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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://youtu.be/le4248gIMME.
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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
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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
collapse. As a result, HIL is able to train a unified 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-drivenmethods 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 insufficient 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 significant 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 specific
trajectory, AIL allows deviations from the reference data to achieve
broader task objectives, enabling better task adaptations.
In recent years, hierarchical methods have shown significant

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 flexible 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 diffusion 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 offer 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 unified controller capable of performing
a wide range of visually striking parkour stunts, enabling highly
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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
unified 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 flexibility to modify and sequence
these skills to tackle unseen conditions.
To facilitate effective 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
(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 difficult to train a single policy across the two modes, as the
controller must rely on different inputs to achieve their respective
objectives. Different from standard motion tracking frameworks, we
introduce a unified 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 effectively 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-specific goal. At each time step 𝑡 , the agent observes the
current state 𝑠𝑡 of the environment together with a goal specifica-
tion 𝑔𝑡 , and samples an action 𝑎𝑡 from a policy 𝜋 (𝑎𝑡 |𝑠𝑡 , 𝑔𝑡 ). Upon
executing the action, the environment transitions to a new state 𝑠𝑡+1,
following the dynamics 𝑠𝑡+1 ∼ 𝑝 (𝑠𝑡+1 |𝑠𝑡 , 𝑎𝑡 ), and the agent receives
a reward 𝑟𝑡 = 𝑟 (𝑠𝑡 , 𝑎𝑡 , 𝑠𝑡+1, 𝑔𝑡 ). The objective is to learn a policy 𝜋

that maximizes the expected discounted return 𝐽 (𝜋), defined as:

𝐽 (𝜋) = E𝑝 (𝜏 |𝜋 )

[
𝑇−1∑︁
𝑡=0

𝛾𝑡𝑟𝑡

]
(1)

where 𝑝 (𝜏 |𝜋) = 𝑝 (𝑠0)
∏𝑇−1
𝑡=0 𝑝 (𝑠𝑡+1 |𝑠𝑡 , 𝑎𝑡 )𝜋 (𝑎𝑡 |𝑠𝑡 , 𝑔𝑡 ) represents the

likelihood of a trajectory 𝜏 = {𝑠0, 𝑎0, 𝑟0, 𝑠1, ..., 𝑠𝑇−1, 𝑎𝑇−1, 𝑟𝑇−1, 𝑠𝑇 }

under the policy 𝜋 . Here, 𝑝 (𝑠0) is the initial state distribution, 𝑇
represents the time horizon of a trajectory, and 𝛾 ∈ [0, 1] is 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 specified 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 unified
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
unified representation. Empirically, we find that, together with the
character state, this representation provides sufficient information
for the controller to implicitly infer its progression within a motion
clip and perform effective motion tracking without explicit pose or
phase variables.
Building on this finding, our controller takes the character state

𝑠𝑡 and the goal condition 𝑔𝑡 as input and outputs an action 𝑎𝑡 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 difference between the state of
the character and the reference motion at each timestep 𝑡 :

𝑟 𝑡𝑟𝑎𝑐𝑘𝑡 =𝑤𝑝𝑒
−𝛼𝑝 | |𝑝𝑡 −𝑝𝑡 | | +𝑤𝑟𝑒

−𝛼𝑟 | |𝑞𝑡 ⊖𝑞𝑡 | | +𝑤𝑣𝑒
−𝛼𝑣 | | ¤̂𝑝𝑡 − ¤𝑝𝑡 | |

+𝑤𝜔𝑒
−𝛼𝜔 | | ¤̂𝑞𝑡 − ¤𝑞𝑡 | | +𝑤ℎ𝑒

−𝛼ℎ | |ℎ̂𝑡 −ℎ𝑡 | | +𝑤𝑒

∑︁
𝑗

| |𝜏 𝑗 ¤𝑞 𝑗 | |, (2)

where 𝑤 { ·} and 𝛼{ ·} are weights used to balance different reward
terms. This reward encourages the character to imitate the position
𝑝 , rotation𝑞, linear velocity ¤̂𝑝 , angular velocity ¤̂𝑞, and the root height
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ℎ̂ specified 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.

Incorporatingmotion tracking into the hybrid training framework
encourages the controller to reproduce a broader range of reference
behaviors. Since different obstacles are associated with different
reference motions, the tracking objective encourages the policy to
utilize different 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
dataset. The objective used in this mode combines a task reward
and a style reward.
The task reward is defined in a goal-conditioned manner and

may vary depending on the task. For example, it can encourage
the character to navigate towards a specified target or to maintain
a desired heading direction. This component provides task-level
guidance, which encourages the character to solve environment-
specific objectives rather than simply replicating demonstrations.
The task reward is combined with a style reward derived from

a discriminator 𝐷 (𝑠𝑡−𝑛:𝑡 , 𝑐𝑡−𝑛:𝑡 ). The goal of the discriminator is to
differentiate between real data, sampled from the reference dataset,
and "fake" data generated by the policy. The discriminator is pro-
vided with the 𝑛-step history of previous states 𝑠𝑡−𝑛:𝑡 and scene
conditions 𝑐𝑡−𝑛:𝑡 , and then predicts whether the transitions are from
the reference motion dataset M or produced by the policy 𝜋 . 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 classification loss [Ho and Ermon 2016], including a
gradient penalty regularizer [Peng et al. 2021]:

min
𝐷

− E𝑑𝑀 (𝑠𝑡−𝑛:𝑡 ,𝑐𝑡−𝑛:𝑡 ) log(𝐷 (𝑠𝑡−𝑛:𝑡 , 𝑐𝑡−𝑛:𝑡 ))

− E𝑑𝜋 (𝑠𝑡−𝑛:𝑡 ,𝑐𝑡−𝑛:𝑡 ) log(1 − 𝐷 (𝑠𝑡−𝑛:𝑡 , 𝑐𝑡−𝑛:𝑡 ))

+𝑤𝑔𝑝E𝑑𝑀 (𝑠𝑡−𝑛:𝑡 ,𝑐𝑡−𝑛:𝑡 )




∇𝜙𝐷 (𝜙)
��
𝜙=(𝑠𝑡−𝑛:𝑡 ,𝑐𝑡−𝑛:𝑡 )




2 , (3)

where 𝑤𝑔𝑝 is a manually specified weight. Similar to AMP [Peng
et al. 2021], the style reward is then given by: 𝑟𝑠𝑡𝑦𝑙𝑒𝑡 = − log(1 −
𝐷 (𝑠𝑡−𝑛:𝑡 , 𝑐𝑡−𝑛:𝑡 )), which encourages the policy to producemore natu-
ral motions while also utilizing the appropriate skills for interacting
with a particular scene.

