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Fig. 1. A visualization of a physically simulated character traversing a complex terrain using different agile parkour skills. Our framework starts with a
small dataset of terrain traversal motions, and then performs an iterative dataset augmentation loop that progressively expands the capabilities of a motion
generation model and a physics-based motion tracking controller.

Humans excel in navigating diverse, complex environments with agile motor
skills, exemplified by parkour practitioners performing dynamic maneuvers,
such as climbing up walls and jumping across gaps. Reproducing these agile
movements with simulated characters remains challenging, in part due to
the scarcity of motion capture data for agile terrain traversal behaviors
and the high cost of acquiring such data. In this work, we introduce PARC
(Physics-based Augmentation with Reinforcement Learning for Character
Controllers), a framework that leverages machine learning and physics-
based simulation to iteratively augment motion datasets and expand the
capabilities of terrain traversal controllers. PARC begins by training a motion
generator on a small dataset consisting of core terrain traversal skills. The
motion generator is then used to produce synthetic data for traversing new
terrains. However, these generated motions often exhibit artifacts, such as
incorrect contacts or discontinuities. To correct these artifacts, we train a
physics-based tracking controller to imitate the motions in simulation. The
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corrected motions are then added to the dataset, which is used to continue
training the motion generator in the next iteration. PARC’s iterative process
jointly expands the capabilities of the motion generator and tracker, creat-
ing agile and versatile models for interacting with complex environments.
PARC provides an effective approach to develop controllers for agile terrain
traversal, which bridges the gap between the scarcity of motion data and
the need for versatile character controllers.
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1 INTRODUCTION
Humans possess the remarkable ability to navigate through diverse
and complex environments by employing a broad range of agile mo-
tor skills. A prime example of human agility can be seen in parkour
practitioners, who regularly demonstrate extraordinary athleticism
by stylishly traversing obstacles using dynamic combinations of
maneuvers, such as vaulting, climbing, and jumping. Developing
simulated characters that can achieve comparable versatility re-
mains a significant challenge. Current state-of-the-art methods for
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training physics-based controllers predominantly rely on motion
capture data, using imitation objectives to guide the learning process
towards natural and human-like behaviors. Due to the challenges of
capturing highly athletic interactions with complex environments,
there is little data available of human athletes traversing diverse
terrains with agile motor skills. Moreover, acquiring large quanti-
ties of high quality motion data for such athletic behaviors can be
exorbitantly expensive.
Human motion capture data is important for training character

controllers that can move in a natural and life-like manner. While
recording a large volume of data from human athletes can be costly,
it is feasibly economical to capture a narrow set of high quality
motion data depicting core terrain-traversal skills. A simple data
augmentation method leveraging generative models may be to first
train a motion generator on this small initial dataset, then use the
generative model to automatically generate an expanded synthetic
dataset of more diverse behaviors. This augmented dataset can be
used to further train the motion generator to improve its generation
capabilities for traversing more difficult and diverse environments.
This self-consuming process can be performed iteratively to create a
sufficiently large dataset suitable for training a general and effective
terrain traversal controller.
However, a motion generator trained on a small dataset often

produces low-quality, physically implausible motions, especially in
unfamiliar scenarios. These artifacts—such as incorrect contacts,
floating, sliding, or discontinuities—can degrade the generator’s
performance over the iterations. To mitigate this progressive degra-
dation, we leverage physics simulation by training a motion imita-
tion controller to correct these artifacts. Instead of using the raw
generated motions, the physically corrected motions are added to
the dataset, improving the physical realism of the synthetic data and
stabilizing the training process throughout the iterative process.
Building on this idea, we introduce PARC (Physics-based Aug-

mentation with Reinforcement Learning for Character Controllers),
a framework that takes a small initial motion dataset as input and
outputs a motion tracking controller for traversing complex terrains.
PARC iteratively trains a motion generator and motion tracker to
augment a motion dataset, progressively expanding the capabili-
ties of both models. The motion generator synthesizes new terrain
traversal motions, while the motion tracker refines them to ensure
physical plausibility before adding the motion clips to the dataset.
This expanded dataset is used to continuously train both the gen-
erator and tracker, enhancing their versatility. Through multiple
iterations, PARC develops an expressive motion generator and an
agile motion-tracking controller. Together, these components en-
able precise control of a simulated character, allowing it to agilely
navigate complex obstacle-filled environments. The code and data
used to train PARC, as well as the models and data generated by
PARC, can be found at https://github.com/mshoe/PARC.

