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Abstract

With the growing accessibility of humanoid hardware and rapid advances in
foundation models, we are entering an era where achieving general embodied
intelligence is within reach—enabling humanoid robots to perform a wide
range of tasks in human-centric environments. Despite significant progress
in language and vision foundation models, controlling humanoids with high
degrees of freedom to perform agile, dexterous, and versatile tasks remains
a challenge. In this thesis, we explore pathways toward that goal. We first
design a task representation framework aimed at scalable and general humanoid
whole-body control. Building on this foundation, we propose a systematic
real-to-sim-to-real method for achieving agile humanoid control. Finally, we
introduce a universal dynamics learning framework for general-purpose robots,
and demonstrate its effectiveness on various wheeled platforms—validating
the feasibility of learning a world model for humanoids in the future.
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Chapter 1

Introduction

The pursuit of general intelligence in robotics, which enables versatile control across diverse
embodiments and tasks, has emerged as a frontier in embodied AI [56, 60, 92, 111]. While
recent advances in vision [23, 182, 195] and language [27, 165] have produced foundation
models capable of generalizing across modalities and problem domains, robotics remains
constrained by embodiment-specific and task-specific controllers. This limits the scalability
and adaptability of robotic systems deployed in the real world.

On the other hand, humanoid robots as designed for general purpose tasks have become
more accessible and capable in recent years [21]. The progress in hardware and algorithms
brings the potential for traversability [131, 192] and dexterity [40, 89, 90] to do a wide range
of loco-manipulation tasks in various scenarios [17, 49, 58, 83, 89, 163]. In addition, with
the advancement of parallelized simulation and reinforcement learning infrastructure [107,
113], people can train a humanoid to walk in the real world in minutes [190]. However,
training in simulation and deployment in the real world (sim-to-real) for single tasks
relies on the fidelity of simulation and extensive reward tuning and physics parameter
randomization [59, 78]. Sim-to-real is even more challenging in agile and dextrous control
for general tasks for high-DoF humanoid robots [40].

This thesis provides insights toward building a foundation control model for general
humanoid robot—a control framework that 1) generalizes across robot dynamics and tasks,
while 2) enabling agile behavior in complex and dynamic environments. Analogous to
how large-scale pretraining in vision and language yields generalist models like CLIP [129]
and GPT [11], our goal is to build a scalable, task-agnostic policy architecture grounded

1



1. Introduction

in control-centric embodiment. We explore this vision in three progressive stages, each
targeting a key capability of generalist robot control:

1. Task Representation for Generalization and Scalability. In Chapter 2, we first
study the generalizable task representation for humanoid whole-body tracking across
diverse scenarios. We propose a scalable interface for humanoid whole-body motion
tracking and an efficient learning framework. We can support various existing tele-
operation devices by learning from massive human motion datasets. We show that
the learned generalist tracking policy outperforms a specialist policy trained with
specific settings.

2. Systematic Real-to-Sim-to-Real Learning. The Sim-to-real techniques used in
prior works [49, 52, 192] have a fundamental limit which prevents humanoids from
tracking more agile motions in the real world. In Chapter 3, we aim to systematically
minimize the sim-to-real gap by learning from real-world data. Our method learns
a residual policy model to compensate the discrepency between simulation and
real-world behavior, and finally be used for fine-tuning an RL policy for better
performance. We demonstrate a successful agile jumping motion in the real-world.

3. Universal Dynamics Models for General and Agile Control. Finally we aim to
jointly tackle agile and general control for cross-embodiment. In Chapter 4, we
study the possibility of learning universal dynamics model for agile and general
control. Instead of directly working on high-dimensional humanoid robots, we first
build prototype foundation on a lower-dimension wheeled robots. The key idea is
to train a transformer-based dynamics model that generalizes across diverse vehicle
morphologies and driving tasks. With extensive data collection in diverse simulations,
robust model training, and few-shot real-world fine-tuning, our model is able to
control robots with different physics property for agile maneuver at zero-shot in
the real-world. This work lays a foundation for building universal world model for
humanoids in the future.