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

𝑟𝑡 =𝑤𝑡𝑎𝑠𝑘𝑟 𝑡𝑎𝑠𝑘𝑡 +𝑤𝑠𝑡𝑦𝑙𝑒𝑟
𝑠𝑡𝑦𝑙𝑒

𝑡 , (4)

with 𝑤𝑡𝑎𝑠𝑘 and 𝑤𝑠𝑡𝑦𝑙𝑒 being weights for each objective. To bridge
the behavior in the two modes, a style reward 𝑟𝑠𝑡𝑦𝑙𝑒𝑡 is also added
to the tracking reward 𝑟 𝑡𝑟𝑎𝑐𝑘𝑡 with the same weights in the tracking
mode. This adversarial objective encourages the controller to adapt

Fig. 2. Network architectures of the policy, the critic, and the discriminator.
The policy takes character state 𝑠𝑡 , scene point cloud 𝑐𝑡 , and target goal
location 𝑙𝑡 as input to output the action. The critic additionally takes a task
indicator variable 𝑘𝑡 as input. For the discriminator, n-step state transitions
𝑠𝑡−𝑛:𝑡 and scene point cloud 𝑐𝑡−𝑛:𝑡 are provided.

and compose skills from the motion dataset as necessary to clear
new obstacles and scenes.

6 Tasks
Our goal is to develop a unified 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 amulti-task
environment, we incorporate several key design choices into the
system. We first 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
state 𝑠𝑡 = (ℎ𝑡 , 𝑝𝑡 , 𝑞𝑡 , ¤𝑝𝑡 , ¤𝑞𝑡 ) is represented by a set of features that
describes the configuration of the character’s body:

• ℎ𝑡 : height of the root from the ground
• 𝑝𝑡 : positions of each joint in the local coordinate frame
• 𝑞𝑡 : rotations of each joint in the local coordinate frame
• ¤𝑝𝑡 : joint linear velocity in the local coordinate frame
• ¤𝑞𝑡 : joint angular velocity in the local coordinate frame

The root is designated as the pelvis. The character’s local coordinate
frame is defined 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 unified observation space effec-
tive across both training modes, we condition the policy on task-
specific goal variables 𝑔𝑡 . The specific form of 𝑔𝑡 differs across tasks,
as detailed in the following section.

Action. The simulated humanoid is actuated using proportional
derivative (PD) controllers. The policy 𝜋 (𝑎 |𝑠, 𝑔) =N(𝜇𝜋 (𝑎 |𝑠, 𝑔), Σ𝜋 ),
is modeled as a multi-dimensional Gaussian, where the mean 𝜇𝜋
is predicted by the model, and the covariance matrix Σ𝜋 is defined
using manually-specified values 𝜎𝜋 = 0.055.
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Fig. 3. Our controller enables physically simulated characters to perform a wide variety of interactions.

6.1 Parkour Task
We first describe the task-specific 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 cloud 𝑐𝑡 , defined as the closest𝑁 points from
the scene to the character’s root, together with a target location 𝑙𝑡 . In
the motion tracking mode, 𝑙𝑡 is sampled from a future root position
1–2 seconds ahead along the reference trajectory. In the adversarial
imitation learning mode, 𝑙𝑡 is sampled near upcoming obstacles by
using the corresponding future root position and perturbing it with
Gaussian noise sampled from N(0, 0.2).

Reward. The reward encourages the root position 𝑝𝑟𝑜𝑜𝑡𝑡 to move
toward the target location 𝑙𝑡 :

𝑟 task𝑡 =𝑤𝑝𝑟𝑜𝑔
(
∥𝑝𝑟𝑜𝑜𝑡𝑡−1 − 𝑙𝑡−1∥2 − ∥𝑝𝑟𝑜𝑜𝑡𝑡 − 𝑙𝑡 ∥2

)
+𝑤𝑟𝑒𝑎𝑐ℎ 𝑟𝑟𝑒𝑎𝑐ℎ𝑡 , (5)

where 𝑟𝑟𝑒𝑎𝑐ℎ𝑡 is a one-time bonus upon reaching 𝑙𝑡 . This formulation
promotes steady progress toward the goal and rewards successful
traversal of obstacles.

Model architecture. The architecture of the model for parkour
task is illustrated in Figure 2. The policy 𝜋 is modeled using a
transformer-based architecture, which outputs an action distribu-
tion based on the current character state and the surrounding scene.
PointNet [Qi et al. 2017] is employed to extract features from the
closest 𝑁 points in the scene point cloud, which are then encoded
as 𝑁 tokens and processed by a transformer. Two multilayer percep-
tron (MLP) neural networks are utilized to encode character state
and target goal location to the tokens for the transformer. This archi-
tecture enables the controller to effectively integrate multi-modal
observations to adapt to new and challenging scenes. While the
policy is modeled by a transformer, the critic is modeled with a sim-
ple MLP. Given our hybrid training setup, with different objectives

for different training modes, the critic is provided with an addi-
tional binary task indicator variable 𝑘 as the input. This privileged
information is used solely by the critic to distinguish between the
different training modes and is not provided as input to the policy.
The character state, scene point cloud, target goal, and task indicator
are flattened and concatenated to form the input for the critic, which
then predicts the value 𝑉 for policy updates. The discriminator
is modeled by another MLP. It receives as input the flattened and
concatenated features from the character state transitions and scene
point cloud and outputs the discriminator logits 𝐷 , which is used to
compute the style reward.
Dataset. For parkour, training the controller requires reference

data that contains both human motions and the corresponding
scenes. Becausemotion capture data for parkour is scarce, we extract
motion data from online videos. First, a vision-based pose estimator,
TRAM [Wang et al. 2024b], is applied to each video. However, TRAM
struggles with precise ground estimation due to the complexity
of parkour movements. We address this by employing the body
orientation hints [Yu et al. 2021], which estimate the body’s up-
vector in 3D space using the angle between the view up-vector and
the body up-vector in the image plane. This approach refines the
global orientation of the body relative to the ground. To construct
the corresponding scene for simulation, we develop an interactive
scene annotation tool that allows annotators to manually position
basic box geometries to replicate the interaction affordances.
The kinematic motions paired with the scene annotations still

exhibit several artifacts, such as human-obstacle collision, noticeable
jittering, and unnatural sliding. To address these issues, we refine the
collectedmotions using a physics-basedmotion tracker [Tessler et al.
2024]. This refinement step provides high-quality motions [Peng
et al. 2018b], which are used for computing motion tracking rewards,
and sampling reliable Perturbed State Initialization (PSI). In addition,
it is essential to use high-quality motions as the positive samples
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for the adversarial motion priors [Luo et al. 2024b]. These refined
motions ensure physically accurate interactions, facilitating the
training process.

