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Fig. 1: Humanoid learning soccer skills. (a) The robot performs goal-directed kicks referring to different motions conditioned
on the ball position. (b) The robot achieves accurate shots while imitating styles of different professional players. (c) Stable
and precise kicking on a grass field. (d) The robot can successfully kick a moving ball.

Abstract—Soccer presents a significant challenge for humanoid
robots, demanding tightly integrated perception-action capabil-
ities for tasks like perception-guided kicking and whole-body
balance control. Existing approaches suffer from inter-module
instability in modular pipelines or conflicting training objectives
in end-to-end frameworks. We propose Perception-Action inte-
grated Decision-making (PAiD), a progressive architecture that
decomposes soccer skill acquisition into three stages: motion-skill
acquisition via human motion tracking, lightweight perception-
action integration for positional generalization, and physics-
aware sim-to-real transfer. This staged decomposition establishes
stable foundational skills, avoids reward conflicts during percep-
tion integration, and minimizes sim-to-real gaps. Experiments
on the Unitree G1 demonstrate high-fidelity human-like kicking
with robust performance under diverse conditions—including
static or rolling balls, various positions, and disturbances—while

maintaining consistent execution across indoor and outdoor
scenarios. Our divide-and-conquer strategy advances robust hu-
manoid soccer capabilities and offers a scalable framework for
complex embodied skill acquisition. The project page is available
on project page.

I. INTRODUCTION

Soccer represents a globally recognized benchmark for
evaluating the integrated perception-action capabilities of hu-
manoid robots [19]. Unlike the miniature Robotis OP3 plat-
form (height: 0.5 m, mass: 3.5 kg) [8], today’s humanoid
robots stretch well beyond 1.2 m in height and 30 kg in
mass. This scale escalation intensifies challenges in whole-
body balancing and human-like kicking motions due to grav-
itational and inertial effects [22, 34, 44]. Meanwhile, unlike

https://soccer-humanoid.github.io/


ordinary humanoid locomotion tasks [7, 50], learning soccer
demands real-time adaptation to unstructured environments:
robots must simultaneously process dynamic scene changes,
regulate whole-body locomotion, and execute precise ball-
kicking maneuvers while maintaining balance. This holistic
fusion of perception and action integrates multiple core com-
petencies, including dynamic visual perception, whole-body
control, and spatiotemporally accurate striking.

Existing approaches predominantly adopt two paradigms:
(i) modular hierarchical architectures that segregate percep-
tion, motion planning, and low-level control into decoupled
modules [1, 16]; and (ii) end-to-end reinforcement learning
(RL) frameworks pursuing joint optimization of visual inputs
to motor control [36, 49]. The former paradigm often incurs
inter-module representation gaps, while the latter exhibits
training instability stemming from reward conflicts between
locomotion, ball kicking, and post-impact recovery. Critically,
although recent vision-driven successes [41] have exploited
adversarial motion priors (AMP) [31], they still depend on
manually engineered rewards, severely limiting scalability and
real-world robustness.

To address these challenges, we propose Perception-Action
integrated Decision-making (PAiD), a progressive architecture
for learning humanoid soccer skills. Our core insight rethinks
skill acquisition: complex behaviors should not be treated as
monolithic optimization problems but rather acquired through
a curriculum that first masters foundational motions, then
integrates perceptual feedback, and finally solves real-world
deployment. Specifically: (i) At the motion-skill acquisition
stage, we adopt whole-body motion tracking to learn various
kicking skills from human soccer players in different styles.
The robot learns natural, high-fidelity kicking behaviors for
various goal locations. Crucially, this stage decouples how to
kick from where to kick by isolating low-level policy learn-
ing from perceptual noise, establishing stable perception-free
skills. (ii) Then, we perform perception-action integration by
introducing lightweight environmental perception for reaching
and kicking balls in different positions. In this stage, the robot
learns to chase and kick positionally generalizable targets and
even rolling balls. A minimal prior reward guides the policy to
adjust whole-body gaits and orientation toward the ball. Due
to the distinct stage separation with lightweight perception
modules, our method avoids reward conflicts inherent in
single-stage methods. (iii) For sim-to-real transfer, we identify
that minor discrepancies in physics properties (e.g., restitution
and friction of the ball) between simulation and real world
drastically degrade performance. We thus propose an iterative
physics alignment strategy to identify key parameters of ball
in simulation to ensure efficient sim-to-real alignment. For
real-world perception, we combine visual and radar-based
localization to obtain perception input.

We validate PAiD on a Unitree G1 humanoid platform.
The experiments demonstrate high-fidelity replication of hu-
man kicking biomechanics, with kinematic trajectories closely
matching human player motions. The robot exhibits robust
kicking capabilities, achieving 91.3% kick success rate under

diverse ball positions, lighting variations, and physical dis-
turbances. Our method achieves superior sim-to-real transfer,
where the physics alignment strategy yields better sample
efficiency than baselines, with consistent performance across
indoor and outdoor surfaces.

