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Fig. 1. We propose a Hybrid Imitation Learning (HIL) framework that is able to train a unified controller to master a diverse range of parkour skills and
execute agile life-like interactions with various obstacles. In this example, a physically simulated character employs five distinct parkour skills to successfully
clear the obstacle course.

Data-driven methods leveraging deep reinforcement learning have become
the dominant paradigm for developing controllers that enable physically sim-
ulated characters to produce natural human-like behaviors. However, these
data-driven methods often struggle to adapt to novel environments and com-
pose diverse skills to perform more complex interaction tasks with the envi-
ronment. To address these challenges, we propose a hybrid imitation learning
(HIL) framework that combines motion tracking, for precise skill replica-
tion, with adversarial imitation learning, to enhance adaptability and skill
composition, enabling robust dynamic control for highly athletic behaviors.
This hybrid learning framework is implemented through parallel multi-task
environments and a unified observation space, utilizing a goal-conditioned
representation to facilitate knowledge-sharing across the hybrid parallel
environments. We demonstrate the effectiveness of HIL on a parkour-style
obstacle traversal task and a heading control task. Our framework enables a
unified controller that not only preserves the naturalness of reference mo-
tion data, but also generalizes effectively to challenging new environments.
Evaluations across procedurally generated tasks and baselines show that our
method improves motion quality, increases skill diversity, and achieves com-
petitive task completion compared to previous learning-based approaches.
Results are best visualized through https://jiashunwang.github.io/HIL.
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1 INTRODUCTION
Physically simulated characters that can replicate human behav-
iors have broad applications in animation, virtual reality, and ro-
botics. These applications can benefit from enhanced physical re-
alism, which increases user engagement in virtual settings, and
improved task performance in robotics. Recent data-driven meth-
ods for physics-based character animation have made significant
progress in generating agile behaviors, such as running, boxing,

and tennis. By leveraging deep reinforcement learning (DRL) [Liu
and Hodgins 2018; Peng et al. 2018a], which simplifies the design
of control structures, these methods facilitate the development of
simulated characters that are both visually and functionally realistic.
While recent methods show promise, a key challenge remains:

developing a unified control policy that can adapt to new scenar-
ios with a diverse set of motor skills. Although motion tracking
techniques can closely replicate a wide range of motor skills [Peng
et al. 2018a], they often lack the flexibility to adapt skills to novel
environments, such as sequencing and composing different skills.
Alternatively, general distribution matching techniques, such as
adversarial imitation learning [Peng et al. 2021; Xu and Karamouzas
2021], provide greater flexibility to modify and adapt skills to new
scenarios. However, these methods are susceptible to mode col-
lapse and may result in less natural and repetitive behaviors. These
limitations are particularly evident in dynamic athletic tasks with
complex scene interactions, such as parkour, where characters must
sequence multiple dynamic stunts and adapt them to obstacles in the
environment. In these scenarios, motion tracking approaches often
struggle to generalize skills beyond the reference trajectories, while
adversarial imitation learning methods may collapse to repetitive
interaction strategies that ignore scene-specific affordances.

To overcome these limitations, we introduce a simple but effective
hybrid imitation learning method (HIL). HIL jointly trains a con-
troller in two modes: (1) a motion tracking mode designed to closely
replicate various parkour skills, and (2) an adversarial imitation
learning mode designed to enhance smooth transitions between
skills and adaptability across different scenarios. This hybrid frame-
work is instantiated through parallel multi-task environments with
a unified observation space shared by both modes. This shared rep-
resentation enables skills learned from reference data to transfer
more effectively to goal-driven scenarios, while mitigating mode
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collapse. As a result, HIL is able to train a uni�ed controller capable
of composing diverse athletic skills and performing agile, life-like
behaviors in novel and challenging environments.

For tasks such as parkour, where aligned motion data with scene
geometry is scarce, we source reference motion clips from online
videos. For more common tasks, such as heading control, we lever-
age existing motion capture datasets. We systematically evaluate
our model in a large number of diverse procedurally generated en-
vironments. We benchmark our method against multiple baseline
techniques from prior work, and our results demonstrate improved
motion quality, reduced mode collapse, and broader skill coverage.