2



Chapter 2

General Task Representation Design for
Humanoid Whole-body Control

2.1 Introduction

Humanoid is a versatile form factor that supports a wide variety of robotic tasks and
applications, including bimanual manipulation [17, 83, 89], bipedal locomotion [87, 88, 131,
196], and agile whole-body control [7, 16, 34, 49, 50, 180, 192]. While showing impressive
results, each of these efforts uses a different formulation for whole-body control based on
the need for their specific task and scenario. Some use root velocity tracking [87, 196]
to support locomotion, some choose joint angle tracking [16, 34] to enable expressive
movements, and others use kinematic tracking of selected body keypoints [49, 50] to
support teleoperation. Although these approaches are similar in terms of the end goal of
motion tracking, they require task-specific controller interface and rewards design. This
not only makes the development process repetitive and time-consuming, but also limits
the versatility of the resultant whole-body controller. For instance, a robot performing
bipedal locomotion on uneven terrain using root velocity tracking [87, 196] would struggle
to seamlessly switch to a task requiring precise bi-manual manipulation, where joint angle
or end-effector tracking [16, 34, 89] might be necessary. These task-specific dependencies
limit versatility, as each controller is restricted to a single mode of control. In addition
to motion tracking, many pretrained manipulation policies [73, 120] require operating

3
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Figure 2.1: HOVER enables versatile humanoid control with a unified multi-mode command space.
The versatile multi-mode command space supports kinematic position tracking (blue), local joint
angle tracking (yellow), and root tracking (purple). Highlighted boxes indicate active commands
being tracked, while the masks (dashed boxes on the right) allow selective activation of different
command spaces to accommodate various tasks.

in different configuration spaces, such as joint angles and end-effector positions. This
variability highlights the need for a unified low-level humanoid controller capable of
adapting to diverse control mode configurations.

Since all these modes are applied to a shared hardware platform, a natural question
arises: Can we create a unified controller that supports all control modes, combining the

strengths of each? This is a non-trivial challenge, as each mode operates within a distinct
command space, making direct integration impractical. However, despite differences in
control interfaces, the underlying motion objectives often align: stable, human-like motion
for humanoid control.

To this end, we present HOVER, a unified neural controller for humanoid whole-body
control that supports diverse control modes as shown in Figure 2.1, including over 15 useful
modes for real-world applications to a 19-DOF humanoid robot. This versatile command
space covers most modes used in prior works [16, 34, 49, 50]. To ensure a robust foundation
of motor skills that generalize well across tasks, we train an oracle motion imitator to mimic
large-scale human motion data from MoCap [106], covering a wide variety of movements
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inputs. The distillation employs DAgger to align the student’s actions with those of the oracle,
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and control objectives. This design choice leverages the inherent adaptability and natural
efficiency of human movements, providing the policy with rich motor priors that can be
reused across multiple control modes. By grounding the training process in human-like
motion, the policy gains a deeper understanding of balance, coordination, and motion
control, which are crucial for effective whole-body humanoid behavior. Through a policy
distillation process, we transfer these motor skills from the oracle policy into a single
“generalist policy” capable of handling multiple control modes. The resulting multi-mode
policy not only supports diverse control modes but also outperforms policies trained
individually for each mode as shown in Figure 2.3. We hypothesize that this is due to the
policy leveraging shared physical knowledge across modes, such as maintaining balance,
human-like motion, and precise limb control. These shared skills enhance generalization,
leading to better performance across all modes. In contrast, single-mode policies often
overfit to specific reward structures and training environments, limiting their adaptability.
Our multi-mode generalist policy also enables seamless transitions between modes, making
it both robust and versatile.