Our contributions are threefold: (i) A novel learning frame-
work that decomposes soccer skills into progressive stages
of motion acquisition, perception-action integration, and sim-
to-real transfer; (ii) A versatile motion tracking system for
learning diverse human kicking motions and a lightweight
perception integration mechanism ensuring accurate ball inter-
action; (iii) An alignment strategy that resolves physical and
visual gaps between simulation and real-world deployment.
Our work advances humanoid soccer capabilities and provides
a divide-and-conquer strategy for perception-based human-
skill acquisition in embodied agents.

II. RELATED WORKS

A. Humanoid Whole-Body Control

Humanoid whole-body control advances along several major
directions. (i) Proprioception-driven methods focus on gait
control [50], standing up [13, 14, 57], jumping [21], running
[1], and even parkour [24, 58] via large-scale parallel simula-
tion, advanced algorithms and RL-based policy optimization
[3, 28, 32]. Other methods also employ AMP-based reward to
learn human-style gaits [25, 31, 40]. However, each specific
task and human-like behavior requires meticulous engineering
of human-designed or independently learned rewards, limiting
their generalizability to diverse tasks. (ii) Motion-based whole-
body control extracts human behaviors through motion capture
[26, 27, 54], video extraction [45], or motion generation [18]
with motion retargeting [4]. Then, the RL-based motion track-
ing techniques [11, 30], such as DeepMimic [30], ASAP [12],
ExBody [6], KungfuBot [45], and BeyondMimic [23] design
motion-tracking rewards to learn whole-body motion imitation
policy. Recent works such as TWIST2 [53], KungfuBot2 [9],
GMT [5], and Any2Track [55] extended this paradigm to gen-
eral motion tracking for whole-body teleoperation. However,
existing motion-tracking frameworks neglect external environ-
mental perception and fail to address scenarios under dynamic
perception changes—such as soccer playing where robots
must adapt to moving goals. (iii) Perception-integrated works
mainly focus on terrain awareness and contact-based object
interaction (HOI) [43, 46, 56] via human-object retargeting
[51]. For example, VideoMimic [2] represents a significant
advancement by leveraging real-to-sim 4D reconstruction for
perception and whole-body control. HITTER [37] combines
high-level model-based planner for trajectory prediction and
low-level controller for movement. However, these methods
still operate in relatively controlled environments or lower
perception requirements.

B. Robot Soccer

Learning soccer policies requires not only precise motion
tracking but also accurate ball perception, real-time decision-
making, and precise kicking execution, leading to substantially
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Fig. 2: Overview of the Perception-Action integrated Decision-making (PAiD) framework. Our pipeline progressively acquires
robust soccer skills through three stages: (1) Motion Tracking: We retarget diverse human kicking motions (Standard &
Stylized) to the humanoid and train a unified tracking policy using adaptive sampling to master fundamental skills without
perceptual noise. (2) Perception-Guided Kicking: We equip the policy with egocentric perception and task-specific rewards to
generalize kicking skills to randomized static and rolling ball targets. (3) Physics-Aware Sim-to-Real Transfer: We bridge the
reality gap by aligning simulation contact dynamics with real-world measurements (ball drop & rolling tests) and incorporating
physics-guided observation noise. (4) Real-World Deployment We successfully deploy PAiD on the Unitree G1.

higher requirements for the tight integration of perception and
control [19]. Early research primarily focused on quadruped
platforms, employing Bézier curves as motion priors or trajec-
tory planners combined with end-to-end RL to learn shooting
and goalkeeping strategies [15, 17, 35]. However, quadruped
robots exhibit significantly lower control complexity and
cannot replicate authentic human kicking motion patterns.
Recent advances in humanoid soccer have explored coupled
reward functions for staged chasing and kicking strategies
[49], integrated locomotion and dribbling rewards [8], active
perception fusion for dribbling skills [42], and environment
reconstruction for soccer skill acquisition [38]; nevertheless,
these approaches require complex manual reward engineering
and coupled optimization processes that introduce significant
challenges. While recent work [41] attempts to combine AMP
with motion priors and perception integration for kicking
skills, they exhibit limited capability in replicating human
kicking postures and optimize perception and control through
single-stage processes. In contrast, we propose a perception-
action integrated framework that achieves robust and human-
like soccer skills through progressive skill decomposition
without reward conflicts.

III. METHOD

Our goal is to enable a humanoid robot to execute precise,
human-like kicks toward a target from arbitrary ball positions.
To mitigate reward conflicts between objectives, we adopt a
two-stage training strategy. In Stage I, the robot learns diverse
human-like soccer shooting skills via a unified motion tracking
framework. In Stage II, we generalize the policy through
randomized ball placements along with few task rewards, thus
enabling the robot to kick the ball from arbitrary locations to
the target, while maintaining human motion styles. Notably,
our framework achieves this using only a compact dataset of
reference motions. Finally, we perform physics-aware system
identification and domain randomization to facilitate sim-to-
real transfer.