2 RELATED WORK
Data-driven methods have revolutionized character animation. With
a comprehensive motion dataset, kinematic-based methods, such
as motion graphs [Kovar et al. 2002; Safonova and Hodgins 2007]
and motion matching [Clavet et al. 2016], can produce realistic
animations. Later, deep learning models advanced motion synthe-
sis [Holden et al.2017; Starke et al.2022]. However, these approaches
struggle with dynamic interactions and generalization to unseen
scenarios, motivating the exploration of physics-based techniques.

Physics-based models simulate forces and dynamics to produce
physically plausible behaviors. By leveraging reference motion
clips, these methods can generate more realistic character move-
ments [da Silva et al. 2008; Lee et al. 2010; Liu et al. 2012; Safonova
et al. 2004; Zordan and Hodgins 2002; Zordan et al. 2005]. The strate-
gic use of these reference motions has been a focal point of study.
Motion tracking is a widely used technique for creating controllers
that closely follow reference trajectories, typically by optimizing
a tracking objective [Fussell et al. 2021; Liu and Hodgins 2018; Liu
et al. 2016; Luo et al. 2023; Peng et al. 2018a; Sok et al. 2007; Tessler
et al. 2024; Won et al. 2020; Xu et al. 2025a]. However, simply mim-
icking reference motions is insu�cient for adapting to new scenes.
Kinematic planners can be used to synthesize or retrieve new refer-
ences [Bergamin et al. 2019; Park et al. 2019; Yuan and Kitani 2020].
However, they often lack physical plausibility in new scenes that
require a lot of interactions. Incorporating task objectives can help
generate new behaviors [Peng et al. 2018a], but frame-by-frame
tracking rewards restrict necessary deviations from reference mo-
tion, thereby limiting the system's adaptability.

The integration of Adversarial Imitation Learning (AIL) marked
a signi�cant advancement [Ho and Ermon 2016; Peng et al. 2021;
Xu and Karamouzas 2021]. AIL approaches learn the distribution of
reference motions through a discriminator [Bae et al. 2023; Li et al.
2022; Xu et al. 2023a,b], which provides a style imitation objective to
encourage the generation of natural motions. By learning to match
the distribution of the reference data rather than follow a speci�c
trajectory, AIL allows deviations from the reference data to achieve
broader task objectives, enabling better task adaptations.

In recent years, hierarchical methods have shown signi�cant
progress in physics-based character animation [Peng et al. 2022;
Wang et al. 2024c; Won et al. 2022]. These methods typically involve
a two-stage training process. In the initial imitation stage, a low-level
controller is trained to perform a wide range of skills by mimicking
the reference motions [Dou et al. 2023; Luo et al. 2024a; Peng et al.
2022; Tessler et al. 2023; Wang et al. 2024a; Won et al. 2022; Yao et al.

2022; Zhang et al. 2023]. The low-level controller is usually modeled
using a latent variable model. Then, a high-level controller learns to
output appropriate latent variables to guide the low-level controller
in solving downstream tasks. However, hierarchical methods often
struggle to adapt to out-of-domain scenarios, which poses challenges
in environments requiring �exible and dynamic motions. Recent
work, such as MaskedMimic [Tessler et al. 2024], explores learning
policies through masked conditioning and distillation from motion
tracking controllers. However, it is still trained within reference-
conditioned motion tracking settings, where training conditions are
derived from the reference data itself. In contrast, our framework
explicitly constructs more general goal-conditioned settings and
jointly trains adaptation beyond the reference data distribution
while maintaining motion tracking during training.

Character-Scene Interaction: Generating natural interactions be-
tween characters and their environments is important yet challeng-
ing. Early works use motion graphs to sequence reference clips
to produce desired interactions [Lee et al. 2002, 2006]. However,
these methods were limited to the scenarios originally captured.
Recent works apply deep neural networks for human-scene inter-
action [Hassan et al. 2021; Starke et al. 2019; Wang et al. 2021],
with di�usion models enabling text-conditioned generation [Jiang
et al. 2024; Yi et al. 2024]. However, these kinematic-based methods
can not ensure physical plausibility for the generated interactions.
Physics-based control methods o�er more natural interaction via
dynamic simulation. Chao et al. [2021] trained a repertoire of con-
trollers from reference motion data to perform tasks such as sitting
on a chair. Yu et al. [2021] proposed to train separate controllers to
physically reconstruct parkour movements from videos. Adversarial
imitation learning has been employed to synthesize more natural
interactions within indoor scenes [Hassan et al. 2023; Pan et al. 2025;
Xiao et al. 2024].

