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ASAP: Aligning Simulation and Real-World Physics
for Learning Agile Humanoid Whole-Body Skills
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The humanoid robot (Unitree G1) demonstrates diverse agile whole-body skills, showcasing the control policies’ agility: (a) Cristiano Ronaldo’s

signature celebration involving a jump with a 180-degree mid-air rotation; (b) LeBron James’s “Silencer” celebration involving single-leg balancing; and (c)
Kobe Bryant’s famous fadeaway jump shot involving single-leg jumping and landing; (d) 1.5m-forward jumping; (e) Leg stretching; (f) 1.3m-side jumping.

Abstract— Humanoid robots hold the potential for unparal-
leled versatility for performing human-like, whole-body skills.
However, achieving agile and coordinated whole-body motions
remains a significant challenge due to the dynamics mismatch
between simulation and the real world. Existing approaches,
such as system identification (SysID) and domain randomization
(DR) methods, often rely on labor-intensive parameter tuning

or result in overly conservative policies that sacrifice agility.
In this paper, we present ASAP (Aligning Simulation and Real
Physics), a two-stage framework designed to tackle the dynamics
mismatch and enable agile humanoid whole-body skills. In the
first stage, we pre-train motion tracking policies in simulation
using retargeted human motion data. In the second stage, we
deploy the policies in the real world and collect real-world data
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(b) Delta Action Model Training

(¢) Policy Fine-tuning

(d) Real World Deployment

Fig. 2. Overview of ASAP. (a) Motion Tracking Pre-training and Real Trajectory Collection: With the humanoid motions retargeted from human videos,
we pre-train multiple motion tracking policies to roll out real-world trajectories. (b) Delta Action Model Training: Based on the real-world rollout data,
we train the delta action model by minimizing the discrepancy between simulation state s¢ and real-world state s}. (c) Policy Fine-tuning: We freeze the
delta action model, incorporate it into the simulator to align the real-world physics and then fine-tune the pre-trained motion tracking policy. (d) Real-World
Deployment: Finally, we deploy the fine-tuned policy directly in the real world without delta action model.

to train a delta (residual) action model that compensates for the
dynamics mismatch. Then ASAP fine-tunes pre-trained policies
with the delta action model integrated into the simulator to align
effectively with real-world dynamics. We evaluate ASAP across
three transfer scenarios—IsaacGym to IsaacSim, IsaacGym to
Genesis, and IsaacGym to the real-world Unitree G1 humanoid
robot. Our approach significantly improves agility and whole-
body coordination across various dynamic motions, reducing
tracking error compared to SysID, DR, and delta dynamics
learning baselines. ASAP enables highly agile motions that were
previously difficult to achieve, demonstrating the potential of
delta action learning in bridging simulation and real-world
dynamics. These results suggest a promising sim-to-real direction
for developing more expressive and agile humanoids.

1. INTRODUCTION

For decades, we have envisioned humanoid robots achieving
or even surpassing human-level agility. However, most prior
work [46, 74, 47, 73, 107, 19, 95, 50] has primarily focused
on locomotion, treating the legs as a means of mobility.
Recent studies [10, 25, 24, 26, 32] have introduced whole-
body expressiveness in humanoid robots, but these efforts have
primarily focused on upper-body motions and have yet to
achieve the agility seen in human movement. Achieving agile,
whole-body skills in humanoid robots remains a fundamental
challenge due to not only hardware limits but also the mis-
match between simulated dynamics and real-world physics.

Three main approaches have emerged to bridge the dynam-
ics mismatch: System Identification (SysID) methods, domain
randomization (DR), and learned dynamics methods. SysID
methods directly estimate critical physical parameters, such as
motor response characteristics, the mass of each robot link, and
terrain properties [102, 19]. However, these methods require a
pre-defined parameter space [49], which may not fully capture

the sim-to-real gap, especially when real-world dynamics fall
outside the modeled distribution. SysID also often relies on
ground truth torque measurements [29], which are unavailable
on many widely used hardware platforms, limiting its practi-
cal applicability. DR methods, in contrast, first train control
policies in simulation before deploying them on real-world
hardwares [85, 79, 59]. To mitigate the dynamics mismatch
between simulation and real-world physics, DR methods rely
on randomizing simulation parameters [87, 68]; but this can
lead to overly conservative policies [25], ultimately hindering
the development of highly agile skills. Another approach to
bridge dynamics mismatch is learning a dynamics model of
real-world physics using real-world data. While this approach
has demonstrated success in low-dimensional systems such
as drones [81] and ground vehicles [97], its effectiveness for
humanoid robots remains unexplored.