We collect 19 reference motion clips with obstacles from YouTube,
totaling 30 seconds across 15 skills, each demonstrating a single skill.
During training, we randomly sample five obstacles from this data
to form a sequence, creating the target-following task. The tracking
task involves following a single motion clip within the sequence.
Obstacle placement details are provided in the appendix.

6.2 Heading Task
To show the generality of our framework, we also apply HIL to a
heading task, which focuses on directional and orientational control.

Goal condition. For the heading task, the goal condition follows
the ASE formulation [Peng et al. 2021]. The controller is provided
with a target heading direction 𝑑𝑡 and a target facing direction 𝑓𝑡 ,
both represented as 2D unit vectors on the ground plane. These
variables encourage the character to move along 𝑑𝑡 while aligning
its orientation with 𝑓𝑡 .
Model architecture. The model architecture is simplified from

the parkour task by removing the PointNet module and the scene
point cloud 𝑐𝑡 . In addition, the policy and critic inputs replace the
target location 𝑙𝑡 with features of the goal variables (𝑑𝑡 , 𝑓𝑡 ), repre-
senting the target heading and facing directions.

Reward. For the heading task, the reward encourages the velocity
𝑣𝑡 to match the target heading𝑑𝑡 with target speed 𝑣∗, and the facing
orientation 𝑞𝑡 to align with the target facing 𝑓𝑡 :

𝑟
heading
𝑡 =𝑤 𝑣𝑒𝑙 exp

(
− 𝛼

(
𝑣∗ − 𝑑⊤𝑡 𝑣𝑡

)2) +𝑤 𝑓 𝑎𝑐𝑒 (𝑓 ⊤𝑡 𝑞𝑡 ), (6)

where𝑤 𝑣𝑒𝑙 and𝑤 𝑓 𝑎𝑐𝑒 balance velocity and facing alignment, and 𝛼
is a scale parameter.

Dataset. We utilize the sword-and-shield dataset from [Peng et al.
2022], which contains approximately 7 minutes of motion capture
data and is significantly larger and more diverse than the parkour
dataset used in our other experiments. These motions naturally
capture behaviors such as advancing toward an opponent, retreating,
turning, and maintaining orientation while moving, making them
well-suited for learning heading and facing control.

6.3 Perturbed State Initialization and Early Termination
Following prior work, reference state initialization (RSI) can sig-
nificantly improve the training efficacy of motion tracking con-
trollers [Peng et al. 2018a]. However, initializing the character di-
rectly from states sampled from the reference motions poses two
limitations: the system can exhibit (1) limited adaptability to distur-
bances and (2) difficulty in transitioning between skills. For instance,
if a character needs to transition from performing skill A to skill B,
and the end state of skill A does not closely match the starting state
for skill B, motion tracking methods may struggle to transition effec-
tively. To promote smooth skill transitions, we train a more robust
controller capable of executing skills from a wide range of initial
states. To achieve this, we incorporate perturbed state initialization
(PSI) during training, which applies Gaussian noise to the initial
states sampled from the reference motions. This technique improves
the robustness of the controller to a wider range of states, while

also improving the model’s ability to transition between different
skills.

Empirically, PSI improves task completion in the adversarial mode
and mitigates mode collapse by promoting smoother skill transi-
tions. When it is challenging to learn transitions between skills,
controllers trained with reinforcement learning tend to adopt a
"general“ approach, relying on simpler skills to perform various
interactions. This dependency on a limited set of skills often leads to
mode collapse. By enhancing the controller’s capability to transition
between actions, PSI encourages the system to utilize a broader
spectrum of skills, thereby increasing skill diversity.
Early termination (ET) is another commonly used technique in

motion imitation frameworks [Peng et al. 2018a]. For each training
mode, we apply a different termination strategy, tailored to the
distinct tasks in our hybrid imitation learning. In themotion tracking
mode, episodes are terminated if any joint position deviates by more
than 0.5 meters from the reference motion, or when the tracking is
complete. In the adversarial imitation learning mode, for parkour
task, an episode is terminated if the character falls down or misses
the target by more than 2 meters. For the heading task, an episode
is terminated if the character’s head height falls below 0.3 meters.
These early termination techniques can improve the overall sample
efficiency of the training process, as well as discourage the character
from adopting undesirable behaviors.

7 Experimental setup
To evaluate the effectiveness of our hybrid imitation learning frame-
work, we apply HIL to train controllers using a dataset of diverse
parkour motions. We compare our method against several baselines
to assess performance across a variety of new scenarios. Qualitative
results are best viewed in the supplementary video.

We utilize Isaac Gym to simulate all the environments [Makoviy-
chuk et al. 2021]. All the experiments are trained on 4 NVIDIA V100
with a simulation frequency of 120Hz. Policies operate at 30Hz and
are implemented using PyTorch [Paszke et al. 2019] and optimized
with Proximal Policy Optimization (PPO) [Schulman et al. 2017],
using generalized advantage estimator (GAE) [Schulman et al. 2016].
Initially, the model is trained on motion tracking with 4 billion sam-
ples, and then we train the model on both modes simultaneously
with two billion samples, where half the environments run motion
tracking and the other half adversarial imitation learning. This strat-
egy allows the controller to first master individual skills and then
adapt them to diverse scenarios.