A. Problem Formulation

We define the soccer shooting task as a scenario where
a humanoid robot first approaches the ball and then kicks
it toward the goal. The problem is formulated as a finite-
horizon Markov Decision Process (MDP) defined by the tuple
M = ⟨S,A, T ,R, γ⟩. The state space S represents the
physical state of the robot and the environment. The action
space A consists of target positions for the robot’s joint PD



controllers. The transition dynamics T : S × A → S ′ are
governed by the physical dynamics. The policy πθ(at|ot) is
trained using Proximal Policy Optimization (PPO) [33], with
the objective to maximize the expected cumulative reward
J(θ) = E[

∑T−1
t=0 γtrt], where γ is the discount factor and

rt is the reward function at time t. To enable a single policy
to master diverse soccer shooting skills and adapt to dynamic
environments, we construct the observation space ot as:

ot =
[
oprop
t , oref

t , osoc
t

]
, (1)

where oprop
t is the robot’s proprioception, comprising projected

gravity, base angular velocity, joint positions, joint velocities,
and the previous action; oref

t is the motion tracking targets,
including reference joint positions, joint velocities and root
angular velocity; osoc

t consists of the ball position gball and
goal position ggoal relative to the robot’s root frame. The ball
position is fixed according to the reference motion in Stage I,
and is randomized to facilitate generalization in Stage II.
The goal position is sampled uniformly from a 1m × 0.5m
rectangular region centered 5 meters in front of the robot’s
initial position.

B. Stage I: Soccer-skill Acquisition via Motion Tracking

The primary objective of this stage is to acquire high-
fidelity, physically feasible kicking primitives that are robust
across diverse terrains. By learning these skills in a perception-
free setting, the policy can focus on reproducing structured
kicking behaviors, which later serves as a stable motion prior
for perception-guided generalization in Stage II.

a) Data Preparation: To ensure the policy masters a
diverse repertoire of kicking skills and covers a broad soc-
cer shooting zone, we curated a specialized motion dataset
comprising 13 distinct human soccer kicking motions using a
motion capture system. The dataset is structured into two cat-
egories: (i) standard kicks, which are recorded with uniformly
distributed ball placements (approximately 30 cm intervals) to
cover diverse distances and shooting angles; and (ii) stylized
kicks, which mimic signature moves of famous soccer players.
For each motion, the striking leg was naturally selected
based on the ball’s relative location to ensure biomechanical
feasibility. These motions are then retargeted to the robot via
GMR [4] and annotated with the striking leg (left or right).
This information is vital for the subsequent stage, serving
as a gating signal for the contact-based rewards, ensuring
the robot learns to strike the ball with the intended foot.
Detailed information about the motion dataset is provided in
Appendix A.

b) Unified Motion Tracking: We follow Beyond-
Mimic [23] to compute a yaw-only alignment ∆Rt from
the relative anchor rotation and use it to rotate the reference
motion into the robot’s current anchor yaw before evaluating
tracking errors. This alignment facilitates the robot in adjusting
its heading to strike the ball towards various angles. However,
relying on a single reference motion causes overfitting and
restricts positional generalization, and the large variation in
task difficulty further hinders unified training. In particular,

motions like stylized kicks, which involve highly dynamic
movements, are substantially harder to learn than standard
kicks; and even among standard kicks, differences in ball
placement introduce varying requirements for precision and
balance.

To tackle this challenge, we introduce an adaptive sampling
strategy that learns a single, unified policy from a collection of
reference kicking motions. Concretely, we extend the adaptive
sampling approach by incorporating a motion index as an
additional dimension in the sampling space. We maintain
a failure histogram F ∈ RM×B over the motion indices
M = {1, . . . ,M} and discretized phase bins B = {1, . . . , B}.
This histogram records the failure count Fm,b for each phase
segment of each kick. At the start of every episode, we sample
a motion–phase pair (m,ϕ) from a smoothed distribution that
is proportional to F . As a result, training is automatically
steered toward the most difficult segments across the entire
motion library, promoting uniform proficiency across all skills
despite their varying difficulties. Meanwhile, we incorporate
terrain randomization—including irregular and uneven sur-
faces—directly into Stage I training. This not only enables the
policy to adapt to a wide range of terrains but also removes
the need to explicitly handle terrain-related difficulty when
designing rewards in Stage II.

Regarding reward design for the perception-free Stage I and
the subsequent perception-driven stage, we employ motion-
tracking rewards along with regularization in Stage I, and then
incorporate ball-centric task shaping (covering ball proximity
as well as striking and outcome components) in Stage II.
Table I provides an overview of all reward terms and indicates
in which stage they are used. We set the episodes terminate
either upon reaching a time limit or when tracking violates
safety constraints, e.g., due to large attitude errors inferred
from projected gravity, substantial deviations in anchor height,
or pronounced kinematic inconsistencies. As a result, Stage I
yields stable, human-like kicking primitives that can later
be specialized to different ball setups with only minimal
additional objectives.

C. Stage II: Perception-Guided Positional Generalization

The primary objective of this stage is to learn perceptually
efficient kicking behaviors that generalize across varying ball
positions and reliably produce goal-directed shots. To this end,
we retain motion tracking as a structural prior and introduce
lightweight perception integration mechanism, while avoiding
interference with the learned kicking dynamics.

a) Ball Position Sampling: For each selected motion, we
first place the ball at a motion-consistent nominal location
determined by its terminal position, and then sample random-
ized ball spawns around this nominal location by (i) applying
an angular perturbation around the nominal direction and (ii)
sampling a radius offset. This yields a curved arc of feasible
ball locations around the intended kick direction, promoting
positional generalization without disrupting the motion tim-
ing. A detailed description and schematic illustration of the
positional generalization setup are provided in Appendix A.