To this end, we propose ASAP, a two-stage framework that
aligns the dynamics mismatch between simulation and real-
world physics, enabling agile humanoid whole-body skills.
ASAP involves a pre-training stage where we train base
policies in simulation and a post-training stage that finetunes
the policy by aligning simulation and real-world dynamics. In
the pre-training stage, we train a motion tracking policy in
simulation using human motion videos as data sources. These
motions are first retargeted to humanoid robots [25], and a
phase-conditioned motion tracking policy [67] is trained to
follow the retargeted movements. However, directly deploying
this policy on real hardware results in degraded performance
due to the dynamics mismatch. To address this, the post-
training stage collects real-world rollout data, including pro-
prioceptive states and positions recorded by the motion capture
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Retargeting Human Video Motions to Robot Motions: (a) Human motions are captured from video. (b) Using TRAM [93], 3D human motion is

reconstructed in the SMPL parameter format. (c) A reinforcement learning (RL) policy is trained in simulation to track the SMPL motion. (d) The learned
SMPL motion is retargeted to the Unitree G1 humanoid robot in simulation. (e) The trained RL policy is deployed on the real robot, executing the final
motion in the physical world. This pipeline ensures the retargeted motions remain physically feasible and suitable for real-world deployment.

system. The collected data are then replayed in simulation,
where the dynamics mismatch manifests as tracking errors.
We then train a delta action model that learns to compensate
for these discrepancies by minimizing the difference between
real-world and simulated states. This model effectively serves
as a residual correction term for the dynamics gap. Finally, we
fine-tune the pre-trained policy using the delta action model,
allowing it to adapt effectively to real-world physics.

We validate ASAP on diverse agile motions and successfully
achieve whole-body agility on the Unitree G1 humanoid
robot [77]. Our approach significantly reduces motion tracking
error compared to prior SysID, DR, and delta dynamics
learning baselines in both sim-to-sim (IsaacGym to IsaacSim,
IsaacGym to Genesis) and sim-to-real (IsaacGym to Real)
transfer scenarios. Our contributions are summarized below.

1) We introduce ASAP, a framework that bridges the sim-
to-real gap by leveraging a delta action model trained
via reinforcement learning (RL) with real-world data.

2) We successfully deploy RL-based whole-body control
policies in the real world, achieving previously difficult-
to-achieve humanoid motions.

3) Extensive experiments in both simulation and real-world
settings demonstrate that ASAP effectively reduces dy-
namics mismatch, enabling highly agile motions on
robots and significantly reducing motion tracking errors.

4) To facilitate smooth transfer between simulators, we
develop and open-source a multi-simulator training and
evaluation codebase for help accelerate further research.

II. PRE-TRAINING: LEARNING AGILE HUMANOID SKILLS
A. Data Generation: Retargeting Human Video Data

To track expressive and agile motions, we collect a video
dataset of human movements and retarget it to robot motions,
creating imitation goals for motion-tracking policies, as shown
in Figure 3 and Figure 2 (a).

a) Transforming Human Video to SMPL Motions: We
begin by recording videos (see Figure 3 (a) and Figure 12)
of humans performing expressive and agile motions. Using
TRAM [93], we reconstruct 3D motions from videos. TRAM
estimates the global trajectory of the human motions in SMPL
parameter format [52], which includes global root translation,
orientation, body poses, and shape parameters, as shown in
Figure 3 (b). The resulting motions are denoted as Dgypr.