To summarize, our contributions are threefold: 1) we present HOVER, a unified neural
controller for humanoid whole-body control supporting multiple control modes; 2) we
show that, through policy distillation, HOVER effectively shares motor skills across modes
and outperforms individually trained policies; and 3) experiments in both simulation and
on a real humanoid robot demonstrate that HOVER achieves seamless transitions between
modes and delivers superior multi-mode control compared to other baselines.
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(a) ExBody Mode (b) HumanPlus Mode
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Figure 2.3: Comparison between prior work specialists (blue) and our generalist policy (green)
under corresponding modes. The metrics used are: upper/lower joint error (rad), global/local body
position error (mm), root velocity error (m/s), and root rotation error (rad). These metrics evaluate
how accurately each policy tracks reference motions and joint configurations across different control
modes. The modes being tracked (activated) by each mode are colored blue.

2.2 Method

2.2.1 Goal-Conditioned RL for Humanoid Control

We formulate our problem as a goal-conditioned reinforcement learning (RL) task, where
the policy π is trained to track real-time human motion. The state st comprises both
the agent’s proprioception sp

t and the target goal state sg
t . The goal state sg

t provides
a unified representation of the target motion goal, which we will describe in detail in
Section 2.2.2. Using the agent’s proprioception sp

t and the goal state sg
t , we define the

reward rt = R (sp
t , s

g
t ) for policy optimization. The action at ∈ R19 represents the target

joint positions, which are fed into the PD controller to actuate the robot’s degrees of
freedom. We employ the proximal policy optimization (PPO) algorithm [142] to maximize
the cumulative discounted reward E

[∑T
t=1 γ

t−1rt

]
. This setup is framed as a command-

tracking task, where the humanoid learns to follow the target commands at each timestep.
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2.2.2 Command Space Design for Humanoid Control

In legged locomotion, root velocity [110] or position tracking [53] is a commonly employed
command space. However, focusing solely on root tracking imposes limitations on the
full capabilities of humanoid robots, especially for whole-body loco-manipulation tasks.
We observe that while prior works [16, 34, 49, 50] have introduced control modes with
varying advantages and disadvantages, each is typically tailored to specific subsets of tasks,
thus lacking the flexibility required for general-purpose humanoid control. In contrast, our
goal is to design a comprehensive control framework that accommodates a wide range of
scenarios and is adaptable to various humanoid tasks. To achieve this, the command space
must be constructed to satisfy the following key criteria:

• Generality: The command space should encompass most existing configurations,
allowing a general-purpose controller to replace task-specific controllers without
sacrificing performance or versatility. And the space should be sufficiently expressive
to interface with real-world control devices, including joysticks, keyboards, mo-
tion capture systems, exoskeletons, and virtual reality (VR) headsets as shown in
Figure 2.1.

• Atomicity: The command space should be composed of independent dimensions,
enabling arbitrary combinations of control options to support various modes.

Based on these criteria, we define a unified command space for humanoid whole-body
control. This space consists of two primary control regions—upper-body and lower-body
control—and incorporates three distinct control modes:

• Kinematic Position Tracking: target 3D positions of key rigid body points on the
robot.

• Local Joint Angle Tracking: target joint angles for each robot motor.

• Root Tracking: target root velocity, height, and orientation, specified by roll, pitch,
and yaw angles.

In our framework, as shown in Figure 2.1, a one-hot masking vector is introduced to
specify which components of the command space are activated for tracking. Recent work on
learning-based humanoid whole-body control [16, 34, 49, 50], as shown in Table 2.1 can be
viewed as subsets of our unified command space, each representing specific configurations.
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Table 2.1: Command space for priors works on whole-body humanoid control. HOVERcovers
all the command designs designed by prior works with a unified command space and supports
multi-mode control by tracking arbitrary subsets of the command elements.

