points (a and b) as well as

non-joint locations such as forearm, nose, ears, and belly button (c, d, and e). In f, we use the

extremities to roughly define a human pose. In g, we test our method’s ability to generate various

lower body poses. In h and i, we use dense constraints to provide fine-grained control.

Notice that, by only modifying the sampling process, our method does not require any

pre-training process for any specific case, nor do we need to carefully design possible inpainting

masks to use in pretraining as is done in [126, 156].

7.4.4 Invariance to Mesh Resolution/Triangulation

Due to the representation of deformations via Jacobians, at test time, our framework can

handle arbitrary triangulations, even if they have high resolution that leads to multiple triangles

assigned to the same pixel in the image, if it has a consistent UV map as the training set. We show

two examples of higher resolution meshes and their deformations in Fig. 7.6, validating that our

method can deform them accurately in spite of their much higher resolution.
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Figure 7.6: Our trained framework is readily applicable to unseen, higher-resolution triangula-
tions (left) and deforms them accurately (right).

7.5 Conclusion, Limitations, and Future Work

Deformation Images are a novel representation allowing for representing deformation of

high-resolution meshes without loss of detail through 2D images. The image-based representa-

tion directly leverages standard image-based techniques, such as diffusion, which we show can

be used to generate deformations of humans into arbitrary poses. As a secondary contribution, we

propose a method to enable inpainting in this setting, even in cases where the inpainted regions

are extremely sparse.

Since diffusion processes require massive amounts of data, we focused on one of the only

large datasets of 3D deformations for human models. However, this is in essence a didactic

experiment, designed to validate the capability of our framework for generative deformation tasks

without loss of detail or accuracy. Considering the many compact representations for human

poses and wealth of research on this, there are many ways to generate human poses, e.g., by

controlling a low-dimension skeletal rig.
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Once additional large datasets of deformations of other classes are authored, we believe our

method can be used in impactful applications. One interesting extension is to consider temporal

motion as a sequence of deformations. Given a large collection of arbitrary objects in arbitrary

motion (e.g., assets from an animated film), our method can learn to generate motion for new

objects at test time, where the ability to inpaint and control the motion will further give artists

granular control over the generated motion. In different contexts, our framework can be trained

on physical systems such as objects in elastic equilibrium, then used to predict the equilibrium

for new objects under different constraints.

The limitations of our method are first inherited from the image diffusion process, which

requires massive amounts of data as well as extensive training times and is slow to produce

predictions. Because the research into diffusion is only at its early stages, and that our represen-

tation enables plugging arbitrary image-based diffusion architectures and training them without

any changes to the framework or code, our method will immediately benefit from faster image-

based diffusion approaches once they are devised. A second limitation of our method is that

while the resolution of the image does not ruin geometric detail or prevent us from represent-

ing low-frequency deformations such as articulations, it does prohibit us from representing more

fine-grained ones such as local edits to add fine details to the models. Applying current image-

based techniques for super-resolution may be an efficient way to overcome this barrier, and we

mark it as important future work.
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Chapter 8: Discussion

This dissertation presents novel methodologies for learning-based physics simulations and

collision-handling algorithms that capitalize on the strengths of neural networks and optimization

techniques. By overcoming the computational limitations of traditional analytic and numerical

methods, we have successfully incorporated machine learning approaches, achieving enhanced

efficiency without significant loss in accuracy. Our work promises high-quality visual results

in real-time applications such as online gaming and virtual reality, where simulation speed is

crucial.

8.1 Summary of Results

In Chapter 3 and Chapter 4, we introduce our work on LCollision [182] and N-Penetrate [183],

which involves the development of a learning-based collision detector for 3D deformable mod-

els. Our system has demonstrated a promising collision detection accuracy of up to 98.1%.

By leveraging active learning, our system robustly predicts collisions in large and previously

unseen spaces, illustrating the effectiveness of our learning-based approach. Furthermore, our

optimization-based collision handler successfully resolves collisions involving randomly gener-

ated 3D deformable materials in a fraction of a second with a success rate exceeding 90%. This

demonstrates the substantial benefits of integrating neural networks into conventional optimiza-
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tion techniques.

In Chapter 5, we introduce a technique to expedite collision response computations by

incorporating an additional repulsive force unit, ReFU [184], into the learning-based pipeline.

Our experiments reveal that this inclusion significantly reduces collisions between the garments

and the underlying bodies, elevating collision-free models from 49% to 77%. This novel method

thus represents a substantial improvement in our simulation’s real-time performance, highlighting

the power of a learning-based approach.

In Chapter 6, we showcase our third contribution, a neural volumetric deformable object

simulator, NPC-Net, which utilizes an actor-critic neural architecture for efficient collision detec-

tion and handling. This system’s learning capabilities result in almost collision-free quasistatic

deformable object poses, further enhancing the realism and accuracy of our simulations. Signifi-

cantly, this approach offers a 100−300× speed improvement over traditional numerical methods.

Finally, in Chapter 7, we introduce a pioneering framework for reposing 3D human models

to arbitrary poses. This framework, based on a geometric optimization regularization, success-

fully integrates control information into diffusion-based inpainting. Our novel algorithm leads to

a 93% reduction in errors when reposing various body parts, thereby opening new avenues for

applications requiring precise and realistic 3D simulations.

Through rigorous testing on large-scale datasets such as AMASS [114] for human mod-

els and TailorNet [138] for garments, we have confirmed the practical utility and accuracy of our

learning-based physics simulation systems. By generating realistic and plausible results at speeds

significantly exceeding those of numerical and analytic methods, our techniques open new pos-

sibilities in physics-based simulation, particularly for high-dimensional, real-time applications.
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8.2 Liminations and Future Work

Despite these promising advancements, certain limitations remain, providing a clear direc-

tion for future research.

Sequence Generation: All our work focuses on static simulations. However, many real-

world applications such as cloth animation and robot control require dynamic simulations. There-

fore, we plan to extend our work to dynamic simulations. One challenge for dynamic simulation

using learning methods is to limit the accumulation of errors. For example, in our work, we use a

neural network to predict the collision-free pose. However, the predicted pose may be not exactly

collision-free. If we use this pose as the initial pose for the next frame, the error will accumu-

late. One possible solution is leveraging the generation power of diffusion networks, which start

the process from random signals. These networks may recover some errors from the imperfect

approximations of previous frames and avoid disastrous error explosions.

Neural Numerical Hybrid Simulation: Our works improve the performance of learning-

based physical simulators. However, they can easily lose accuracy when the inputs are signifi-

cantly different from the training set. Although better learning methods aim to match the accu-

racy of exact analytic and numerical methods, they will not be the same. Therefore, we propose

combining the learning-based and traditional methods to achieve the best of both worlds. For

example, we can use the learning-based method to predict a rough solution and reduce the search

space, and the numerical method works on that to find the exact solution. As we continue to in-

tegrate machine learning with traditional physics-based simulation techniques, we are optimistic

that our work will lead to significant progress in the field.
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[13] Jernej Barbič and Doug L James. Real-time subspace integration for st. venant-kirchhoff
deformable models. ACM transactions on graphics (TOG), 24(3):982–990, 2005.
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