TABLE I: Reward terms used in Stage I/II.

Type Term Description Weight (I) Weight (II)

Motion-Tracking
Reward

anchor-pos Anchor position tracking: exp(−∥probot
a − p̃ref

a ∥22/σ2). 1.0 -
anchor-ori Anchor orientation tracking: exp(−d(Rrobot

a , R̃ref
a )2/σ2). 1.0 0.5

body-pos Body position tracking (relative): mean over tracked bodies i of exp(−∥probot
i −p̃ref

i ∥22/σ2). 1.0 0.8
body-ori Body orientation tracking (relative): mean over tracked bodies i of

exp(−d(Rrobot
i , R̃ref

i )2/σ2).
1.0 0.8

lin-vel Body linear-velocity tracking: exp(−∥vrobot − vref∥22/σ2). 1.0 0.8
ang-vel Body angular-velocity tracking: exp(−∥ωrobot − ωref∥22/σ2). 1.0 0.8
foot-pos Foot position tracking (relative): exp(−∥probot

foot − p̃ref
foot∥

2
2/σ

2). - 1.0

Soccer
Reward

ball-prox Ball proximity: exp(−d2xy/σ
2), where dxy is the horizontal base-to-ball distance. Frozen

after the first valid contact.
- 1.0

contact Correct-foot first-contact reward (gated by the kicking-leg label). - 50.0
side-kick Sideways-kick prior (leg-conditioned lateral swing). - 50.0
vel-align Ball velocity direction alignment after contact. - 30.0
speed Planar ball speed shaping after contact. - 10.0
z-speed Ball vertical-speed penalty after contact. - -0.2

Regularization
Reward

action-rate Action-rate regularization (smoothness): −∥at − at−1∥22. -0.1 -0.1
joint-limit Joint-limit penalty. -10.0 -10.0
undesired-contact Undesired-contact penalty (non-foot contacts). -0.1 -0.1
foot-sep Foot separation reward to reduce crossing (distance-based). - 0.2
waist-rate Waist action-rate regularization. - -0.25
upright Pelvis uprightness penalty (roll/pitch). - -1.0

Notably, we sample an initial linear velocity for the ball
within a small range, and we employ an LSTM-based policy
architecture capable of temporal aggregation. Consequently,
the policy can implicitly predict the short-horizon trajectory of
rolling balls, ensuring consistent striking performance despite
ball motion.

b) Perception Observation: The policy always receives
the ball and goal positions expressed in the robot pelvis frame:

gball = R−1
pelvis

(
pw

ball − pw
pelvis

)
, (2)

ggoal = R−1
pelvis

(
pw

goal − pw
pelvis

)
. (3)

In real-world deployment, the ball position is obtained via
fused visual and radar-based localization, so gball is continu-
ously available.

c) Lightweight Perception-Action Rewards: We retain the
tracking rewards but relax global position constraints to allow
locomotion and stance adjustment. In particular, we set the an-
chor position tracking weight to zero in Stage II. Furthermore,
we add only a small set of task rewards: (i) Ball proximity:
an exponential reward on the horizontal distance between the
robot’s pelvis and the ball. After the first valid kick contact,
we freeze this term to avoid post-contact pursuit behaviors
from dominating the optimization. (ii) Contact correctness:
a one-time reward at the first ball contact, granted only if
the contacting foot is consistent with the motion’s left/right
kicking-leg label. (iii) Strike direction prior: a directional prior
encouraging the foot swing to align with the expected lateral
striking direction conditioned on the kicking leg. (iv) Post-
kick outcome shaping: after a correct-foot contact, we activate
a short reward window to encourage the ball velocity direction
to align with the desired direction from the initial ball position

to the target goal, and to encourage sufficient planar ball speed
while penalizing excessive vertical speed. These terms are
gated by a minimum ball-speed threshold to avoid applying
outcome shaping before a physical strike.

d) Stabilization Terms: To maintain balance under
perception-driven adjustments, we include stabilization terms
such as waist action-rate regularization, pelvis uprightness (pe-
nalizing roll/pitch deviation via projected gravity), and a foot-
separation reward to reduce foot crossing. These additions are
deliberately lightweight, helping preserve the learned human-
like kick kinematics while avoiding the unstable coupled opti-
mization commonly observed in perception-to-control training.

Overall, the synergy of these mechanisms and rewards
enables the robot to achieve robust and precise human-like
kicking capabilities while ensuring effective positional gener-
alization with only a compact set of reference motions.