Controller Multi-Mode Control
Upper-Body Command Lower-Body Command

Kinematic Position Joint Angle Kinematic Position Joint Angle Root
ExBody [16] ✗ ✗ ✓ ✗ ✗ ✓

H2O [50] ✗ ✓ ✗ ✓ ✗ ✗

OmniH2O [49] ✗ ✓ ✗ ✗ ✗ ✗

HumanPlus [34] ✗ ✗ ✓ ✗ ✓ ✓
MHC [30] ✓ ✗ ✓ ✗ ✓ ✓

HOVER (ours) ✓ ✓ ✓ ✓ ✓ ✓

2.2.3 Motion Retargeting

Recent works have shown the advantage of learning robust whole-body control for hu-
manoid robots from large motion datasets [16, 34, 49, 50]. The retargeting procedure from
human motion dataset [106] to humanoid motion dataset has three steps: Step-1: We first
compute the keypoints positions of the humanoid using forward kinematics, mapping its
joint configurations to workspace coordinates. Step-2: Next, we fit the SMPL model to
match the humanoid’s kinematics by optimizing the SMPL parameters to align with the
computed keypoints from forward kinematics. Step-3: Finally, the AMASS dataset is
retargeted by matching corresponding keypoints between the fitted SMPL model and the
humanoid with gradient descent. We follow the same motion retargeting and “sim-to-data”
procedure with [50] to convert the large-scale human motion dataset [106] to dataset Q̂ that
only contains feasible motions for humanoids.

2.2.4 Oracle Policy Training from Large-Scale Human Motions

State Space Design We train an oracle motion imitator πoracle(at|sp-oracle
t , sg-oracle

t ). The
proprioception is defined as sp-oracle

t ≜ [pt,θt, ṗt,ωt,at−1], which contains the humanoid
rigid-body position pt, orientation θt, linear velocity ṗt, angular velocity ωt, and the
previous action at−1. The goal state is defined as sg-oracle

t ≜ [θ̂t+1 ⊖ θt, p̂t+1 − pt, v̂t+1 −
vt, ω̂t+1 − ωt, θ̂t, p̂t], which contains the reference pose (θ̂t, p̂t) and one-frame difference
between the reference and current state for all rigid bodies of the humanoid. We use the
same policy network structure with [49], a three-layer MLP with layer dimensions of
[512, 256, 128].
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Table 2.2: Reward designs for the oracle policy.

Term Weight Term Weight
Penalty

Torque limits −2 DoF position limits −1.25e2

Termination −2.5e2 DoF velocity limits −5e1

Regularization
DoF acceleration −1.1e−5 DoF velocity −4e−3

Lower Action rate −3 Upper Action rate −6.25e−1

Torque −1e−4 Feet orientation −6.25e1

Feet air time 1e3 Feet contact force −7.5e−1

Stumble −1.25e3 Slippage −7.5e1

In the air −2e2 Max feet height per step −3e3

Task Reward
DoF position 3.2e1 DoF velocity 1.6e1

Body position 8e1 Body rotation 2e1

Body velocity 8 Body angular velocity 8
Root velocity 1e2 Root rotation 2e1

Reward Design and Domain Randomizations We formulate the reward rt as the sum of
three components: 1) penalty, 2) regularization, and 3) task rewards, detailed in Table 2.2.
We follow the same domain randomization in [49] to randomize the physical parameters of
the simulated environment and humanoids for successful sim-to-real transfer.

2.2.5 Multi-Mode Versatile Controller via Distillation

Proprioception For the student policy πstudent(sp-student
t , sg-student

t ) distilled from the oracle
teacher πoracle, the proprioception is defined as sp-student

t ≜ [q, q̇, ωbase, g]t−25:t ∪ [at−25:t−1],
where q is the joint position, q̇ is the joint velocity, ωbase is the base angular velocity, g is
the gravity vector, and a is the action history. Following [49], we stack these terms over the
last 25 steps to represent the student’s proprioceptive input.

Command Mask As illustrated in Figure 2.2, the task command input for the student
policy is defined using mode-based and sparsity-based masking. Specifically, the student’s
task command input, sg-student

t , is represented as

sg-student
t ≜Msparsity ⊙

[
Mmode ⊙ sg-upper

t ,Mmode ⊙ sg-lower
t

]
. The mode mask, Mmode, selects a specific task command mode for the upper and lower
body independently. For instance, the upper body may track kinematic positions, while the

9
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Table 2.3: Simulation motion imitation evaluation of HOVER and baselines on dataset Q̂. Metrics
that are tracked by different modes are highlighted in corresponding colors. Results that are
statistically significant are highlighted in bold across 5 random seeds.