b) Simulation-based Data Cleaning: Since the recon-
struction process can introduce noise and errors [25], some
estimated motions may not be physically feasible, making
them unsuitable for motion tracking in the real world. To
address this, we employ a “sim-to-data” cleaning procedure.
Specifically, we use MaskedMimic [86], a physics-based mo-
tion tracker, to imitate the SMPL motions from TRAM in
IsaacGym simulator [58]. The motions (Figure 3 (c)) that
pass this simulation-based validation are saved as the cleaned
dataset Dgﬁ;‘f’d.

c) Retargeting SMPL Motions to Robot Motions: With
the cleaned dataset Dgﬁjﬁ;‘f’d in SMPL format, we retarget the
motions into robot motions following the shape-and-motion
two-stage retargeting process [25]. Since the SMPL parameters
estimated by TRAM represent various human body shapes,
we first optimize the shape parameter B3’ to approximate
a humanoid shape. By selecting 12 body links with cor-
respondences between humans and humanoids, we perform
gradient descent on 3’ to minimize joint distances in the rest
pose. Using the optimized shape 3’ along with the original
translation p and pose 8, we apply gradient descent to further
minimize the distances of the body links. This process ensures
accurate motion retargeting and produces the cleaned robot
trajectory dataset D%ﬁf;ed, as shown in Figure 3 (d).

B. Phase-based Motion Tracking Policy Training

We formulate the motion-tracking problem as a goal-
conditioned reinforcement learning (RL) task, where the policy
m is trained to track the retargeted robot movement trajectories
in the dataset D%f‘(‘fd. Inspired by [67], the state s; in-
cludes the tobot’s proprioception s and a time phase variable
¢ € [0,1], where ¢ = 0 represents the start of a motion and
¢ = 1 represents the end. This time phase variable alone ¢
is proven to be sufficient to serve as the goal state s§ for
single-motion tracking [67]. The proprioception s} is defined
as s} = [ty Gr—aotr W%t Gt e Qe—50—1], With S-step
history of joint position q, € R?3, joint velocity ¢, € R??, root
angular velocity w?°° € R3, root projected gravity g, € R?,
and last action a; 1 € R?3. Using the agent’s proprioception
st and the goal state s?, we define the reward as r; =
R (s¥, s), which is used for policy optimization. The specific
reward terms can be found in Table 1. The action a; € R2?
corresponds to the target joint positions and is passed to a



PD controller that actuates the robot’s degrees of freedom. To
optimize the policy, we use the proximal policy optimization
(PPO) [80], aiming to maximize the cumulative discounted
reward E [Zthl ,thth] We identify several design choices
that are crucial for achieving stable policy training:

a) Asymmetric Actor-Critic Training: Real-world hu-
manoid control is inherently a partially observable Markov
decision process (POMDP), where certain task-relevant prop-
erties that are readily available in simulation become un-
observable in real-world scenarios. However, these missing
properties can significantly facilitate policy training in simu-
lation. To bridge this gap, we employ an asymmetric actor-
critic framework, where the critic network has access to
privileged information such as the global positions of the
reference motion and the root linear velocity, while the actor
network relies solely on proprioceptive inputs and a time-phase
variable. This design not only enhances phase-based motion
tracking during training but also enables a simple, phase-
driven motion goal for sim-to-real transfer. Crucially, because
the actor does not depend on position-based motion targets,
our approach eliminates the need for odometry during real-
world deployment—overcoming a well-documented challenge
in prior work on humanoid robots [25, 24].

b) Termination Curriculum of Tracking Tolerance:
Training a policy to track agile motions in simulation is chal-
lenging, as certain motions can be too difficult for the policy
to learn effectively. For instance, when imitating a jumping
motion, the policy often fails early in training and learns to
remain on the ground to avoid landing penalties. To mitigate
this issue, we introduce a termination curriculum that progres-
sively refines the motion error tolerance throughout training,
guiding the policy toward improved tracking performance.
Initially, we set a generous termination threshold of 1.5m,
meaning the episode terminates if the robot deviates from
the reference motion by this margin. As training progresses,
we gradually tighten this threshold to 0.3m, incrementally
increasing the tracking demand on the policy. This curriculum
allows the policy to first develop basic balancing skills before
progressively enforcing stricter motion tracking, ultimately
enabling successful execution of high-dynamic behaviors.