D. Physics-Aware Sim-to-Real Transfer

The ball’s physical properties in simulation are crucial
for the policy to transfer to the real world, as even minor
discrepancies in friction or restitution can cause significant
trajectory deviations. Moreover, during real-world deployment,
ball and goal observations are inherently noisy throughout
the robot’s movement. To this end, we adopt a physics-aware
sim-to-real transfer strategy that combines contact dynamics
identification with structured domain randomization (DR).
Rather than relying on unstructured parameter perturbations,
our approach explicitly incorporates physical priors at both the
contact dynamics and observation levels.

a) Contact Dynamics Identification: To reduce discrep-
ancies in the ball’s behavior in policy transfer, we calibrate



Fig. 3: Comparison of the soccer ball’s physical behavior in
the real world and in simulation after parameter identification.
(a)–(b) compare ball drop experiments, while (c)–(d) compare
rolling experiments.

the ball–ground contact dynamics through simple real-world
experiments. In particular, we perform a ball drop experiment
to characterize normal impact behavior and a rolling exper-
iment to capture tangential frictional energy loss. We then
replicate both experiments in IsaacSim [29], which is used for
policy training, under identical initial conditions. We identify
a compact set of contact parameters employed by IsaacSim,
including the ball’s static and dynamic friction, restitution,
and linear and angular damping coefficients. Ball dynamics
are represented by time-series state observations sampled at
a fixed interval, yielding real-world and simulated trajectories
h = {hi}Nd

i=0, d = {di}Nr
i=0 and h′ = {h′

i}
Nd
i=0, d′ = {d′i}

Nr
i=0,

which denote the ball height and horizontal displacement,
respectively. Optimization is performed by minimizing the
trajectory matching loss

Lsysid = λ1

Nd∑
i=0

(hi − h′
i)

2 + λ2

Nr∑
i=0

(di − d′i)
2 , (4)

where λ1 and λ2 balance the contributions of impact
and rolling dynamics. Optimization is performed using a
derivative-free evolutionary strategy based on CMA-ES [10].

We perform system identification separately on two surface
types: a rigid hard ground and a soccer field surface, yielding
two sets of nominal contact parameters. This design allows the
contact behavior of the soccer ball to be accurately captured
across ground conditions with distinct contact properties. As
illustrated in Fig. 3, a soccer ball simulated with the identified
parameters exhibits physical behaviors that closely match real-
world observations, demonstrating the fidelity of the system
identification process. During policy training, environments
are evenly split between these two parameter sets. To ac-
count for residual modeling errors, each parameter is further
perturbed by Gaussian noise sampled as θ ∼ N (θnominal, I),
where θnominal denotes the identified parameter vector for
the corresponding surface. The more detailed procedure for
parameter identification is provided in Appendix B.

b) Physics-Guided Domain Randomization: To account
for perception uncertainty, we incorporate DR into the ob-
servation space alongside dynamics randomization. Beyond
standard DR commonly used in motion tracking approaches
[9, 23] summarized in Table II, we introduce a physics-
guided noise model tailored to soccer ball and goal perception

TABLE II: Domain randomization terms and ranges.

Term Range

Robot static friction U(0.3, 1.6)
Robot dynamic friction U(0.3, 1.2)

Robot restitution U(0.0, 0.5)
Joint default pos U(−0.01, 0.01)

Base CoM x ∼ U(−0.025, 0.025), y z ∼ (−0.05, 0.05)
Push robot U(−0.5, 0.5)

[20, 48].
As mentioned in Sec. III-A, the policy observes the relative

positions of both the ball and the goal in the robot’s local co-
ordinate frame. Due to robot motion and partial observability,
both quantities are dynamic in the robot frame and subject
to state-dependent estimation errors. Empirically, these errors
tend to increase with the speed of the observed object and its
distance from the robot.

To capture this effect, we inject zero-mean Gaussian noise
into object-related observations, including both the ball and the
goal. For each object obj ∈ {ball, goal}, the noise magnitude
is defined as

σobj
t = cmin +

∥vobj
t ∥
cvel

+
∥pobj

t − probot
t ∥

cdist
, (5)

where pobj
t and vobj

t denote the position and velocity of object
obj expressed in the robot frame. The noisy observation is then
obtained by adding σobj

t · N (0, I).
By grounding both contact dynamics and observation ran-

domization in physical intuition, our strategy exposes the
policy to realistic variations in ball motion and perception,
leading to improved robustness in real-world deployment.

IV. EXPERIMENTS

In this section, we systematically evaluate the proposed
PAiD framework from three perspectives: motion tracking
quality, soccer shooting proficiency, and real-world deploy-
ment performance. The experiments are designed to answer
the following research questions. Q1: How effectively can
the robot reproduce human-like kicking motions? Q2: How
accurate and robust is the robot’s soccer shooting capability?
Q3: How well does the learned policy transfer to the physical
world? For each evaluation, we specify the experimental setup
and quantitative metrics in advance.

A. Motion Tracking Quality

To answer Q1, we evaluate the tracking quality in
Mujoco[39] using four standard metrics: Global Mean Per-
Joint Position Error (G-MPJPE) for global pose alignment,
Mean Per-Joint Position Error (MPJPE) for local pose preci-
sion (ignoring global drift), Velocity Error (Vel Err), defined
as the mean Euclidean global root velocities error for dynamic
consistency, and the AUJ Score for physical smoothness, mea-
sured as the absolute deviation of the time-averaged peak link
jerk from the reference dataset average. For a comprehensive
evaluation, we divide our motion dataset into two difficulty
categories: (i) Standard Kicks (10 motions), representing fun-
damental kicking mechanics with moderate complexity and



(a) Success Rate (b) Kick Accuracy (c) Success Rate (Rolling) (d) Kick Accuracy (Rolling)

Fig. 4: Quantitative analysis of soccer shooting proficiency across the workspace. The heatmaps visualize the spatial distribution
of success rates and kicking accuracy for both static ball scenarios (a, b) and dynamic rolling ball interception (c, d).