7.1 Baselines
We compare our hybrid imitation learning framework against sev-
eral baselines that are commonly used in physics-based character
control. We have also explained the scene representation selection
in the Appendix.
Task Reward. This baseline is trained using PPO with only the

task reward and no reference motion data. It focuses purely on
maximizing task performance and can succeed at obstacle traversal,
but often produces unnatural and unrealistic behaviors.
Task Reward w/ Warm Start. Our framework shows that motion

tracking can be trained by conditioning on task-specific goals (such
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Fig. 4. Qualitative comparison of different methods on the parkour task. The Task Reward, which is trained solely to optimize the task objective, tends to
develop unnatural behaviors. AMP often tries to bypass obstacles, while ASE typically gets stuck in front of obstacles. MaskedMimic often falls after the first
interaction. In contrast, our HIL controller is able to produce diverse and natural motions that effectively traverse long sequences of obstacles.

as scene geometry, target location, or heading/facing direction). This
baseline is initialized from the same motion tracking policy used in
HIL and then further trained using only the task reward.

AMP [Peng et al. 2021] employs a discriminator to provide a style
reward, encouraging natural human-like behavior. However, since
AMP does not incorporate motion tracking during training, it often
suffers from mode collapse, repeatedly using the same skill across
different scenarios.
AMP w/ Warm Start. This baseline is initialized from the same

motion tracking policy, and then trained using adversarial imitation
learning without the tracking objective. It can be seen as an ablation
of HIL without the tracking mode.

ASE [Peng et al. 2022] learns reusable skill embeddings from un-
structured motion data by combining adversarial imitation learning
and unsupervised reinforcement learning. However, it is not de-
signed for scene-conditioned control and struggles with tasks that
require explicit interaction with various environments.
MaskedMimic [Tessler et al. 2024] is a CVAE-based distillation

framework that trains a student policy from a teacher policy via
motion tracking task. Since both teacher and student policies are
trained only through motion tracking, the method may struggle to
adapt to goal conditions out of reference data and unseen transitions
between skills.
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Fig. 5. Motion comparisons with baselines. In this example, Task Reward w/ ws produces unnatural behaviors to clear obstacles as quickly as possible. HIL w/o
D struggles to perform appropriate skills for specific obstacles, due to the independent optimization of the two tasks. AMP w/o ws suffers from severe mode
collapse, repeatedly using the same skills across various obstacles. HIL generates more natural and context-aware behaviors with diverse skills.

Fig. 6. Skill coverage comparison. The plots show the frequency of skill usage across ‘Task reward’, AMP, and our method (HIL). ‘Task reward’ exhibits
significant bias, over-relying on certain skills, while AMP also suffers from mode collapse, with less skill diversity. HIL demonstrates broader skill usage,
effectively utilizing a diverse range of skills and achieving more balanced coverage of the reference dataset.

7.2 Evaluation Metrics
We evaluate the performance of different methods based on natu-
ralness and task performance.

Parkour task. To assess naturalness, we examine the skill cover-
age and motion quality, when compared to the reference data. We
evaluate whether the controller performs the correct skills for in-
teracting with each particular obstacle, referred to as skill accuracy,
and measure the deviation from reference motions using tracking
error. Since the character aims to traverse a sequence of obstacles,
the generated motions may not be synchronized with the reference
motions, making frame-by-frame comparison impractical. We use

Dynamic Time Warping (DTW) to align motions [Müller 2007]. To
estimate the skill accuracy, we compute the DTW distance between
the generated motion clip and all reference motions and identify
the most similar reference motion to infer the performed skill. If
the performed skill matches the expected reference motion for the
obstacle, it is considered correct. Otherwise, it is incorrect. Tracking
error is defined as the DTW distance between the generated motion
and the ground-truth reference motion corresponding to the specific
obstacle. Additional details on DTW computation are provided in
the appendix.
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Table 1. Quantitative comparison of our method and baselines under noisy,
unseen scene variations. Obstacle position, orientation, and scale are per-
turbed during evaluation. HIL achieves the best skill accuracy and tracking
error while maintaining competitive task completion, demonstrating that it
can adapt reference skills to unseen obstacle configurations.

Method Skill Accuracy↑ Track Error↓ Task completion↑
Task Reward 0.00 1.82 0.81
AMP 0.06 1.49 0.11
ASE 0.03 1.63 0.00
MaskedMimic 0.50 0.41 0.00
Task Reward w/ ws 0.15 0.54 0.86
AMP w/ ws 0.54 0.37 0.85
HIL (Ours) 0.66 0.31 0.74

Table 2. Ablation study results. Removing the discriminator (w/o 𝐷), Per-
turbed State Initialization (w/o PSI), or scene information in the discrimina-
tor (𝐷w/o scene info) significantly impacts skill accuracy, tracking error, and
task completion, demonstrating the importance of these components.

Method Skill Accuracy↑ Track Error↓ Task completion↑
w/o 𝐷 0.53 0.36 0.62
w/o PSI 0.5 0.37 0.52
𝐷w/o scene info 0.38 0.39 0.75
w/o 𝑘 0.52 0.40 0.73
HIL (Ours) 0.66 0.31 0.74

We also evaluate the controller’s effectiveness on the target fol-
lowing task. Task performance is quantified using the average task
completion rate, which evaluates whether the character success-
fully traverses a random sequence of five obstacles and reaches the
endpoint. To test the controller’s robustness to scene variations,
Gaussian noise N(0, 0.03) is applied to perturb the position and
orientation of the obstacles, and Gaussian noise N(1, 0.03) is used
to perturb the obstacle’s scale.

Heading task. For heading control, we report two error metrics:
direction error and facing error. The direction score is defined as the
cosine similarity between the normalized root velocity vector 𝑣𝑡
and the target heading direction 𝑑𝑡 , and the facing score is defined
as the cosine similarity between the character’s facing vector 𝑞𝑡
and the target facing direction 𝑓𝑡 . Both metrics are averaged over
evaluation episodes, with higher values indicating more accurate
control. We also measure average evaluation return, which reflects
the cumulative reward achieved by the policy across test episodes.

8 Parkour Results
To evaluate the effectiveness of our hybrid imitation learningmethod,
we conduct quantitative comparisons against six baseline methods
from prior work. Table 1 reports quantitative comparisons across
baselines, and Figure 4 and Figure 5 provides qualitative examples of
the learned behaviors. Our hybrid imitation learning (HIL) achieves
the best balance between naturalness and task performance, with
the highest skill accuracy (0.66) and lowest tracking error (0.31),
while maintaining a strong task completion rate (0.74). As described
in Sec. 7.2, these results are evaluated on procedurally generated
obstacle sequences with perturbations to obstacle position, orienta-
tion, and scale. This setting demonstrates that HIL can learn natural
behaviors from reference motions and adapt them to new scene con-
figurations beyond those observed in the reference data. However,

when the perturbations become sufficiently large and lead to obsta-
cle configurations that differ significantly from those encountered
during training, failures can still occur.