c) Reference State Initialization: Task initialization plays
a crucial role in RL training. We find that naively initializing
episodes at the start of the reference motion leads to policy
failure. For example, in Cristiano Ronaldo’s jumping training,
starting the episode from the beginning forces the policy to
learn sequentially. However, a successful backflip requires
mastering the landing first—if the policy cannot land correctly,
it will struggle to complete the full motion from takeoff.
To address this, we adopt the Reference State Initialization
(RSI) framework [67]. Specifically, we randomly sample time-
phase variables between 0 and 1, which effectively randomizes
the starting point of the reference motion for the policy
to track. We then initialize the robot’s state based on the
corresponding reference motion at that phase, including root
position and orientation, root linear and angular velocities

and joint positions and velocities. This initialization strategy
significantly improves motion tracking training, particularly
for agile whole-body motions, by allowing the policy to
learn different motion phases in parallel rather than being
constrained to a strictly sequential learning process.

d) Reward Terms: We define the reward function r; with
the sum of three terms: 1) penalty, 2) regularization, and 3)
task rewards. A detailed summary of these components is
provided in Table I.

TABLE I
REWARD TERMS FOR PRETRAINING
Term Weight Term Weight
Penalty
DoF position limits —10.0  DoF velocity limits —5.0
Torque limits —5.0 Termination —200.0
Regularization
Torques ~1x107¢ Action rate —0.5
Feet orientation —2.0 Feet heading —0.1
Slippage —1.0
Task Reward
Body position 1.0 VR 3-point 1.6
Body position (feet) 2.1 Body rotation 0.5

Body angular velocity 0.5
DoF position 0.75

Body velocity 0.5
DoF velocity 0.5

e) Domain Randomizations: To improve the robustness
of the pre-trained policy in Figure 2 (a), we utilized basic
domain randomization techniques listed in Table VI.

III. POST-TRAINING: TRAINING DELTA ACTION MODEL
AND FINE-TUNING MOTION TRACKING POLICY

The policy trained in the first stage can track the reference
motion in the real-world but does not achieve high motion
quality. Thus, during the second stage, as shown in Fig-
ure 2 (b) and (c), we leverage real-world data rolled out by the
pre-trained policy to train a delta action model, followed by
policy refinement through dynamics compensation using this
learned delta action model.

A. Data Collection

We deploy the pretrained policy in the real world to per-
form whole-body motion tracking tasks (as depicted in Fig-
ure 9) and record the resulting trajectories, denoted as D" =
{50, af, ..., s, a5}, as illustrated in Figure 2 (a). At each
timestep t, we use a motion capture device and onboard
sensors to record the state: s; = [pb¢, phase qbase ybase g ],
where p?° ¢ R® represents the robot base 3D position,
w0 € R3 is base linear velocity, a}®¢ € R* is the robot
base orientation represented as a quaternion, wP®¢ € R? is the
base angular velocity, ¢; € R?? is the vector of joint positions,

and ¢; € R?? represents joint velocities.

B. Training Delta Action Model

Due to the sim-to-real gap, when we replay the real-world
trajectories in simulation, the resulting simulated trajectory
will likely deviate significantly from real-world recorded tra-
jectories. This discrepancy is a valuable learning signal for
learning the mismatch between simulation and real-world
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(c) Delta Dynamics

(d) Delta Action (ASAP)

Baselines of ASAP. (a) Model-free RL training. (b) System ID from real to sim using real-world data. (¢) Learning delta dynamics model using

real-world data. (d) Our proposed method, learning delta action model using real-world data.

physics. We leverage an RL-based delta/residual action model
to compensate for the sim-to-real physics gap.