TABLE III: Comparison of motion tracking performance

Method MPJPE ↓ G-MPJPE ↓ Vel Err ↓ AUJ Score ↓

Standard Kicks

GMT 59.77 195.79 3.99 0.0217
Any2Track 104.20 468.56 8.18 0.1043
TWIST2 30.06 161.96 4.40 0.0158
BeyondMimic 25.26 104.41 3.06 0.0283
Ours (PAiD) 27.75 213.38 3.75 0.0129

Stylized Kicks

GMT 64.22 376.45 6.30 0.0107
Any2Track 172.23 675.63 11.58 0.5420
TWIST2 41.09 318.93 6.98 0.0216
BeyondMimic 39.13 162.39 4.26 0.0161
Ours (PAiD) 62.01 230.36 5.04 0.0444

generally benign dynamics; and (ii) Stylized Kicks (3 motions),
comprising high-dynamic, professional-level maneuvers that
impose substantial biomechanical demands on the controller.

We benchmark our framework against state-of-the-art mo-
tion tracking approaches, including GMT [5], Any2Track [55],
TWIST2 [53], and BeyondMimic [23]. As shown in Table
III, our method achieves competitive or leading results across
most metrics. While BeyondMimic achieves the best scores
on some metrics, our approach provides a balanced trade-off
between precision and versatility, supporting robust tracking
of a diverse repertoire of soccer skills.

B. Soccer Shooting Proficiency

To answer Q2, we systematically evaluate soccer shoot-
ing proficiency in Mujoco through two distinct experimental
protocols designed to test spatial generalization and dynamic
adaptation: (1) Grid-Based Static Evaluation: To ensure com-
prehensive coverage, we discretize the evaluation area into a
11×13 grid, uniformly distributing initial ball positions across
the [0.5, 3.0] × [−1.5, 1.5] m region with 0.25 m spacing.
At each grid point, we perform 50 independent trials with
randomized robot initializations sampled uniformly within a
0.5 m radius circle to assess robustness. (2) Rolling Ball
Interception: Based on the first protocol, we introduce dynamic
complexity by initializing the ball with a velocity sampled
from [0.1, 0.3] m/s. We employ two metrics: Success Rate,
calculated as the number of goals divided by the total number
of kicks, and Kick Accuracy, computed as the cosine similarity

TABLE IV: Comparison of soccer shooting proficiency

Method Static Evaluation Rolling Interception

Success Rate ↑ Accuracy ↑ Success Rate ↑ Accuracy ↑

Pure RL 33.0% 0.5235 23.5% 0.3592
AMP-based 46.8% 0.7146 35.5% 0.5314
Single-Stage 78.1% 0.9218 54.3% 0.7977
Ours (PAiD) 91.3% 0.9689 71.9% 0.8892

cos(θ), where θ denotes the angle between the ball’s outgoing
velocity vector and the target direction vector connecting the
ball’s position at impact to the center of the goal.

We further provide a spatial performance analysis in Fig.
4. The heatmaps demonstrate that our policy maintains strong
performance within the training range and demonstrates some
generalization beyond it, though proficiency decreases at the
boundaries due to kinematic limits.

In addition, we compare the PAiD framework against three
baselines: (i) an AMP-based approach trained with adver-
sarial motion priors; (ii) a Pure RL baseline trained from
scratch using manually designed rewards without reference
motions; and (iii) a Single-Stage baseline that jointly optimizes
tracking and task rewards. Quantitative results are reported
in Table IV, evaluated within a ball placement range of
[0.5, 2.0] × [−1.0, 1.0]m, which corresponds to the effective
workspace for our generalized motions. Within this region,
PAiD achieves a high static success rate of 91.3% and a rolling
interception rate of 71.9%, both significantly outperforming
the baselines. In contrast, the AMP baseline often produces
unnatural kicks, the Pure RL baseline struggles with reward
engineering, and the Single-Stage baseline suffers from reward
conflicts between locomotion and kicking objectives.

C. Real-World Performance

To answer Q3, we deploy our policy on the Unitree G1
platform to evaluate the real-world performance.

a) Deployment: We implement a perception-and-
decision framework for real robot deployment. In the
perception module, a depth camera D435i is employed to
continuously obtain the ball’s relative position in the robot
frame using YOLOv8 to obtain the ball’s mask [52] when the
ball is within the camera’s field of view. To address out-of-
view scenarios, Fast-LIO [47] with a LiDAR sensor is utilized
to estimate the robot’s global pose, enabling transformation



(a) Hard ground (b) Grass ground (c) Hard ground (Rolling) (d) Grass ground (Rolling)

Fig. 5: Real-world shooting tests with randomly placed soccer balls. (a)–(b) show results on hard ground and grass, with 30
trials per surface. (c)–(d) show tests on rolling balls, where hollow and solid markers denote the rolling start and end positions,
respectively, with 10 trials per surface. Red and blue dots indicate success and failure.

