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Figure 1. Perceptive Humanoid Parkour (PHP) enables a Unitree G1 humanoid robot to execute highly dynamic, long-horizon parkour
behaviors using onboard perception. By composing various agile human skills via motion matching and a teacher-student training pipeline,
we train a single multi-skill visuomotor policy capable of complex contact-rich maneuvers.

Abstract

We present Perceptive Humanoid Parkour (PHP), a mod-
ular framework for autonomous, vision-based humanoid
parkour. Our approach uses motion matching to compose
retargeted atomic human skills into long-horizon kinematic
trajectories with smooth transitions and natural dynam-
ics. We then train motion-tracking RL experts and distill
them into a single depth-based multi-skill policy via DAgger
and RL. Using only onboard depth sensing and a discrete
2D velocity command, the robot autonomously selects and
executes skills such as stepping over, climbing, vaulting,
and rolling off obstacles of varying geometries and heights.
Real-world experiments on a Unitree G1 humanoid demon-
strate highly dynamic parkour behaviors, including climb-
ing obstacles up to 1.25,m and long-horizon multi-obstacle
traversal with closed-loop adaptation to obstacle perturba-
tions.

1. Introduction

Achieving agile and adaptive humanoid locomotion over
complex terrains remains a central challenge in robotics.
Humans traverse diverse environments by rapidly selecting
and chaining dynamic whole-body skills based on visual
context. In this work, we study parkour as a testbed for this
capability. Parkour requires highly dynamic and contact-
rich behaviors, such as climbing body-height obstacles and
vaulting within fractions of a second, while tightly coupling
control with perception for adaptation to terrain variation
and perturbations. Moreover, solving long-horizon obstacle
courses requires consolidating many dynamic skills into a
single visuomotor policy.

Human motion priors have become essential for learn-
ing dynamic humanoid behaviors [15, 30], but highly dy-
namic motion data is inherently scarce, often containing
only a few short demonstrations per skill. To address this
limitation, we leverage motion matching [4, 7] to compose
retargeted atomic skills into diverse long-horizon trajecto-
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ries through nearest-neighbor retrieval in a feature space,
densifying sparse motion libraries while preserving realis-
tic transitions.

Learning a visuomotor policy for dozens of highly dy-
namic skills further requires perceptive inputs that can be
efficiently simulated and transferred to the real world. Prior
work typically trains privileged state-based experts and dis-
tills them into vision-based students using DAgger [23], but
pure imitation is insufficient for humanoid parkour, where
compounding errors can quickly derail dynamic maneuvers.
To address this, we augment distillation with an RL objec-
tive that provides task-level corrective feedback, improving
traversal robustness across diverse skills.

To this end, we present Perceptive Humanoid Parkour
(PHP), a modular framework that combines human mo-
tion priors, long-horizon skill composition, and percep-
tive control. We first retarget human motions into robot-
compatible atomic skills, then compose them into long-
horizon trajectories via motion matching. Finally, we train
motion-tracking experts and distill them into a single depth-
conditioned multi-skill policy using DAgger and RL, en-
abling autonomous transitions between skills such as step-
ping, climbing, and vaulting using onboard depth sensing.

2. Related Works

2.1. Perceptive Terrain Traversal for Legged Robots

Perception has enabled legged robots to traverse challeng-
ing terrains such as sparse footholds, gaps, and tall ob-
stacles [1, 20, 31, 33, 34]. Building on these advances,
prior work demonstrated parkour-style terrain traversal on
quadrupeds through agile jumping and climbing behav-
iors [6, 11, 17, 24]. While these quadrupedal skills can
often be learned from scratch via reward shaping, this ap-
proach scales poorly to humanoids due to the difficulty of
high-dimensional whole-body control.