The Task Reward baseline, which relies purely on task optimiza-
tion, can achieve very high completion rates but relies on extremely
unnatural strategies. Without a warm start, the agent often col-
lapses into degenerate behaviors such as lying on the ground and
“crawling” past obstacles. With warm start from our conditional mo-
tion tracking policy, Task Reward w/ ws displays more coordinated
movements and is able to run across obstacles, but the interactions
remain unnatural and ignore the affordances of the scene, as Figure 5
shows. These behaviors are partly due to limitations of the simu-
lated humanoid and environment. The simulated SMPL humanoid
model is not fully physically realistic and possesses unrealistically
strong actuation capabilities, enabling motions such as excessively
high jumps that are difficult for real humans. Moreover, policies
optimized purely for task completion may further exploit imperfec-
tions or simplifications in the simulation environment to maximize
success rates. As a result, these behaviors can achieve high task
performance while sacrificing realistic motion quality.
The baseline AMP, trained with a task and a style reward, fre-

quently fails to complete tasks, with a completion rate of only 0.11.
The character tends to walk toward obstacles, stall for long periods,
and eventually attempt to bypass them by walking around rather
than clearing them. AMP w/ warm start is significantly better than
AMP (0.85 completion rate), and the character is able to produce
visually natural motions. However, the policy relies on a very nar-
row set of skills, often repeating the same vault motion regardless
of obstacle type, which indicates severe mode collapse.
The ASE baseline is evaluated in its pretrained setting. Since it

relies solely on a discriminator reward without any task guidance, it
fails to produce meaningful interactions with obstacles and typically
stalls in front of them, yielding zero task completion. This contrasts
with ASE’s success in flat-ground locomotion tasks, showing that
discriminator-only objectives cannot provide sufficient guidance in
these dynamic parkour settings.
The MaskedMimic baseline also achieves zero completion. Both

its teacher and student policies are trained only on motion track-
ing, where conditions are sampled from reference sequences. When
presented with new conditions, such as transitioning from one in-
teraction to another, the character fails to adapt, often falling after
completing the first obstacle. This inability to generalize to new envi-
ronments reflects its limitations of training purely through tracking
without any explicit tasks and rewards. We note that a hypothetical
additional third-stage finetuning procedure for MaskedMimic could
potentially improve adaptation. However, such a setting is concep-
tually similar to our Warm Start baselines. Both the MaskedMimic
student policy and our goal-conditioned tracking policy are pre-
trained on the reference distribution and can perform well within
reference-conditioned settings. Our Warm Start baselines further
show that simply finetuning such pretrained policies in more gen-
eral task conditions is insufficient for robust adaptation beyond the
reference distribution, often leading to unnatural behaviors or re-
duced skill diversity. In contrast, our framework maintains motion
tracking during adaptation, allowing the tracking objective to serve
as a regularization signal throughout training.
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Fig. 7. Task completion performance as the noise variance increases, demon-
strating the controller’s robustness under varying levels of scene difficulty.
Gaussian noise N(0, 𝜎 ) is applied to perturb the position and orientation
of the obstacles and Gaussian noise N(1, 𝜎 ) is used to modify the obstacle
scales. Two examples of obstacle courses are illustrated for noise levels 𝜎 = 0
and 𝜎 = 0.2

In contrast, our HIL framework integrates motion tracking with
adversarial imitation, producing policies that both respect the ref-
erence motions and adapt flexibly to novel scenes. As shown in
Figure 4 and Figure 5, HIL learns to clear different obstacles using
diverse skills. A key factor behind this success is our condition-
phase observation design, which allows us to train motion tracking
policies directly without relying on target poses. This design already
improves the performance of baselines such as vanilla AMP and
vanilla Task Reward by providing a better warm start. However,
the full strength of our approach lies in its ability to jointly train
motion tracking and adversarial imitation within a unified obser-
vation space. This joint training maximizes the use of reference
data, enabling the controller to faithfully reproduce motions and to
adapt them in novel scenarios. As a result, our method achieves the
best balance between skill fidelity and adaptability in challenging
parkour environments.
To further evaluate skill coverage, we analyze the frequency of

each skill’s occurrence. We compare our method with Task Reward
w/ ws and AMP w/ ws, since they can produce meaningful interac-
tions. We sample obstacles evenly from the reference motions and
sequence them into scenes. To determine which skill a character is
performing over a span of time, we use the DTW distance to find the
most similar behavior in the reference motion dataset. The distribu-
tion of skills for different methods is visualized in Figure 6. Both Task
reward and AMP suffer from mode collapse, relying on a limited set
of behaviors to clear obstacles. For example, AMP frequently uses
the same vault motion (Figure 5), regardless of the obstacle’s char-
acteristics. In contrast, our method demonstrates more diverse skill
usage, adapting different parkour skills appropriately for different
obstacles.

8.1 Ablations
We conduct ablation experiments to evaluate key components of
our framework and report the results in Table 2. First, we exam-
ine adversarial imitation learning by removing the discriminator
objective (w/o 𝐷). The controller is still trained jointly on motion
tracking and task training modes, but no style reward is provided.
This variant performs significantly worse in both skill accuracy and
task completion. The discriminator encourages appropriate skill

Fig. 8. Task completion performance as the number of obstacles increases,
demonstrating the controller’s robustness to clear sequential obstacles.
Noise with 𝜎 = 0.03 is applied to all obstacles.

selection for each obstacle and provides a reward signal that fa-
cilitates multi-task learning. By promoting motions that resemble
reference trajectories, the discriminator creates synergy between
motion tracking and adversarial imitation, allowing training in one
mode to benefit the other. Without it, the two tasks are optimized
more independently, requiring longer training for task completion.
Although the controller can still track reference motions in isola-
tion, it struggles to produce natural and effective behaviors when
clearing sequences of obstacles or adapting to unseen ones.