2 RELATED WORK
Recent advances in machine learning have led to a surge of tech-
niques that are capable of automatically producing high-fidelity hu-
man motions, which span both kinematics-based methods [Holden
et al. 2017; Rempe et al. 2021; Starke et al. 2019] and physics-based

methods [Fussell et al. 2021; Peng et al. 2018, 2022, 2021; Yao et al.
2022]. However, generating highly dynamic character-scene inter-
action behaviors remains a persistent challenge due to limited data
availability. The constraints imposed by complex scenes also place
more stringent demands onmotion quality, as they are susceptible to
more pronounced artifacts, such as floating and terrain collisions. In
this section, we review the most relevant prior work on generating
interactive motion under imposed terrain constraints.

2.1 Kinematic Motion Generation
Given abundant, high-quality motion data, kinematic motion gener-
ation models can effectively synthesize complex human behaviors.
Holden et al. [2020, 2017] introduced a phase-based auto-regressive
model that is able to generate locomotion behaviors on irregular
terrain. Li et al. [2024]; Yi et al. [2024] leveraged the expressiveness
of diffusion models to synthesize scene-aware motions. While these
works have shown promising results, they often struggle to gener-
alize to new scenarios not captured in the original training dataset.
Furthermore, their lack of physics-based simulation often leads to
artifacts such as floating, ground penetration, and self-collision,
compromising the realism of the synthesized motions.

2.2 Physics-based Character Control
Physics-based character simulation has been explored as a means to
procedurally generate novel behaviors in scenarios where motion
data may be scarce. For example, to model human athletic skills,
existing works have developed physics-based controllers capable
of replicating a wide range of dynamic sports, including parkour
[Liu et al. 2012], tennis [Zhang et al. 2023], table tennis [Wang et al.
2024a], soccer [Xie et al. 2022], boxing [Won et al. 2021], basketball
[Liu andHodgins 2018;Wang et al. 2024b], and climbing [Naderi et al.
2017]. However, many of the methods introduced in these studies
rely heavily on imitating existing motion data, thereby limiting their
applicability in domains where high-quality motion data is scarce
or all together unavailable.

Methods that combine physics-based and kinematic methods can
leverage the advantages of these two paradigms to further enhance
motion quality, diversity, and generalization, while also mitigating
artifacts that violate physical principles. Bergamin et al. [2019]
employed motion matching as a kinematic planner and trained a
physics-based controller to track the planner’s motions. Jiang et al.
[2023] utilized generative motion priors and projective dynamics for
natural character behaviors. Yuan et al. [2023] applied physics-based
tracking to refine motion diffusion outputs. These approaches rely
on high-quality motion datasets for training their kinematic and
tracking models. In contrast, our method iteratively trains a motion
generator and tracker using an initially small dataset, expanded
with physics-corrected motions.

2.3 Motion Control for Terrain Traversal
Developing motor controllers capable of agile traversal across com-
plex terrains has been an active area of research spanning multiple
fields, from robotics to computer graphics. Liu et al. [2012] trained
controllers specialized for traversing different types of obstacles and
then employed manually designed planners to sequence these skills,
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enabling the traversal of sequences of di�erent obstacles. Peng et al.
[2017] proposed a hierarchical reinforcement learning framework
for training controllers capable of complex locomotion tasks such
as ball dribbling across terrains, trail following, and obstacle avoid-
ance. Yu et al. [2021] presented an algorithm that produces a control
policy and scene arrangement to imitate dynamic terrain-traversal
motions from video.

In the �eld of robotics, there is a large body of work that applied
reinforcement learning methods to train controllers that enable
legged robots to traverse through environments with obstacles using
agile locomotion skills [Hoeller et al. 2024; Zhang et al. 2024]. While
some techniques can generate highly dynamic locomotion skills
without relying on demonstrations or reference motion data, the
resulting controllers are prone to producing unnatural behaviors.