Kinematic Position Joint Angle Root

Method Survive ↑ Eg-mpjpe ↓ Empjpe ↓ Eacc ↓ Evel ↓ Eupper-j ↓ Elower-j ↓ Eroot-vel ↓ Eroot-h ↓ Eroot-r ↓ Eroot-p ↓ Eroot-y ↓

Oracle policy 99.3%±0.203 119±0.442 59.4±0.234 2.63±0.008 5.43±0.024 0.153±0.001 0.206±0.001 0.456±0.002 0.066±0.001 0.065±0.001 0.083±0.001 0.282±0.002

ExBody Mode - Upper: joint angle tracking, Lower: root tracking

ExBody (Specialist) 99.1%±0.212 275±1.650 83.1±0.499 2.63±0.007 6.31±0.034 0.166±0.002 0.243±0.003 0.428±0.007 0.074±0.001 0.070±0.001 0.147±0.002 0.276±0.003

HOVER(Ours) 99.1%±0.220 185±1.110 63.9±0.384 3.01±0.009 6.06±0.033 0.148±0.002 0.210±0.004 0.452±0.006 0.063±0.001 0.068±0.001 0.091±0.001 0.279±0.002

HumanPlus Mode- Upper: joint angle tracking, Lower: joint angle tracking, root tracking

HumanPlus (Specialist) 98.4%±0.259 266±1.597 80.1±0.481 2.53±0.007 6.16±0.033 0.177±0.002 0.222±0.002 0.422±0.006 0.061±0.001 0.080±0.001 0.124±0.001 0.228±0.002

HOVER(Ours) 98.9%±0.285 182±1.093 64.5±0.387 2.85±0.008 5.91±0.032 0.145±0.001 0.211±0.002 0.455±0.007 0.067±0.001 0.069±0.001 0.104±0.001 0.237±0.002

H2O Mode - Upper: kinematic position tracking (left/right hand, left/right shoulder, left/right elbow), Lower: kinematic position tracking (left/right ankle)

H2O (Specialist) 99.2%±0.233 137±0.827 66.3±0.398 2.63±0.008 5.75±0.028 0.177±0.003 0.221±0.002 0.457±0.004 0.078±0.001 0.067±0.001 0.095±0.001 0.415±0.003

HOVER(Ours) 98.9%±0.276 121±0.726 60.6±0.361 2.73±0.008 5.49±0.028 0.158±0.002 0.207±0.002 0.456±0.005 0.065±0.001 0.067±0.001 0.086±0.001 0.365±0.003

OmniH2O Mode - Upper: kinematic position tracking (head, left/right hand), Lower: N/A

OmniH2O (Specialist) 99.0%±0.301 149±0.897 76.4±0.459 2.69±0.007 6.18±0.037 0.199±0.002 0.232±0.003 0.456±0.002 0.071±0.001 0.070±0.001 0.125±0.002 0.306±0.002

HOVER(Ours) 99.0%±0.297 128±0.768 62.5±0.368 2.69±0.008 5.65±0.032 0.162±0.002 0.213±0.002 0.457±0.004 0.065±0.001 0.068±0.001 0.089±0.001 0.310±0.002

lower body focuses on joint angle and root tracking, as shown in Figure 2.2. After the mode-
specific masking, the sparsity mask, Msparsity, is applied. For example, in some scenarios,
the upper body may track only the kinematic positions of the hands, while the lower body
tracks only the joint angles of the torso. Every bit of the mode and sparsity binary mask
is from a Bernoulli distribution B(0.5). Mode and sparsity masks are randomized at the
episode beginning and remain fixed until the episode ends

Policy Distillation We perform policy distillation using the DAgger framework [138].
For each episode, we roll out the student policy πstudent(at|sp-student

t , sg-student
t ) in simulation to

obtain trajectories of (sp-student
t , sg-student

t ). At each timestep, we also compute the correspond-
ing oracle states (sp-oracle

t , sg-oracle
t ). Using these oracle states, we query the oracle teacher

policy πoracle(ât|sp-oracle
t , sg-oracle

t ) to obtain the reference action ât. The student policy πstudent

is then updated by minimizing the loss function: L = ∥ât − at∥22, where ât is the reference
action from the oracle, and at is the action taken by the student policy.