As a result, perceptive humanoid locomotion has pri-
marily focused on lower-dynamic tasks such as stair climb-
ing, sparse terrain traversal, and stepping onto low plat-
forms [2, 10, 16, 25, 32, 37]. To improve training efficiency,
many works adopt a teacher-student framework where priv-
ileged experts are distilled into vision-based policies via
DAgger [6, 24]. We follow this paradigm, but augment dis-
tillation with RL to improve robustness for highly dynamic
humanoid skills.

2.2. Humanoid Skill Chaining with Human Motion
Data

Human motion priors enable agile and natural humanoid be-
haviors [5, 15, 21, 27, 30, 36], but long-horizon skill chain-
ing remains challenging due to the heterogeneous nature of
motion data. Prior work addressed this either by learning
unified skill distributions with RL [22, 26, 29], or by gener-
ating intermediate kinematic trajectories with learned mo-

tion models [8, 13, 18, 28, 35]. However, these approaches
often struggle in the low-data regimes common in highly
dynamic parkour.

Instead, we leverage motion matching [4, 12], a sim-
ple yet effective nearest-neighbor retrieval approach widely
used in animation and games [3, 9]. While previously ex-
plored mainly for simpler quadruped behaviors [14], we
show that motion matching provides high-quality long-
horizon references for chaining dynamic humanoid parkour
skills over complex terrains.

3. Adaptive and Agile Long-Horizon Parkour

3.1. Overview

We first synthesize long-horizon kinematic references by
composing locomotion and atomic parkour skills via mo-
tion matching. We then train motion-tracking expert poli-
cies with privileged observations and distill them into a sin-
gle depth-based student policy using DAgger and PPO for
zero-shot sim-to-real transfer (Fig. 2).

3.2. Skill Composition via Motion Matching

We adopt motion matching [4, 7] as an offline motion syn-
thesis module for composing scarce atomic parkour skills
into long-horizon trajectories. Each database frame con-
tains a pose g; and feature vector x; encoding future trajec-
tory, foot states, and root velocity [12]. Given the current
state and a desired velocity command, we construct a query
feature x; and retrieve the nearest frame

% . N 2
i} arg?eucrtl l&: — ;|°, (1

where C; is the search window. Playback then transitions
to the matched frame with short blending to smooth transi-
tions.

We synthesize long-horizon parkour trajectories by com-
posing locomotion with atomic parkour skills:

Locomotion — Skill — Locomotion.

Locomotion serves as a shared transition manifold, enabling
scalable composition without requiring pairwise transitions
between all skills.

For each skill clip, we annotate start/end frames (s, ex)
and define a pre-skill entry window

gk = [Sk - Hkvsk]7 (2)

corresponding to the approach phase before the maneuver.
During locomotion, motion matching searches the locomo-
tion database. For locomotion-to-skill transitions, search is
restricted to &, after which the skill clip is replayed sequen-
tially until e;. Motion matching is then resumed to return
to locomotion.
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Figure 2. Perceptive Humanoid Parkour system overview.

To generate training trajectories, we roll out this com-
position process using randomized velocity commands, lo-
comotion durations, and terrain configurations. Motion
matching naturally produces diverse skill entrances with
different stride phases and approach distances, substantially
densifying sparse motion data. We additionally randomize
obstacle geometry, pose, and distractors to improve robust-
ness.

3.3. Learning a Highly-Dynamic Visuomotor Policy

We first train skill-specific motion-tracking experts and then
distill them into a unified student policy.

3.3.1. Training Expert Policies

We follow prior motion-tracking frameworks [15, 30]. Ex-
perts observe reference motion targets, proprioception, and
privileged terrain information including a local height scan.
We additionally provide global root states to improve recov-
ery from drift during terrain-coupled motions. Training uses
tracking rewards, adaptive sampling, and standard domain
randomization.