Recent works have explored various robots performing terrain
traversal tasks [Cheng et al. 2024; Hoeller et al. 2024; Peng et al.
2016; Xie et al. 2020; Xu et al. 2025b; Zhuang et al. 2023, 2024],
primarily emphasizing navigability across obstacles. In contrast, our
approach develops a single uni�ed controller capable of performing
a wide range of visually striking parkour stunts, enabling highly
diverse and dynamic interactions between the character and the
environment.

3 OVERVIEW
This paper introduces a hybrid imitation learning (HIL) framework
aimed at enhancing the realism and versatility of virtual characters
across novel environments and conditions. With HIL, we train a
uni�ed controller capable of executing diverse athletic behaviors
while adapting seamlessly to unseen scenarios. The motion tracking
mode ensures that the controller can accurately reproduce reference
motions, preserving the naturalness of the reference. Meanwhile,
the adversarial imitation learning mode enhances adaptability by
providing the controller with the �exibility to modify and sequence
these skills to tackle unseen conditions.

To facilitate e�ective training across these two modes, we de-
sign parallel multi-task environments. The motion tracking mode is
implemented as a motion tracking task, while the adversarial imita-
tion learning mode is implemented using Adversarial Motion Priors
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(AMP) [Peng et al. 2021]. However, motion tracking controllers typ-
ically require temporal phase information or future target poses as
input [Peng et al. 2018a; Tessler et al. 2024], which are not available
in the adversarial imitation learning mode, where no corresponding
reference motion data is available. This mismatch in conditioning
makes it di�cult to train a single policy across the two modes, as the
controller must rely on di�erent inputs to achieve their respective
objectives. Di�erent from standard motion tracking frameworks, we
introduce a uni�ed condition-driven observation space, which en-
codes scene context and task objectives in a consistent form across
both modes. In the motion tracking mode, these goal conditions
(e.g., target location, facing direction, and scene geometry) constrain
the set of feasible motions and implicitly indicate the controller's
progression along a reference behavior. In the adversarial imitation
learning mode, the same representation provides task-relevant in-
formation for adapting skills in response to new environments. By
sharing this representation, the controller can leverage a common
conditioning mechanism across modes, enabling behaviors learned
from reference data to transfer more e�ectively to more general
goal-driven scenarios.

4 PRELIMINARIES
In this work, all controllers are trained using goal-conditioned re-
inforcement learning (GCRL), where an agent interacts with an
environment in order to optimize a reward function conditioned
on a task-speci�c goal. At each time stepC, the agent observes the
current stateBCof the environment together with a goal speci�ca-
tion 6C, and samples an action0C from a policyc ¹0CjBC•6Cº. Upon
executing the action, the environment transitions to a new stateBC¸1,
following the dynamicsBC¸1 � ? ¹BC¸1jBC• 0Cº, and the agent receives
a rewardAC = A ¹BC• 0C•BC¸1•6Cº. The objective is to learn a policyc
that maximizes the expected discounted return � ¹cº, de�ned as:

� ¹cº = E? ¹g jc º

"
) �1Õ

C=0

WCAC

#

(1)

where?¹g jcº = ?¹B0º
Î ) �1

C=0 ?¹BC¸1jBC• 0Cºc ¹0CjBC•6Cº represents the
likelihood of a trajectoryg = fB0• 00•A0•B1• ”””•B) �1 • 0) �1 •A) �1 •B) g
under the policyc . Here,?¹B0º is the initial state distribution,)
represents the time horizon of a trajectory, andW 2 »0•1¼is the
discount factor.