2.3 Experiment

In this section, we present extensive experimental results in both IsaacGym [107] and the
real-world Unitree H1 [160] robot to address the following questions:
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• Q1: Can HOVER as a generalist policy outperform policies trained for a specific
command configuration?

• Q2: Can HOVER outperform other methods of training a multi-mode humanoid
controller?

• Q3: Can HOVER transfer to real-world hardware and execute versatile multi-mode
control?

Experiment Setup To answer these questions, we evaluate HOVER on motion tracking
in both simulation (Section 2.3.1 and Section 2.3.2) and real-world settings (Section 2.3.3).
In simulation, we evaluate using the retargeted AMASS dataset Q̂. In the real world,
we test 20 standing motion sequences focusing on quantitative tracking and locomotion
tasks for qualitative multi-mode control. Our real robot employs a 19-DOF Unitree H1
platform [160] with a total mass of around 51.5kg and a height of around 1.8m.

Baselines To address Q1 and Q3, we compare HOVER with several specialists. As shown
in Table 2.1, ExBody [16] focuses on tracking upper body joint angles and root velocity,
HumanPlus [34] tracks whole-body joints and root velocity, H2O [50] tracks the kinematic
positions of eight keypoints (shoulders, elbows, hands, ankles), and OmniH2O [49] tracks
the kinematic positions of the head and both hands. We also compare other useful tracking
modes (e.g., left-hand mode, right-hand mode, two-hand mode, head mode). For each
control mode, we provide only the relevant observation input to the controller and train the
specialist baseline with RL. For instance, in left-hand-only mode, only reference motion of
the left hand is provided. To address Q2, we compare with another multi-mode RL policy,
which follows the same masking process on the goal commands, but trains the baseline
with RL objective from scratch. During the multi-mode RL baseline training, mode and
sparsity are randomized at the beginning of each episode and remain fixed until the episode
ends, which is the same as the randomized masking process during distillation.

Metrics We report survival rate, where the episode terminates if the humanoid hits the
ground, not by feet. We calculate tracking error in terms of kinematic pose, joint angles,
and root twist and rotations. The mean values of the metrics are computed across all motion
sequences from dataset Q̂. We evaluate policy’s ability to imitate the reference motion
by compare the tracking error of the global body position Eg−mpjpe (mm), the root-relative
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mean per-joint (MPJPE) Empjpe (mm), joint tracking error Ej (rad), root velocity Eroot-vel

(m/s), and root orientation tracking error Eroot-rpy (rad). To show physical realism, we report
average joint acceleration Eacc (mm/frame2), and velocity Evel (mm/frame) error. To better
show the correspondence between control modes and metrics, we highlight the metrics
that are actively tracked by each mode with corresponding colors in Table 2.3, Table 2.4
and Table 2.5. For instance, in Table 2.3, upper joint and root metrics are colored with
corresponding mode for ExBody mode.

2.3.1 Comparison with Specialists

Comparison with Specialists of Prior Work’s Control Mode To address Q1 (Can

HOVER as a generalist policy outperform policies trained for a specific command con-

figuration?), we compare the performance of the same HOVER policy across different
control modes against the corresponding specialist policies. For example, the performance
of HOVER under ExBody mode is evaluated with a fixed mask to match ExBody mode
across the entire dataset Q̂. As shown in Table 2.3 and Figure 2.3, HOVER consistently
demonstrates superior generalization. In every command mode, HOVER outperforms prior
work specialist controllers in at least 7 out of the 12 metrics, as highlighted by the bold
values in Table 2.3. This consistent advantage across various control modes underscores
the versatility of HOVER. Furthermore, this means that even when focusing on a single
control mode without considering multi-mode versatility, distilling from an oracle policy
still surpasses RL-trained specialists.