As illustrated in Figure 2 (b), the delta action model is
defined as Aa; — wﬁ(st,at), where the policy 7r0A learns
to output corrective actions based on the current state s; and
the action a;. These corrective actions (Aa;) are added to the
real-world recorded actions (a;) to account for discrepancies
between simulation and real-world dynamics.

The RL environment incorporates this delta action model
by modifying the simulator dynamics as follows: s;y1 =
5™ (s¢,ab 4+ Aay) where f5™ represents the simulator’s dy-
namics, a; is the reference action recorded from real-world
rollouts, and Aa; introduces corrections learned by the delta
action model.

TABLE II
REWARD TERMS FOR DELTA ACTION LEARNING
Term Weight Term Weight
Penalty
DoF position limits —10.0 DoF velocity limits —5.0
Torque limits —0.1 Termination —200.0
Regularization
Action rate —0.01 Action norm —0.2
Task Reward
Body position 1.0 VR 3-point 1.0

Body position (feet) 1.0
Body angular velocity 0.5
DoF position 0.5

Body rotation 0.5
Body velocity 0.5
DoF velocity 0.5

During each RL step:

1) The robot is initialized at the real-world state sj.

2) A reward signal is computed to minimize the discrep-
ancy between the simulated state s;yq and the recorded
real-world state si, ;, with an additional action magni-
tude regularization term exp(—||a¢||) — 1), as specified
in Table II. The workflow is illustrated in Figure 2 (b).

3) PPO is used to train the delta action policy 7r0A, learning
corrected Aa; to match simulation and the real world.

By learning the delta action model, the simulator can accu-
rately reproduce real-world failures. For example, consider a
scenario where the simulated robot can jump because its motor
strength is overestimated, but the real-world robot cannot jump
due to weaker motors. The delta action model 7r0A will learn
to reduce the intensity of lower-body actions, simulating the
motor limitations of the real-world robot. This allows the
simulator to replicate the real-world dynamics and enables the
policy to be fine-tuned to handle these limitations effectively.

C. Fine-tuning Motion Tracking Policy under New Dynamics

With the learned delta action model 72 (s:,as), we can
reconstruct the simulation environment with

AP (s, a) = ™ (se, a8 + WA(St, at)),

As shown in Figure 2 (c), we keep the 72 model parameters
frozen, and fine-tune the pretrained policy with the same
reward summarized in Table L.

S = fAS

D. Policy Deployment

Finally, we deploy the fine-tuned policy without delta action
model in the real world as shown in Figure 2 (d). The
fine-tuned policy shows enhanced real-world motion tracking
performance compared to the pre-trained policy. Quantitative
improvements will be discussed in Section IV.

IV. PERFORMANCE EVALUATION OF ASAP

In this section, we present extensive experimental results
on three policy transfers: IsaacGym [58] to IsaacSim [63],
IsaacGym to Genesis [6], and IsaacGym to real-world Unitree
Gl humanoid robot. Our experiments aim to address the
following key questions:

e QI: Can ASAP outperform other baseline methods to
compensate for the dynamics mismatch?

e Q2: Can ASAP finetune policy to outperform SysID and
Delta Dynamics methods?

e Q3: Does ASAP work for sim-to-real transfer?

Experiments Setup. To address these questions, we eval-
uate ASAP on motion tracking tasks in both simulation
(Section IV-A and Section IV-B) and real-world settings
(Section IV-C).

In the simulation, we use the retargeted motion dataset
from the videos we shoot, denoted as D%%a;ed, which con-
tains diverse human motion sequences. We select 43 motions
categorized into three difficulty levels: easy, medium, and
hard (as partially visualized in Figure 6), based on mo-
tion complexity and the required agility. ASAP is evaluated
through simulation-to-simulation transfer by training policies
in IsaacGym and using two other simulators, IsaacSim and
Genesis, as a proxy of “real-world” environments. This setup
allows for a systematic evaluation of ASAP’s generalization
and transferability. The success of the transfer is assessed by
metrics described in subsequent sections.

For real-world evaluation, we deploy ASAP on Unitree
G1 robot with fixed wrists to track motion sequences that
has obvious sim-to-real gap. These sequences are chosen to










