5 HYBRID IMITATION LEARNING
In this section, we introduce our hybrid imitation learning (HIL)
framework. Our framework combines two training modes: motion
tracking and adversarial imitation learning. We observed that each
technique in isolation results in suboptimal behavior, such as mode
collapse (using only a small subset of skills), quality degradation
(unnatural behaviors), or inability to adapt to scene changes (ro-
bustness). Our hybrid framework combines the strengths of motion
tracking and adversarial imitation learning, allowing the controller
to both reproduce behaviors from the dataset and adapt them to
new environments and task conditions.

The HIL framework is implemented through parallel multi-task
environments. In the motion tracking mode, the controller is trained
to track the reference motion precisely, frame by frame. In the

adversarial imitation learning mode, the controller is trained with
goal-conditioned tasks such as navigating obstacles or maintaining
a speci�ed heading direction. By exposing the character to goals and
scenes beyond those depicted in the reference dataset, this mode
encourages robustness and adaptability. By training on both tasks
in parallel, the model acquires precise skills and generalizes across
novel scenes and conditions.

5.1 Motion Tracking
In prior motion tracking systems, time phase variables [Peng et al.
2018a; Yuan and Kitani 2020] or target poses [Luo et al. 2023; Tessler
et al. 2024] are commonly used. However, to develop a uni�ed
controller capable of adapting to diverse scenes, we cannot rely on
these inputs, as they are unavailable in novel environments where
no reference data is available. Instead, a consistent observation space
is crucial, as it forces the controller to adopt similar behaviors for
both motion tracking and adversarial imitation. To achieve this, we
construct a goal-conditioned observation that encodes information
such as scene geometry, target location, or directional cues in a
uni�ed representation. Empirically, we �nd that, together with the
character state, this representation provides su�cient information
for the controller to implicitly infer its progression within a motion
clip and perform e�ective motion tracking without explicit pose or
phase variables.

Building on this �nding, our controller takes the character state
BC and the goal condition6C as input and outputs an action0C to
enable the character to track a given reference motion. The model is
trained using a standard motion tracking objective, which encour-
ages the character to minimize the di�erence between the state of
the character and the reference motion at each timestep C:

ACA02:
C = F ?4�U ? j j?̂C�? Cj j ¸ F A4�U A j j@̂C	@Cj j ¸ F E4�U Ej j ¤̂?C� ¤?Cj j

¸ F l 4�U l j j ¤̂@C� ¤@Cj j ¸ F � 4�U � j j�̂ C�� Cj j ¸ F 4

Õ

9

j jg9¤@9j j• (2)

whereF f �g andUf �g are weights used to balance di�erent reward
terms. This reward encourages the character to imitate the position
?̂, rotation@̂, linear velocity ¤̂?, angular velocity¤̂@, and the root height
�̂ speci�ed by the reference motion. An energy penalty is applied to
encourage smoother motion and mitigate jittering [Lee et al. 2023].
A detailed description of the reward functions is available in the
Appendix.

Incorporating motion tracking into the hybrid training framework
encourages the controller to reproduce a broader range of reference
behaviors. Since di�erent obstacles are associated with di�erent
reference motions, the tracking objective encourages the policy to
utilize di�erent interaction patterns across task conditions. Sharing
the same observation representation across the two modes also
provides a consistent conditioning mechanism between motion
tracking and adversarial imitation learning.

5.2 Adversarial Imitation Learning
The adversarial imitation learning mode is designed to enhance the
controller's adaptability, enabling it to perform natural behaviors
in novel conditions and scenes that do not exist in the reference
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dataset. The objective used in this mode combines a task reward
and a style reward.

The task reward is de�ned in a goal-conditioned manner and
may vary depending on the task. For example, it can encourage
the character to navigate towards a speci�ed target or to maintain
a desired heading direction. This component provides task-level
guidance, which encourages the character to solve environment-
speci�c objectives rather than simply replicating demonstrations.