Comparison with Other Specialists of Other Useful Control Mode In addition to the
aforementioned baselines, we also evaluate four additional modes: left-hand mode, right-
hand mode, two-hand mode, and head mode. We train four RL specialists to track these
modes individually. The results in Table 2.4 show that HOVER consistently outperforms
specialists in terms of tracking metrics that are trained for specific command configurations.

2.3.2 Comparison with Other Generalist Training Methods.

To address Q2 (does HOVER outperform other methods of training a multi-mode humanoid

controller?), we compare HOVER with a multi-mode RL baseline that follows the same
masking process on the commands but trains with RL objective from scratch. In Figure 2.4,
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Table 2.4: Comparison between HOVERand specialists. We only report tracking metrics that are
tracked by this mode.

Method Eg-mpjpe-mode ↓ Empjpe-mode ↓ Eacc-mode ↓ Evel-mode ↓

Left Hand Mode - Upper: kinematic position tracking (left hand), Lower: N/A

Specialist 189±1.526 147±1.324 5.82±0.029 11.2±0.089

HOVER(Ours) 138±1.025 151±0.934 5.45±0.031 10.3±0.104

Right Hand Mode - Upper: kinematic position tracking (right hand), Lower: N/A

Specialist 220±1.345 216±1.451 6.77±0.051 12.5±0.152

HOVER(Ours) 128±0.774 141±0.821 5.83±0.049 10.8±0.129

2 Hands Mode - Upper: kinematic position tracking (left-right hands), Lower: N/A

Specialist 137±0.998 145±1.010 5.72±0.037 11.2±0.004

HOVER(Ours) 120±0.901 119±0.827 5.60±0.045 10.1±0.134

Head Mode - Upper: kinematic position tracking (robot head), Lower: N/A

Specialist 186±1.149 104±0.814 2.22±0.008 6.63±0.065

HOVER(Ours) 133±0.849 80.0±0.711 2.31±0.011 6.40±0.029

we assess tracking error across four metrics: root orientation, upper joint angle, and local
and global body positions, measured in eight different modes. We scale the tracking error via
Emax−E(.)

Emax−Emin for visualization, where larger radar webs indicate better tracking performance.
The results show that HOVER achieves consistently lower tracking error across 32/32
metrics and modes. This performance boost underscores the importance of distilling from
an oracle policy that tracks full-body kinematics for learning a generalist whole-body
controller.

2.3.3 Real-World Evaluation

To address Q3 (does HOVER transfer to real-world hardware and execute versatile multi-

mode control?), we conduct quantitative tracking experiments and locomotion tests for
qualitative multi-mode control.

Standing Motion Evaluations We evaluate HOVER’s performance in the real world
by tracking 20 different standing motions in Q̂. Among these, two motions are visually
illustrated in Figure 2.5 (left). The quantitative metrics presented in Table 2.5 demonstrate
HOVER outperforms specialist policies in 11 out of 12 metrics. Moreover, we demonstrate
successful tracking of root pitch motion, as shown in the middle of Figure 2.5, and full-body