2.4 Data Augmentation
Data augmentation has been an essential technique to prevent over-
�tting and improve generalization since the advent of the deep
learning [Krizhevsky et al. 2012; Shorten and Khoshgoftaar 2019].
Data augmentation has also been a vital tool in many character
animation frameworks [Holden et al. 2017; Park et al. 2019a]. More
recently, researchers have explored self-consuming generative mod-
els as a more powerful methodology to automate data augmentation.
Gillman et al. [2024] showed that self-consuming motion di�usion
models experience mode collapse, unless a self-correcting function
is used. To mitigate model collapse when training on self generated
data, Gillman et al. [2024] incorporated a pre-trained physically
simulated motion tracking controller [Luo et al. 2021] as a correc-
tion function for physically implausible motion artifacts. While the
previous work uses physics-based motion trackers as correction
functions, our work integrates the motion tracker as a component
of the self-consuming loop by continually training the tracker to
correct the synthetic motions produced by the motion generator.
Our work also applies the self-consuming, self-correcting loop to
the challenging task of terrain traversal.

3 BACKGROUND
In this section, we review the core machine learning concepts under-
lying our framework. First, we discuss di�usion models, the primary
architecture used for the motion generators. Next, we cover rein-
forcement learning, the paradigm used to train physically simulated
motion tracking controllers.

3.1 Di�usion Models
A generative model is trained to generate samples from an unknown
data distribution, which is approximated with a dataset of samples
D . Di�usion models are a type of generative model which have
recently been shown to be e�ective for motion synthesis [Tevet et al.
2023]. A di�usion model learns to generate samples from a data
distribution D by learning to reverse a di�usion process. A di�usion
process takes a samplex0 from D , and slowly converts it to a sample
from a standard Gaussian distribution by iteratively applying noise
to the sample. At the �nal di�usion timestep , the distribution
converges to a standard GaussianG � N ¹ 0•Iº. While the original
DDPM formulation trains a denoising model to predict the noise

applied to the original data sample [Ho et al. 2020], many motion
di�usion models choose to train a denoising model� that directly
predicts the denoised motion sample instead [Cohan et al. 2024;
Tevet et al. 2023]. Please refer to Karunratanakul et al. [2023] for a
more detailed discussion between the two options. The denoising
model is trained using a simple reconstruction objective:

L rec¹� º := Ex0•C� � E: � ? ¹: ºEx: � @¹x: jx0º
�
j jx0 � � ¹x: • :• Cºjj2

�
•

(1)
where?¹: º represents the di�usion timestep distribution (e.g. uni-
form distribution between»1•  ¼), andC is a context associated
with the samplex0 (e.g. text, control signal, etc.). After training, a
reverse di�usion process can be applied to generate samples using
the denoising model.

3.2 Reinforcement Learning
Reinforcement learning has been an e�ective paradigm for develop-
ing controllers for a wide range of tasks [Duan et al. 2016; Peng et al.
2017]. In reinforcement learning, an agent interacts with its envi-
ronment according to a policyc to maximize an objective [Sutton
and Barto 2018]. At each time stepC, the agent observes the state of
the environmentBC. The agent then samples and executes an action
from a policyaC � c ¹aCjsCº. The next statesÇ 1 is then determined
by the environment dynamicssÇ 1 � ?¹sÇ 1jsC•aCº. After every
state transition, the agent receives a scalar reward determined by a
reward functionAC= A¹sC•aC•sÇ 1º. The agent's objective is to learn
a policy that maximizes its expected discounted return� ¹c º,

� ¹c º = E?¹gjc º

"
) � 1Õ

C=0

WCAC

#

• (2)

where?¹gjc º represents the likelihood of a trajectoryg under policy
c , ) denotes the time horizon of a trajectory, andW2 »0•1¼is a
discount factor.

4 SYSTEM OVERVIEW
In this work, we present PARC (Physics-basedAugmentation with
Reinforcement Learning for CharacterControllers), an iterative data
augmentation framework for training agile terrain traversal con-
trollers for physically simulated characters. An overview of PARC
is available in Figure 2. Our framework consists of two main compo-
nents, a motion generator that generates kinematic motions given
a target terrain, and a physics-based motion tracker that corrects
artifacts in the generated motions by leveraging physical simulation.
These two components are applied iteratively to augment the mo-
tion dataset, progressively expanding the versatility of the generator
and capabilities of the tracker.

PARC starts with a small initial motion-terrain datasetD 0. At
each iteration8, PARC trains a motion generation model� 8 on the
datasetD 8� 1 from the previous iteration. Next,� 8 is used to synthe-
size new motionsfM 8 for traversing new terrains. After synthesizing
new motions, a motion tracking policyc8 is trained to enable a sim-
ulated character to imitate the motions from the combined dataset
D 8� 1 [ fM 8. Once trained,c8 is used to record physically corrected
motionsM 8 by tracking fM 8 in simulation. Finally, the physically
corrected motions are then added to the datasetD 8  D 8� 1 [ M 8.
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Fig. 2. Overview of the PARC framework. PARC iteratively trains a motion
generator and motion tracker with self-generated motion data. The motion
generator produces kinematic motion sequences to train the motion tracker,
while the motion tracker corrects physics-related artifacts in a simulator,
enabling the motion generator to continue training on new physics-based
motions.