Fig. 6: Detailed foot motions during ball kicking.

of the ball’s relative position to the world frame. When the
ball leaves the camera view, its previous world-frame position
is used to recover the relative ball position. This integrated
RGB-D and LiDAR pipeline provides robust ball localization
throughout the shooting process. In the decision module, we
adopt a simple yet effective motion selection mechanism:
Before shooting starts, a set of candidate motions is preloaded.
The motion whose final-frame robot root position is closest to
the estimated ball position is selected and provided as input
to a single policy, which is then executed.

b) Soccer Shooting Proficiency and Terrain Robustness
Test: In Fig. 1 (a), (c), and (d), we set up a goal with a width
of 2 m and a height of 1.5 m in the real world. During the
experiments, the robot is positioned 5 m in front of the goal,
and a soccer ball is randomly placed within an area in front
of the robot that roughly matches the depth camera’s field
of view, across multiple trials. Fig. 5 shows that our method
achieves a high success rate for most ball locations on both
hard ground and grass surfaces, except for a few corner cases
where the success rate is lower, as these positions require
the robot to perform large body rotations or travel a longer
distance. During testing, the robot successfully kicked soccer
balls placed at random positions for up to 11 consecutive trials,
demonstrating the robustness of the proposed policy. As shown
in Fig. 6, at ball–foot impact, the foot achieves a well-formed
strike through the foot arch, which underlies the high shooting
success rate. In particular, Fig. 5 (c) and (d) demonstrate that
our method enables the real robot to successfully kick rolling
soccer balls, which is a critical capability for practical soccer
gameplay.

We also conduct ablation studies on two core components
of our physics-aware sim-to-real transfer strategy on the real
robot, as summarized in Table V. Specifically, we evaluate
the impact of contact dynamics identification and observation
noise by selectively removing each component during training.

TABLE V: Ablation experiment of physics-aware sim-to-real
transfer strategy

Method Hard Ground Grass Ground

(-0.6,0.8)1 (0.0,0.8) (0.6,0.8) (-0.6,0.8) (0.0,0.8) (0.6,0.8)

Ours 5/52 5/5 5/5 4/5 5/5 5/5
w/o SystemID 4/5 5/5 4/5 2/5 3/5 1/5
w/o Obs Noise 2/5 3/5 3/5 3/5 3/5 2/5

1 The values indicate the soccer ball placement position, measured in meters.
2 For each placement position, we conducted 5 trials and recorded the successful number.

The results indicate that incorporating either component leads
to noticeable performance gains in real-world deployment,
while combining both yields the best overall results. These
findings demonstrate that accurate modeling of contact dynam-
ics, together with realistic observation noise, plays a crucial
role in bridging the sim-to-real gap, enabling the learned policy
to robustly adapt to varying ground conditions encountered in
practice.

c) Motion Human-Likeness Test: We evaluate three
professional-player–style shooting motions on the real robot,
with the soccer ball placed in the vicinity of the original
ball positions defined by each motion. The qualitative results
are reported in Fig. 1 (b). Despite the inherent complexity
and coordination required by these highly human-like mo-
tions, the robot consistently executes them in a stable and
controlled manner, achieving accurate and goal-directed shots.
These results demonstrate the high fidelity, expressiveness, and
scalability of our method in transferring diverse motions to the
real robot.

V. CONCLUSION

In this work, we presented our Perception-Action integrated
Decision-making (PAiD) framework for learning robust hu-
manoid soccer skills. By decoupling motion-skill acquisition,
perception-action integration, and sim-to-real transfer, our
approach overcomes the limitations of single-stage RL and im-
itation learning. Extensive experiments demonstrate that PAiD
achieves superior tracking accuracy, shooting proficiency, and
real-world robustness compared to state-of-the-art baselines.

While PAiD shows strong generalization and transferability,
its performance at extreme ball positions and under highly
dynamic conditions can be further improved. Future work will
explore multi-modal perception and adaptive policy architec-
tures to enhance robustness in more complex environments.
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APPENDIX

A. Data Preparation for Policy Learning

a) Motion Dataset Collection: The motion dataset con-
sists of a curated set of human demonstration trajectories,
designed to provide representative spatial and stylistic cov-
erage for policy learning. In line with the main text, the
dataset is structured into two categories: (i) standard kicks,
which are collected with systematically varied ball place-
ments to span a range of distances and approach angles; and
(ii) stylized kicks, which capture high-difficulty, professional-
player–inspired maneuvers. For each motion, the striking leg
is selected based on the ball’s relative position to ensure
biomechanical plausibility.

• Distribution and Coverage: The standard kicks are
sampled to achieve broad, but not exhaustive, coverage of
typical ball positions and approach angles encountered in
soccer. The resulting dataset spans a substantial portion
of the robot’s effective workspace, as visualized by the
motion trajectory spread in Fig. 7.

• Stylized Motions: The stylized kicks are selected to eval-
uate the policy’s ability to reproduce challenging, high-
velocity, and stylistically distinct actions. Their spatial
patterns are shown in Fig. 8.

• Trajectory Characteristics: Each trajectory records the
full 3D pose of the robot at every frame, including root
and limb kinematics, enabling precise motion retargeting
and imitation. The temporal color gradient in the figures
highlights the dynamic evolution of each kick.