The task reward is combined with a style reward derived from
a discriminator� ¹BC �=:C•2C �=:Cº. The goal of the discriminator is to
di�erentiate between real data, sampled from the reference dataset,
and "fake" data generated by the policy. The discriminator is pro-
vided with the=-step history of previous statesBC �=:C and scene
conditions2C �=:C, and then predicts whether the transitions are from
the reference motion datasetM or produced by the policyc . By
adding the goal condition to the discriminator, it allows the discrim-
inator to evaluate the naturalness of a motion, and also the motion's
suitability for the current condition. The discriminator is trained
using a binary classi�cation loss [Ho and Ermon 2016], including a
gradient penalty regularizer [Peng et al. 2021]:

min
�

� E 3" ¹BC �=:C•2C �=:Cº log¹� ¹BC �=:C•2C �=:Cºº

� E 3c ¹BC �=:C•2C �=:Cº log¹1 � � ¹B C �=:C•2C �=:Cºº

¸ F 6?E3" ¹BC �=:C•2C �=:Cº






 r q � ¹qº

�
�
q=¹BC �=:C•2C �=:Cº








2
• (3)

whereF6? is a manually speci�ed weight. Similar to AMP [Peng

et al. 2021], the style reward is then given by:ABC~;4
C = � log¹ 1 �

� ¹BC �=:C•2C �=:Cºº, which encourages the policy to produce more natu-
ral motions while also utilizing the appropriate skills for interacting
with a particular scene.

The �nal adversarial objective is a weighted combination of task
and style rewards:

AC = F C0B:AC0B:
C ¸ F BC~;4ABC~;4

C • (4)

with F C0B:andF BC~;4being weights for each objective. To bridge
the behavior in the two modes, a style rewardABC~;4

C is also added
to the tracking rewardACA02:

C with the same weights in the tracking
mode. This adversarial objective encourages the controller to adapt
and compose skills from the motion dataset as necessary to clear
new obstacles and scenes.

6 TASKS
Our goal is to develop a uni�ed controller that can not only replicate
precise athletic skills but also adapt these skills to diverse environ-
ments. To achieve this, in addition to carefully designing a multi-task
environment, we incorporate several key design choices into the
system. We �rst describe the shared design components that enable
the learning across two modes, and then detail how these designs
are instantiated for parkour and heading task.

Character state. The simulated character is constructed based
on the SMPL human model [Loper et al. 2015]. The character's
stateBC = ¹� C• ?C•@C• ¤?C• ¤@Cº is represented by a set of features that
describes the con�guration of the character's body:

� � C: height of the root from the ground
� ? C: positions of each joint in the local coordinate frame

Fig. 2. Network architectures of the policy, the critic, and the discriminator.
The policy takes character stateBC, scene point cloud2C, and target goal
location;C as input to output the action. The critic additionally takes a task
indicator variable: C as input. For the discriminator, n-step state transitions
BC �=:C and scene point cloud 2C �=:C are provided.

� @C: rotations of each joint in the local coordinate frame
� ¤?C: joint linear velocity in the local coordinate frame
� ¤@C: joint angular velocity in the local coordinate frame

The root is designated as the pelvis. The character's local coordinate
frame is de�ned with the origin located at the root, the x-axis ori-
ented along the root link's facing direction, and the z-axis aligned
with the global up vector.

Goal condition. To construct a uni�ed observation space e�ec-
tive across both training modes, we condition the policy on task-
speci�c goal variables6C. The speci�c form of6Cdi�ers across tasks,
as detailed in the following section.

Action. The simulated humanoid is actuated using proportional
derivative (PD) controllers. The policyc ¹0jB•6º = N ¹ c̀ ¹0jB•6º• �c º,
is modeled as a multi-dimensional Gaussian, where the mean` c

is predicted by the model, and the covariance matrix� c is de�ned
using manually-speci�ed values fc = 0”055.

6.1 Parkour Task
We �rst describe the task-speci�c design of parkour task, which
focuses on agile scene interactions and obstacle traversal.

Goal condition. For the parkour task, the observation includes a
character-centric point cloud2C, de�ned as the closest# points from
the scene to the character's root, together with a target location;C. In
the motion tracking mode,;C is sampled from a future root position
1�2 seconds ahead along the reference trajectory. In the adversarial
imitation learning mode,;C is sampled near upcoming obstacles by
using the corresponding future root position and perturbing it with
Gaussian noise sampled from N ¹0• 0”2º.

Reward. The reward encourages the root position?A>>C
C to move

toward the target location ;C:

Atask
C = F ?A>6

�
k?A>>C

C �1 � ; C �1k2 � k? A>>C
C � ; Ck2

�
¸ F A402�AA402�

C • (5)
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