We also ablate the Perturbed State Initialization (PSI), which adds
perturbations to the character’s initial state when sampling from ref-
erence motions. Disabling PSI leads to a substantial drop across all
evaluation metrics. PSI enhances the policy’s robustness by training
the model to handle perturbations. Even when the initial state devi-
ates from the reference, the policy can still generate behaviors that
are similar to the reference over time. This robustness is particularly
helpful for composing sequential skills. In our task, the state at the
end of one interaction may differ from the initial state required for
the next, making transitions difficult to learn. Adding perturbations
improves robustness to such deviations, making skill transitions
easier. Additionally, the increased robustness helps mitigate mode
collapse. When transitions between skills are difficult, the RL policy
can be easily optimized to execute simpler skills, neglecting the
complex but necessary transitions. By making transitions easier to
learn, PSI promotes a more diverse set of skill usage. In our work, PSI
can be seen as a bridge between motion tracking and task training,
making the optimization process more seamless and efficient.

We validate the effectiveness of scene information in the discrim-
inator by removing it from the discriminator (𝐷w/o scene info). While
task completion remains similar, skill accuracy and tracking error
degrade. Without scene context, the discriminator evaluates state
transitions in isolation, allowing behaviors that appear natural in
isolation to receive high rewards, regardless of their fit with the
scene. Consequently, the model may perform inappropriate skills,
resulting in unnatural interactions that are misaligned with the
scene. Finally, we ablate the task indicator in the critic (w/o 𝑘). The
task indicator in the critic is also crucial, as the two modes have
different reward structures (tracking vs. adversarial imitation learn-
ing). Without the task indicator, the critic fails to estimate values
accurately, resulting in worse performance. We observe that the
critic’s loss is 5x larger when the task indicator is removed.
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Fig. 9. The controller trained with HIL demonstrates remarkable robustness, allowing the character to adapt to various obstacle variations. In this example,
Gaussian noise N(0, 0.03) is applied to the position and orientation of the obstacles, and Gaussian noise N(1, 0.03) is applied to the scale of the obstacles.

Fig. 10. The character performs diverse parkour skills and finishes by sitting on the chair.

8.2 Diversity, Robustness and Generality
In this section, we provide additional results highlighting the diver-
sity, robustness, and generalization of our model. Figure 3 demon-
strates the controller’s versatility, showing interactions with differ-
ent obstacles using a diverse set of parkour skills. Figure 9 illustrates
the controller’s adaptability and robustness, showing how it adjusts
the same skill to accommodate variations in obstacle size, position,
and orientation.
To further assess the robustness of the controller, we conduct

experiments where noise is added to obstacle characteristics in
Figure 7. Specifically, Gaussian noise N(0, 𝜎) is applied to perturb
the position and orientation of the obstacles, while N(1, 𝜎) is used
to modify their scale. Our model achieves a task completion rate
exceeding 70% when 𝜎 = 0.05, and maintains over 50% completion
even with 𝜎 = 0.1. To illustrate the effects of noise, we provide two
examples of the obstacle courses with 𝜎 = 0.0 and 𝜎 = 0.2, which
demonstrate how the obstacle characteristics are perturbed under
different noise levels. We also test the controller’s generalization
to longer sequences in Figure 8. Although trained on sequences of
five obstacles with 𝜎 = 0, our model achieves a 40% task completion
rate on sequences of twenty obstacles with 𝜎 = 0.03. These results
highlight the robustness and adaptability of our method in more
challenging and noisy environments.
To demonstrate the generality of our method beyond parkour

skills, we combine the parkour motion data with sitting motions
from the SAMP dataset [Hassan et al. 2021]. This introduces ad-
ditional behaviors that differ significantly from parkour. We train
a policy capable of seamlessly performing both dynamic parkour
stunts and everyday interactions, such as sitting on chairs, as shown
in Figure 10. Notably, the chair interaction also involves more com-
plex object geometry compared to the simple obstacle structures

Table 3. Quantitative results on the heading task.

Method Direction Score↑ Facing Score↑ Avg Eval Return↑
AMP 0.95 0.94 266
ASE 0.54 0.78 147
MaskedMimic 0.79 0.72 17
HIL (Ours) 0.94 0.97 227

used in the parkour task. These behaviors can be best viewed in the
supplementary video. Together, these results suggest that our frame-
work can incorporate diverse data and interaction types beyond a
single motion domain or simplified environments, enabling a wide
spectrum of behaviors ranging from highly dynamic maneuvers to
everyday activities.

9 Heading Results
To better understand whether task-conditioned observations can
provide sufficient information for motion tracking, we conduct a
controlled experiment on the heading task. We compare a standard
pose-conditioned tracker [Tessler et al. 2024], which receives future
target pose information as input, with a task-conditioned tracker
that receives only the heading and facing directions derived from
the reference motion. In Figure 11, we report the tracking success
rate during training, where success is defined as whether the policy
can successfully track a reference motion to its end without trigger-
ing early termination. We observe that the task-conditioned tracker
is still able to learn effective tracking behavior, although it learns
more slowly and converges to a slightly lower success rate than the
pose-conditioned tracker. Nevertheless, the performance remains
relatively close while relying only on task-level conditioning instead
of explicit target poses. This result suggests that this conditioning
representation can effectively support reference-guided tracking,
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Fig. 11. Tracking success rate during training on the heading task. The task-
conditioned tracker achieves effective tracking behavior without explicit
target poses.

while also naturally extending to more diverse and randomized
task-condition distributions for learning general goal-conditioned
controllers. Such a formulation enables a unified end-to-end frame-
work that smoothly transitions from tracking reference behaviors
to more flexible goal-driven control without requiring separate
tracking-specific inputs.

We then evaluate our HIL framework on the heading task, where
the character must align both its velocity with a target heading
direction and its body orientation with a target facing direction.
Quantitative results are reported in Table 3, and qualitative behav-
iors of our method are illustrated in Figure 12. Additional demon-
strations are provided in the supplementary video for better visual
comparison.
In our evaluation, we find ASE produces more natural motions

compared to AMP, as its skill embedding helps retain reference be-
haviors. However, ASE sometimes struggles with task performance,
achieving lower returns and having lower task scores than AMP.
AMP, on the other hand, achieves higher average evaluation returns,
but its behaviors often appear less natural. We also observe that
both ASE and AMP tend to utilize only a limited subset of behaviors
from the reference dataset. The MaskedMimic baseline performs
poorly across all metrics, reflecting its inability to generalize beyond
reference motion tracking. Since its policies are trained solely to
imitate reference motion, it fails to adapt when given new heading
or facing goals, with the character quickly losing balance and falling.