An important characteristic of PARC is that the models are trained
in a continual manner. The generator� 8 and policyc8 of each
stage is initialized with the trained models from the previous stage,
utilizing past experience to accelerate the learning of new motions.
The �nal motion generation model can be used to synthesize target
motions on new terrains, and the physics-based motion tracker
can then follow the target motion to control a physically simulated
character to traverse new environments.

5 MOTION GENERATOR
The motion generator is one of the main components of PARC's self-
augmentation loop, and acts as a planner that generates kinematic
motions for traversing a given terrain. The motion generator is
represented as a di�usion model [Ho et al. 2020] trained to generate
motion sequences while conditioned on a local terrain heightmap
and target direction. An overview of our network architecture is
shown in Figure 3. Given an input contextC, the motion generator
predicts a motion sequencex = f x1•x2•� � � •x# g for traversing the
terrain along the desired direction. Each framex8 of the motion
sequencex is represented using a set of features consisting of:

� p0 2 R3, root position
� q0 2 R3, root rotation
� q 2 R� � 3, joint rotations
� p 2 R� � 3, joint positions
� c 2 »0•1¼� , contact labels

where � denotes the number of joints in the character's body. All
rotations are represented with exponential maps.

The input contextC to the di�usion model consists of a heightmap
h, recorded in the character's local coordinate frame, the horizontal
target directiond 2 R2, and the �rst two frames of the motion
sequence. These �rst two frames are an optional condition, allowing
our model to both generate an initial motion sequence given no

previous frames and also generate long-horizon motion sequences
autoregressively. Conditioning on two input frames, instead of one,
provides the model with velocity information.

The di�usion model is implemented with a transformer encoder
architecture, similar to MDM [Tevet et al. 2023]. An illustration of
the model architecture is available in Figure 3. The generator�
receives as input the context,C = f h•d•x1•x2g, the noisy motion
framesx: , and di�usion timestep: . The generator then predicts
the clean motion sequencêx0,

� ¹:• x: •Cº = x̂0 = f x̂1
0•x̂

2
0•� � � •x̂#

0 g (3)

The input di�usion timestep: , heightmaph, target directiond, and
noisy framesx: are �rst encoded using di�erent embedding net-
works to map each into tokens for the transformer. The heightmap
observations are processed with a convolutional neural network,
and the image patches are extracted and processed into tokens by an
MLP. The target direction is encoded with an MLP to produce one
token, and each frame of the input motion sequencex: is encoded
into a token with an MLP. When the �rst two frames¹x1

0•x
2
0º are

given, they replace the frames¹x1
: •x2

: º in the output sequence, and
are encoded with the same encoding network. Positional encoding is
applied to all tokens. The output token sequence is passed through
a �nal MLP that maps it to the denoised motion̂x0.

5.1 Motion Data Sampling
The motion generator is trained to generate motions for travers-
ing new terrains using a dataset of motion clips paired with their
respective terrains. When a motion clip is sampled, a half-second
motion sequence is selected uniformly from the frames of the mo-
tion clip. Figure 3 illustrates the features that are extracted from
each sequence. The motion sequence is split into 13 future frames
and 2 past frames. Each frame within a sequence is canonicalized
relative to the second frame, which is treated as the most recent
frame that the generator is conditioning on. A random future frame
is used to determine the target direction.

The sampling of the local heightmap from the global terrain geom-
etry associated with the motion clip is done using a31� 31uniform
grid of points, canonicalized to the second frame of the motion.
The sampled heightmaps are augmented with randomly oriented
boxes with varying heights to improve generalization when given
out of distribution heightmap observations. A collision-avoidance
technique is employed to ensure these boxes do not add terrain
penetration to the motion, as detailed in Appendix A.

