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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

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 �nite-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 ef�cacy of simulation

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

sion of the physical system's con�guration 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 �nite element method involves

solving large global systems of equations. The complexity can vary fromO(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 ofO(n logn) 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 take50� 80%of the total simulation

time. Finally, it is generally dif�cult 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 �lters and effectively compressing high-dimensional data

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

tationally more ef�cient to handle, offering a signi�cant 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 of�ine. 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 ef�cient 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 signi�cantly 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



Figure 1.2: In this �gure, 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 of98:1% 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

�eld 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 signi�cantly 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 is100�

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 by93%

when moving different body parts to random locations.

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

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

satisfy physical laws and constraints. The �rst 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

5



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 observe100� 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 modi�ed geometric optimization regular-

izerand enable inpainting that satis�es 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 �nite element method [90], the boundary-element method [26],

or simpli�ed 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 inO(n1:5) complexity, wheren 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 �uids [208]. In the following research, we want to follow this direction and add domain

knowledge to improve the neural simulation accuracy and ef�ciency.
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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 de�ne networks directly on

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

space [115], and CNN based on spatial �ltering [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 �xed time intervals. In contrast, continuous collision detection algorithms estimate the

time instance corresponding to the �rst contact and thereby maintain non-penetration con�gura-

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: �rst, 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 signi�cantly 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-

speci�c 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 ef�ciently 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 signi�cantly

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 suf�cient 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
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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 of94:1%,

a false positive rate of6:1%, and a false negative rate of5:7% 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 with2161vertices

takes2:095iterations and0:25s on average. Moreover, our learned collision detector is80� 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 dif�cult 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 �ipped 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 graphG = < V; E > ,

with V being a set of vertices andE 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, whileV differs. We transformV

to the as-consistent-as-possible (ACAP) feature space [46], denoted asX 2 R9�jVj , to handle

large deformations. We use a bilevel autoencoder to embedX 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 aK -dimensional latent code, with weights denoted as

C 2 RK � 9�jVj . A sparsity loss is used to ensure that each dimension ofC 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 ofV. 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
maskM ki , 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 featureX to a latent codeZ and then reconstructsZ

to feature �X . We use subscripts to denote the index of an autoencoder, e.g.,X0, Z 0, and �X0 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 altogetherjZ 0j + 1 autoencoders.

The kth level-2 autoencoder is responsible for representing a subset of residualX0 � �X0. To

determine the subset, an attention mask is computed as:M ki =
P 9

j =1 Ckji 2=
P jZ 0 j

k=1

P 9
j =1 Ckji 2.

In addition, the input to thekth level-2 autoencoder isX i
k = M ki (X i

0 � �X i
0). The soft assignment

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

some human body parts decomposed usingM ki 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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