Unlike the parkour experiments, the heading task is trained with
a substantially larger motion dataset containing locomotion and
combat behaviors. This setting provides a different test of our frame-
work: rather than learning from a small set of obstacle-specific skills,
the controller must leverage a broader distribution of reference be-
haviors while adapting them to new heading and facing goals. HIL is
able to capture this diversity and express multiple behavior modes,
such as advancing, retreating, turning, and swinging the sword to
satisfy directional goals. These results suggest that HIL can scale
beyond small curated motion sets and use larger reference datasets
to produce natural, robust, and diverse goal-conditioned behaviors.

10 Discussion
This work presents a simple but effective hybrid imitation learning
framework for dynamic athletic control, combining motion track-
ing with adversarial imitation. To support efficient training, we

Fig. 12. Qualitative examples of heading task, showing that HIL produces
natural and diverse behaviors.

design parallel multi-task environments and introduce a unified
goal-conditioned observation space along with a perturbed state
initialization strategy. Our method achieves high-quality motion
generation, diverse skill usage, and competitive task performance.

Despite these promising results, several limitations remain. While
the generated motions generally exhibit high fidelity motions, occa-
sional artifacts such as unnatural recovery behaviors when tripping
over obstacles can still occur. The current parkour setup also as-
sumes sequential obstacle courses with relatively simple box-based
geometries, which limits generalization to more complex, non-linear
environments and richer interaction patterns. Although our pol-
icy operates on a point cloud representation and conditions both
the policy and discriminator on scene context, the diversity of in-
teractions that can be learned is still constrained by the available
reference data.

The heading task provides an initial indication that the proposed
hybrid formulation can scale to larger motion datasets. In this set-
ting, the controller is trained on a substantially largermotion dataset,
and HIL remains effective, improving motion naturalness and be-
havioral diversity compared with baselines. This suggests that the
framework can benefit from increased motion coverage. For parkour,
however, scaling is more challenging because the data must capture
not only diverse motions, but also corresponding scene geometry
and interaction affordances. In our current pipeline, these motion-
scene pairs are constructed manually using simplified obstacle ab-
stractions, making large-scale data collection difficult. Future work
could benefit from improving data diversity and interaction com-
plexity. Recent advances in 3D reconstruction and human motion es-
timation could help automate the collection of paired motion-scene
data from videos, reducing the need for manual scene annotation
and enabling training in richer environments. Such data would make
it possible to extend the framework beyond simple obstacle courses
to non-sequential layouts and more complex scene geometries.
While our experiments focus on parkour and heading control,

the technique is not limited to these domains. More generally, our
approach is applicable to goal-conditioned interaction tasks that
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require seamless skill composition and adaptation to novel envi-
ronments. Unlike previous motion tracking formulations that rely
on explicit temporal phase variables or target poses, our frame-
work instead conditions behavior on character state, task objectives,
and scene geometry within a unified observation space. For the
tasks considered in this work, we find that these spatial and task
constraints provide sufficient structure for coherent behavior pro-
gression while still allowing adaptation to unseen environments
where reference trajectories are unavailable. This formulation could
potentially extend to broader interaction-rich settings, such as in-
door interaction or collaborative multi-agent scenarios, offering a
path toward more general-purpose controllers for physics-based
character animation in complex and interactive environments. Be-
yond simulated character animation, extending HIL to real-world
humanoid systems is also a promising direction. Such applications
would require addressing challenges including sim-to-real trans-
fer, perceptive whole-body control, and robustness to real-world
dynamics and sensing noise.
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In the appendix, we first provide a summary of revisions, high-
lighting the expanded experiments, and additional baselines. We
then present additional details about the controller architecture,
training procedure, and evaluation.

A Summary of Revisions
This revised version expands the scope of the paper from parkour-
specific skill learning to a more general framework for dynamic ath-
letic control, demonstrating the method’s applicability across both
parkour and heading control tasks. We introduce a goal-conditioned
observation space that unifies motion tracking and adversarial imi-
tation learning modes. We include additional experiments and more
comprehensive baselines: Task Reward, AMP [Peng et al. 2021],
ASE [Peng et al. 2022], MaskedMimic [Tessler et al. 2024], and the
warm-start variants of Task Reward and AMP. The Heading Task is
newly added, providing further evidence of generality of the method.
We have also reorganized the Tasks section for clarity, refined the
dataset construction and implementation details, and addressed
additional feedback from the previous submission.

B Controller Representation

B.1 Point Cloud Representation vs. Voxel-Based
Representation

Since our obstacles are primarily box-shaped, we sample 15 points
uniformly on the surface of each object, using N=60 points as input
for a 180-dimensional representation of nearby obstacles.
We experiment with voxel-based representations following Ma-

nipNet. We used a 10x10x10 voxel grid with 20cm spacing per cell.
However, this approach performs poorly—even in the motion track-
ing task, the character struggles to imitate all the reference motions.
We find that voxel-based representations introduce a trade-off be-
tween perception volume and spatial resolution. In manipulation
tasks, objects are small but detailed, allowing fine-grained voxel
representations (e.g., 1cm cells) to capture rich object features. How-
ever, in human-scene interaction tasks, particularly parkour, objects
primarily serve as interaction surfaces rather than complex geome-
tries. A 10x10x10 grid (1000 dimensions) already exceeds our point
cloud representation, yet with 20cm cells, the perception volume
is limited to 2m x 2m x 2m, losing fine details. Reducing the voxel
size would dramatically increase memory requirements, making it
impractical to capture larger environments with distant obstacles.
Additionally, pointcloud-based representations are widely adopted
in other control models, such as 3D Diffusion Policy [Ze et al. 2024]
and DexPoint [Qin et al. 2022].

B.2 Discriminator Observations
Our discriminator takes both the character state and the closest
𝑁 points from the scene as input to evaluate the naturalness of
motions within the context of the surrounding environment. To pro-
vide sufficient temporal information, we define a state transition as
a sequence of the past 10 steps. This design captures richer motion
dynamics, enabling the discriminator to assess the overall consis-
tency and flow of movements. For each time step, the following
features are included:

• Linear velocity and angular velocity of the root, represented
in the character’s local coordinate frame

• Local rotation of each joint
• Local velocity of each joint
• 3D positions of the end-effectors (e.g. hands and feet), repre-
sented in the character’s local coordinate frame

• The closest 𝑁 points from the scene to the root

The root is designated to be the character’s pelvis. The character’s
local coordinate frame is defined with the origin located at the root,
the x-axis oriented along the root link’s facing direction, and the
z-axis aligned with the global up vector. We concatenate the features
from 10 consecutive steps to form the input to the discriminator. This
design captures the temporal dynamics of the motion, allowing the
discriminator to evaluate transitions and interactions. By including
character state features and the scene point cloud across these steps,
the discriminator gains a richer context to assess the naturalness
and scene alignment of the generated motions. For the heading task,
we remove the point cloud observation in the discriminator.