5.2 Training
The motion generator is trained following the standard DDPM pro-
cess illustrated in Equation 1 , but with additional geometric loss
terms, which are introduced to better capture the spatial coherence
and physical plausibility of generated motions. Training is done by
iteratively samplingx: for : � » 1•  ¼, predictingx̂0, and computing
a di�usion model loss. The training loss is given by:

L¹ � º = L rec¹� º ¸ L velocity¹� º ¸ L joint ¹� º ¸ L pen¹� º• (4)

where L rec is the reconstruction loss,L velocity is a velocity loss,
L joint is a joint consistency loss, andL pen is a terrain penetration
loss. Details of these losses are provided in Appendix D.1.
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Fig. 3. The transformer encoder based architecture of the terrain-
conditioned motion generator.h is first processed by a CNN into an image
of shape 64x16x16, then unfolded into 64 non-overlapping image patches
of shape 64x2x2. The image patches are then embedded into tokens with
an MLP. The target directiond is embedded into a single token with an
MLP. Each frame of the noisy motion sequencex: is embedded into a token
using an MLP.

5.3 Terrain-Aware Motion Generation
One of the core challenges for training a terrain-conditioned motion
generator is ensuring the generated motions respect the surround-
ing terrain, either by not penetrating the terrain, or by employing
physically plausible motor skills to interact with the terrain. When
trained only on the small initial datasetD 0, � tends to produce
motions that ignore the physical constraints imposed by the ter-
rain such as running into a wall instead of climbing over it. We
hypothesize that when generating a motion autoregressively,�
is over�tting to the previous frames as a consequence of using a
small dataset. This focus on the previous frame results in the motion
generator ignoring the terrain condition, leading to motions that
fail the comply with the surrounding terrain. Our �rst technique
to address this issue is to train� with an auxiliary motion-terrain
penetration lossL pen, details of which are available in Appendix C.
To further improve the generated motion's compliance with a given
terrain, during training with 10% probability we use the generator
to synthesize motions on random terrains and apply the terrain
penetration loss to resolve intersections with the terrain while also
disabling the reconstruction loss. This approach encourages the
model to avoid terrain penetration, even when confronted with
unexpected variations in the terrain.

Incorporating terrain-penetration loss during training encourages
the motion generator to better adhere to the surrounding terrain.
However, we found that results could still be improved by using an
additional technique to further enhance terrain compliance. From
our hypothesis that motion-terrain penetration is a result of over-
�tting to previous frames, we blend the output of our model when
conditioned with and without the previous frames. This approach is
similar to classi�er-free guidance [Ho and Salimans 2022], and pro-
vides a tradeo� between temporally smooth motions with respect to

the previous frames, and terrain-compliant motions. Motions with
smoothness artifacts can be corrected by the physics-based motion
tracking controller, while motions that severely violate terrain con-
straints, such as running through a wall, cannot be reproduced in
simulation. The blended denoising update is determined by:

� blend

�
:• x: •C =

�
h•d•x1

0•x
2
0

� �

= B� ¹:• x: •C = ¹h•dºº ¸ ¹ 1 � Bº�
�
:• x: •C =

�
h•d•x1

0•x
2
0

� �
•

(5)

whereBis the blending coe�cient. We found thatB= 0”65works
well. To faciliate this blending during inference,� ¹:• x: •C = f h•dgº
is trained simultaneously with� ¹:• x: •C =

�
h•d•x1

0•x
2
0

	
º by ran-

domly masking the attention to the two previous frame tokensx1
0

andx2
0 with a 15% chance. At test time, evaluating the unconditional

and conditional models is done by supplying the corresponding
attention mask to the inputs.

5.4 Synthesizing New Motions
Given a terrain and a path, our trained model can generate long mo-
tion sequences by conditioning autoregressively on its own output
frames. We use this in combination with procedurally generated
terrains to synthesize new motions at each iteration. While a motion
tracking controller can correct physics-based artifacts in a reference
motion, low quality motions may be too challenging for the tracker
to follow. Therefore, two techniques are incorporated to reduce
artifacts in the generated motions. First, motions are generated in
batches of 64 sequences at a time, and a heuristic loss is used to
select the best motion within the batch. The heuristic loss combines
a contact loss, penetration loss, and path incompletion penalty. Once
a motion has been selected within a batch, the motion is re�ned us-
ing kinematic optimization techniques to mitigate artifacts such as
jittering, terrain penetration, and contact consistency. More details
on the kinematic correction procedure are available in Appendix E.

6 TRACKING CONTROLLER
In this section, we detail the process for training a controller capable
of executing the generated kinematic motion sequences in simula-
tion to enable a physically simulated character to traverse complex
environments. The character is controlled using a motion tracking
controller, trained with reinforcement learning on the kinematically
generated motions. Our motion tracking controller follows the Deep-
Mimic framework [Peng et al. 2018], and all physics simulations are
performed using Isaac Gym [Makoviychuk et al. 2021].