These visualizations and statistics provide further insight
into the spatial and stylistic diversity of the dataset, as well as
the challenges posed to the learning algorithm.

Fig. 7: Root trajectories of all standard kicks in the dataset.

b) Ball Placement and Generalization: The ball place-
ment strategy is critical for enabling the policy to gener-
alize beyond the original motion dataset. Consistent with
the methodology described in the main text, the initial ball

Fig. 8: Root trajectories of all stylized kicks in the dataset.

positions are anchored to the terminal foot contact locations of
the reference motions, ensuring biomechanical feasibility and
natural transitions. To further enhance spatial generalization,
we randomize the ball position within a set of angular and
radial sectors centered in front of the robot, as illustrated in
Fig. 9.

Fig. 9: Schematic of the ball placement strategy. Colored
sectors represent the feasible regions for each reference mo-
tion, with solid dots indicating nominal motion positions. The
randomization process samples ball positions within these
regions, enabling the policy to generalize across a broad
workspace.

Each colored sector in the figure corresponds to the feasible
region associated with a specific reference motion, while the
solid dots indicate the nominal ball positions used in the origi-
nal motions. During training, ball positions are sampled within
these sectors, exposing the policy to a diverse set of approach



TABLE VI: Ball Physical Parameters for CMA-ES Optimizer.

Parameter Initial Value Search Range

Static friction 0.5 [0, 1.0]
Dynamic friction 0.5 [0, 1.0]
Restitution 0.5 [0, 1.0]
Linear damping 1.0 [0, 5.0]
Angular damping 1.0 [0, 5.0]

TABLE VII: Hyperparameter Settings of the CMA-ES Opti-
mizer.

Hyperparameter Value

Search scale 0.2
Population size 4

angles and distances. This design ensures that the learned
policy is not restricted to a discrete set of placements, but
can robustly handle balls distributed throughout the effective
workspace defined by the motion dataset.

By combining motion-conditioned placement with con-
trolled randomization, our approach achieves a balance be-
tween physical plausibility and spatial diversity, facilitating
both high-fidelity imitation and strong generalization.

B. Details of Contact Dynamic Identification

In this section we provide the details of how to identify the
contact dynamic parameters.

To ensure that the simulated soccer ball exhibits physical
behaviors consistent with real-world dynamics, we optimize
five physical parameters of the ball asset in the simulator,
including static friction, dynamic friction, restitution, linear
damping, and angular damping. Notably, the ground-related
parameters are kept at their default values, as the contact
interaction between the ball and the ground can be equivalently
adjusted by tuning the corresponding coefficients of the ball
alone.

In the real-world experiments, a high-frame-rate camera is
employed to record the ball’s motion trajectories.

• Ball drop experiment: We record the initial height of
the ball and its height at intervals of 0.1 s after release,
collecting measurements over a duration of 2 s.

• Ball rolling experiment: The initial velocity of the ball
is estimated from the first few frames at the onset of
rolling. Subsequently, the traveled distance is recorded at
intervals of 0.1 s for a total duration of 2 s.

To mitigate measurement noise and experimental variability,
each experiment is repeated five times. The resulting trajecto-
ries are treated as ground-truth data for subsequent parameter
optimization.

In the simulator, we adopt the Covariance Matrix Adaptation
Evolution Strategy (CMA-ES) for parameter optimization,
which is a population-based, gradient-free optimization al-
gorithm well suited for non-convex and black-box problems.
The hyperparameter settings of CMA-ES are summarized in
Table VI and VII, and the overall optimization procedure is
illustrated in Algorithm 0.

Algorithm 1 Parameter Identification via CMA-ES

1: Input: Real-world trajectories h = {hi}Nd
i=0, d = {di}Nr

i=0

2: set initial parameter x0, initial search scale σ0

3: set parameter bounds and population size P
4: set tolerance ϵ (loss change)
5: Initialize CMA-ES with (x0, σ0, bounds, P )
6: Lprev ← +∞
7: for t = 1→ T do
8: {x(j)}Pj=1 ← ask()
9: losses ← [ ]

10: for j = 1→ P do
11: Set simulation parameters ← x(j)

12: Reset environment and ball
13: Perform drop and rolling rollouts
14: Obtain simulated trajectories

h′ = {h′
i}

Nd
i=0, d′ = {d′i}

Nr
i=0

15: ℓ← Lsysid(h
′,d′,h,d) ▷ see Eq. (4)

16: append ℓ to losses
17: end for
18: tell({x(j)}, losses)
19: Lbest ← min(losses)
20: if |Lprev − Lbest| < ϵ then
21: break
22: end if
23: Lprev ← Lbest

24: end for
25: return optimized parameters x⋆ (best CMA-ES solution)

We conduct data collection and system identification sep-
arately on rigid hard ground and soccer grass surfaces. The
identified parameter sets for these two surface types are
reported in Table VIII.

TABLE VIII: Optimized soccer ball physical parameters on
different surface types.

Parameter Hard Ground Grass Surface

Static Friction 0.77 0.98
Dynamic Friction 0.07 0.15
Restitution 0.75 0.71
Linear Damping 0.01 0.01
Angular Damping 4.28 4.95
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