3.3.2. Distilling a Unified Student Policy

Prior work commonly applies DAgger [23] to distill multi-
ple experts into a single visuomotor policy. However, we
find pure imitation insufficient for highly dynamic skills
such as climbing and vaulting, where successful execution
depends on brief high-magnitude control bursts. Per-step
imitation losses do not account for rollout outcomes and
therefore may fail to encourage actions required for suc-
cessful traversal.
To address this, we jointly optimize DAgger and PPO:

L = AppoLppo + ApLp, 3)

with a curriculum that gradually shifts from imitation to RL.

Table 1. Baseline success rate comparison.

Commanded Velocity 1.0m/s 2.0m/s

36cm 58cm  76cm  36cm  58cm  76cm
Velocity Tracking 1.00  0.00 0.00 1.00  0.00 0.00
Uncomposed Data 0.06 0.02 0.00 0.37 0.27 0.07
End-to-end Depth 0.95 0.07 0.08 0.78 0.19 0.14
Ours 1.00 099 0.95 1.00  0.99 0.95

PPO provides task-level corrective feedback that improves
robustness across diverse dynamic skills.

The student policy observes proprioception, depth im-
ages rendered with Nvidia WARP [19], and velocity com-
mands. We apply camera randomization, depth noise, la-
tency randomization, and standard sim-to-real domain ran-
domization. To improve stability, we gradually relax termi-
nation thresholds and enable PPO-specific exploration con-
trol only after sufficient imitation pretraining.

4. Experiments
4.1. Real-World Results

Human-Level Agility. The robot successfully executes
highly dynamic parkour maneuvers, including climbing a
1.25m wall (96% robot height) in 2.67s, cat vaults, and
drop landings (Fig. 3(a,b)). Furthermore, despite training
only on single-obstacle trajectories, the policy generalizes
to long-horizon multi-obstacle courses by autonomously
composing stepping and climbing behaviors while adapting
online to obstacle perturbations (Fig. 3(c)).

4.2. Simulation Results

4.2.1. Baseline Comparison

We compare against: (1) reward-shaping velocity track-
ing without human motion priors, (2) training on uncom-
posed atomic skills without motion matching, and (3) end-
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(a)

(c)

Figure 4. High-wall climb comparison.

to-end depth-policy training without expert distillation. As
shown in Tab. 1, reward shaping fails on higher obsta-
cles, uncomposed motion data lacks effective long-horizon
skill transitions, and end-to-end depth training struggles on
highly dynamic maneuvers due to exploration difficulty. In
contrast, our framework achieves consistently high success
rates across obstacle heights and speeds.

4.2.2. Ablation Study

We study motion-matching density and RL during distilla-
tion. Reducing motion-matching density significantly low-
ers success rates, especially on harder tasks, highlighting
the importance of densereferences. We further find that
DAgger-only training performs poorly on highly dynamic
maneuvers, while our DAgger+RL distillation substantially
improves robustness and traversal success.

Table 2. Success rate under different motion-matching densities
and distillation strategies.

Method 1.0m/s 2.0m/s
58cm 76cm 94cm  36cm  58cm  76cm

Extreme Distances ~ 0.99 0.62 0.64 0.98 0.60 0.58

Half Density 0.95 0.32 0.57 0.99 0.85 0.81
DAgger Only 0.16 0.03 0.12 0.63 0.09 0.10
Ours 0.99 0.95 1.00 1.00 098 0.90

5. Conclusion

We presented Perceptive Humanoid Parkour, a framework
for autonomous long-horizon humanoid parkour using on-
board perception. By combining motion-matching-based
skill composition with a teacher-student RL pipeline, our
approach enables agile and adaptive whole-body parkour
behaviors on a Unitree G1 humanoid with zero-shot sim-
to-real transfer. We show that motion matching provides ef-
fective long-horizon references, while augmenting DAgger
with RL improves distillation of highly dynamic skills into
a unified depth-based policy. Our current system remains
limited by perception and hardware constraints, including
short-range sensing and limited hand capabilities. Future
work includes incorporating semantic scene understanding
and richer conditioning signals for more flexible humanoid
behaviors.
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