B.3 Actions
Proportional derivative (PD) controllers are used to actuate each
degree of freedom (DoF) in the character’s body. For each joint
indexed by 𝑖 , the action 𝑎𝑡,𝑖 specifies the desired joint position, from
which the torque 𝜏𝑖 is computed as: 𝜏𝑖 = 𝑘𝑝 · (𝑎𝑡,𝑖 − 𝑞𝑡,𝑖 ) − 𝑘𝑑 · ¤𝑞𝑡,𝑖 ,
where 𝑞𝑡,𝑖 and ¤𝑞𝑡,𝑖 denote the position and velocity of joint 𝑖 at time
𝑡 . The policy’s action distribution, 𝜋 (𝑎 |𝑠, 𝑜) =N(𝜇𝜋 (𝑎 |𝑠, 𝑜), Σ𝜋 ), is
modeled as a multi-dimensional Gaussian. The mean 𝜇𝜋 is predicted
by the model, and the covariance matrix Σ𝜋 is fixed. Each element
on the diagonal of Σ𝜋 is 𝜎𝜋 = 0.055, representing the standard
deviation of the action outputs for each joint.

C Training and Evaluation details

C.1 Training Hyper-Parameters
In the training, the discount factor is set to𝛾 = 0.99. GAE [Schulman
et al. 2016] with 𝜏 = 0.95 is used. The policy learning rate is 2𝑒 − 5
and the learning rate for critic and discriminator is 1𝑒−4. Training is
parallelized with 4096 environments, each having an episode length
of 400, distributed across four NVIDIA V100 GPUs. A batch size of
4096 is used for updating the policy, critic, and discriminator on
each GPU.
For parkour task, the target reward 𝑟

𝑡𝑎𝑟𝑔𝑒𝑡

𝑡 , we clamp | |𝑝𝑟𝑜𝑜𝑡𝑡−1 −
𝑔𝑡−1 | | − | |𝑝𝑟𝑜𝑜𝑡𝑡 − 𝑔𝑡 | | to the range [0, 0.05] to prevent the controller
from exhibiting unnatural behaviors in an attempt to complete the
task as quickly as possible.

For heading task, we set

𝑤 𝑣𝑒𝑙 = 0.7,𝑤 𝑓 𝑎𝑐𝑒 = 0.3, 𝛼 = 0.25, 𝑣∗ = 1.2. (7)

For the tracking rewards, we set

𝑤𝑝 = 2.5,𝑤𝑟 = 1.5,𝑤𝑣 = 0.5,𝑤𝜔 = 0.5,𝑤ℎ = 1, ,𝑤𝑒 = 0.001,
𝛼𝑝 = 1.5, 𝛼𝑟 = 0.3, 𝛼𝑣 = 0.12, 𝛼𝜔 = 0.05, 𝛼ℎ = 20. (8)

We assign a weight of 0.5 to both the tracking/task reward and
the style reward.
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The transformer utilizes a latent dimension of 256 whereas the
internal feed-forward size is 512. It has two layers and two self-
attention heads. The encoders for character state and target goal
are two MLPs with hidden size [512,256]. The PointNet is a shared
MLP with hidden size [512,256]. The critic and discriminator are
two MLPs with hidden size [1024,512]. ReLU [Nair and Hinton 2010]
activations are used for all hidden units.

C.2 Obstacles
During training, obstacles are sampled directly from the reference
data, forming sequences of five obstacles per course. Adjacent obsta-
cles are spaced 2-3 meters apart, with relative orientations sampled
randomly between -20 and 20 degrees. No perturbations are applied
during training. However, during evaluation, various noise levels
are introduced to assess the controller’s robustness.

C.3 Dynamic Time Warping
Dynamic Time Warping (DTW) [Müller 2007] is an algorithm de-
signed to measure the similarity or distance between two tempo-
ral sequences, even when these sequences are misaligned or have
varying speeds. In the context of motion analysis, DTW is used to
compute the distance between the reference motion 𝐴 and gener-
ated motion 𝐵, represented by their respective feature sequences
𝑎 = [𝑎1, 𝑎2, . . . , 𝑎𝑇 ] and 𝑏 = [𝑏1, 𝑏2, . . . , 𝑏𝑇 ′ ], where 𝑇 and 𝑇 ′ are
the lengths of the two motions. The core idea of DTW is to align

the two feature sequences dynamically, creating an optimal map-
ping between frames of 𝐴 and 𝐵 that minimizes the cumulative
distance while respecting their temporal order. For features a and
b, we use the same feature for describing the character state in the
discriminator.

A cost matrix𝐶 is first initialized, where each element𝐶 (𝑖, 𝑗) rep-
resents the pairwise Euclidean distance between features 𝑎𝑖 and 𝑏 𝑗 .
A warping path𝑊 = [(𝑖1, 𝑗1), (𝑖2, 𝑗2), . . . , (𝑖𝐾 , 𝑗𝐾 )] is then computed
through this matrix, defining the optimal alignment between the
two motions. The path must satisfy boundary conditions (starting at
(1, 1) and ending at (𝑇,𝑇 ′)), continuity (each step connects adjacent
elements), and monotonicity (time progresses sequentially in both
sequences). The cumulative cost along this path,

∑
(𝑖, 𝑗 ) ∈𝑊 𝐶 (𝑖, 𝑗),

represents the DTW distance between 𝐴 and 𝐵. In this work, we
normalize the DTW distance by dividing it by 1000 to report the
tracking error.
Additionally, since the generated motion involves clearing a se-

quence of obstacles, it is necessary to segment the generated motion
into sub-motion clips corresponding to specific obstacle interactions
for comparison with the reference motion. To achieve this, we seg-
ment the generated motion by comparing the root trajectory of the
generated motion with that of the reference motion. Specifically,
each sub-motion clip is defined as the segment of the generated mo-
tion where the root position is closest to the first and last frames of
the corresponding reference motion segment. The generated motion
clip is aligned with the relevant obstacle interaction in the reference
motion, allowing for a more accurate evaluation of tracking error.
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