6.1 Observation and Action Representation
The actions from the policy speci�es the target orientations for
PD controllers positioned at each joint. The policy is queried at
30�I , while the physics simulation is performed at 120�I . The
observations of the agent consist of its proprioceptive state, its local
terrain observations, and future target frames from the reference
motion. The proprioceptive state consists of the agent's root position
proot, root rotation qroot, joint rotations q1:# joints , joint positions
p1:# joints and contact labelsc1:# joints . The local terrain observations
are represented using a heightmap of pointsh sampled around the
character. The target statessref are speci�ed by the reference motion
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Fig. 4. Long-horizon physics based motions generated using the final motion generator and motion tracker of PARC.

clip, and all features are canonicalized with respect to the character's
local frame. The local frame of the character is de�ned with the
origin at the root, the x-axis facing the root link's facing direction,
and the z-axis aligned with the global up vector.

6.2 Training
The physics-based controller is trained with a DeepMimic-inspired
motion-tracking objective, enabling it to navigate diverse terrains
by replicating the kinematic motions generated by the motion gener-
ator. The tracking reward is designed to encourage the controller to
minimize the di�erences between the agent and reference motion's
root position, root velocity, joint rotations, joint velocities, key body
positions, and contact labels. The contact label is a binary signal
that speci�es whether a body is in contact with the environment.
We found that matching the reference motion's contacts is vital for
ensuring the simulated character interacts with an environment
using naturalistic contact con�gurations. A detailed description of
the reward function is available in Appendix F. The policy network
is represented with three fully connected layers with 2048, 1024,
and 512 units, and is trained using Proximal Policy Optimization
[Schulman et al. 2017], with advantages computed usingGAE¹_º

[Schulman et al. 2015]. The value function is trained using target
values computed with TD¹_º [Sutton and Barto 2018].

6.3 Physics-Based Motion Correction
Once the tracking controller is trained in each iteration, it is uti-
lized to generate physics-corrected versions of the kinematically
produced motions. These corrected motions, recorded within the
simulation, e�ectively reduce physics-related artifacts present in
the original kinematic motions. The successfully recorded motions
are subsequently added to the motion dataset, which is then used
to continue training the motion generator in the next iteration of
PARC. A recorded motion is considered unsuccessful if the char-
acter fails to reach the end of the motion. Some reference motions
may have large artifacts or challenging frames in their early frames,
making it di�cult to track. To help increase the output of successful
recorded motions from our tracking controller, we initialize the
character at di�erent times along the motion, and then the earli-
est initialization that successfully reaches the �nal frame will be
recorded as additional motion data.

ACM Trans. Graph., Vol. 1, No. 1, Article . Publication date: May 2025.




	Abstract
	1 Introduction
	2 Related Work
	2.1 Kinematic Motion Generation
	2.2 Physics-based Character Control
	2.3 Motion Control for Terrain Traversal
	2.4 Data Augmentation

	3 Background
	3.1 Diffusion Models
	3.2 Reinforcement Learning

	4 System Overview
	5 Motion Generator
	5.1 Motion Data Sampling
	5.2 Training
	5.3 Terrain-Aware Motion Generation
	5.4 Synthesizing New Motions

	6 Tracking Controller
	6.1 Observation and Action Representation
	6.2 Training
	6.3 Physics-Based Motion Correction

	7 Experiments
	7.1 Novel Behaviors
	7.2 Motion Generator Performance
	7.3 Motion Tracker Performance
	7.4 Blended Denoising

	8 Discussion and Future Work
	9 Acknowledgments
	References
	A Terrain
	A.1 Terrain Representation
	A.2 Terrain Generation
	A.3 Terrain Augmentation

	B Path Planning
	B.1 Navigation Graph
	B.2 Cost
	B.3 Path Generation on New Terrains

	C Heuristic Losses
	C.1 Approximate Distance Fields
	C.2 Terrain Penetration Loss
	C.3 Terrain Contact Loss
	C.4 Jerk Loss

	D Diffusion Model Details
	D.1 Diffusion Model Loss
	D.2 DDIM Sampling

	E Kinematic Motion Correction
	E.1 Selection Heuristic
	E.2 Kinematic Motion Optimization

	F Motion Tracking Details
	F.1 Rewards
	F.2 Prioritized State Initialization

	G Visualization and Editing Tool