13



2. General Task Representation Design for Humanoid Whole-body Control

(a) Root RPY 

(d) Global Body Position(c) Local Body Position

Head 
only 

ExBody

Left hand 
only

OmniH2O

Human
Plus 

Right hand
only

Two 
hands

H2O

Head 
only 

ExBody

Left hand 
only

OmniH2O

Human
Plus 

Right hand
only

Two 
hands

H2O

Head 
only 

ExBody

Left hand 
only

OmniH2O

Human
Plus 

Right hand
only

Two 
hands

H2O

Head 
only 

ExBody

Left hand 
only

OmniH2O

Human
Plus 

Right hand
only

Two 
hands

H2O

HOVER (ours)
Multi-Mode RL 

(b) Upper Joint

0.14
0.22

0.17

0.150.15

0.300.40

0.34
0.43

0.16

0.22

0.35

0.40
0.14

0.14 0.15
0.16

0.25

0.29

0.16

0.2

0.25

0.29
0.17

0.23

0.15

0.16

0.16

0.18

0.34
0.33

60.6

69.13
63.9

79.79

76.3100

100
120

62.5

80.4

104

121
64.5

79.0

108104

128

198
191

374
156

295

185
220

121

138
171

249

204

350

182
211

0.21

Figure 2.4: We assess the tracking accuracy of two multi-mode control policies—HOVER (green)
and Multi-Mode RL (purple)—across eight distinct humanoid control modes. The comparison is
visualized across four key performance metrics in the radar charts.
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Table 2.5: Real-world tracking evaluation on 20 standing motions between prior works specialists
and our method. Results that are statistically significant are highlighted in bold across 5 tests.

Method Eg-mpjpe ↓ Empjpe ↓ Eupper-j ↓ Eroot-rpy ↓

ExBody Mode

ExBody (Specialist) 51.3 ±0.279 39.3 ±0.214 0.131 ±0.001 0.036 ±0.001

HOVER(Ours) 48.9 ±0.470 36.8 ±0.201 0.126 ±0.001 0.032 ±0.001

HumanPlus Mode

Specialist 51.0 ±0.275 36.7 ±0.202 0.128 ±0.001 0.035 ±0.001

HOVER(Ours) 47.4 ±0.359 35.3 ±0.194 0.121 ±0.001 0.038 ±0.001

OmniH2O Mode

Specialist 51.2 ±0.497 42.1 ±0.233 0.153 ±0.002 0.040 ±0.001

HOVER(Ours) 47.5 ±0.261 41.0 ±0.227 0.145 ±0.001 0.037 ±0.001

Upper-Body Joint Mode Root Pitch Mode Full-Body Kinematics Mode

Figure 2.5: Real-World Evaluations on different control modes.

kinematic tracking, as shown on the right of Figure 2.5, where the robot is capable of
tracking highly dynamic running motions.

Multi-Mode Evaluations We also evaluate HOVER’s generalization to locomotion
in Figure 2.6, where we abruptly switch command modes during operation to simulate
real-life scenarios. HOVER successfully transitions from ExBody mode to H2O mode
during forward walking in Figure 2.6(a), and from HumanPlus mode to OmniH2O mode
while performing turning and backward walking, in Figure 2.6(b). Additionally, we conduct
a real-test teleoperation demo with Vision Pro, randomly masking out the positions of the
head and hands. For example, in the middle of Figure 2.6(c), the humanoid tracks only the
human’s head position, ignoring the waving hands in head mode. The results demonstrate
that HOVER can smoothly track motions across different modes, showcasing its robustness
for real-world scenarios (e.g., when there are occlusions in the reference motions).
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2.4 Related Work

Humanoid Whole-Body Controller Performing whole-body control on humanoid hard-
ware is a long-standing challenge in robotics due to the complex structure of humanoid
robots. Before the rise in popularity of learning-based controllers, classical humanoid
controllers [10, 22, 24, 38, 61, 76, 117, 129, 140, 143] often use a hierarchical model-based
optimization to solve for the low-level torque or position commands sent to hardware
motors, where actuator-level dynamics on single joints are abstracted to multi-joint [129]
or whole-body [140] controllers. Learning-based controllers follow the same design pattern
in spirit, where high-level inputs are translated into low-level motor commands via neural
networks. The design of controller abstraction and task specification varies by user needs
and applications [25, 45, 175]. Recent works on learning-based humanoid whole-body
control [16, 34, 49, 50, 144] generally have three design patterns for humanoid whole-body
controller: kinematic motion tracking [49, 50, 144], local joint angle tracking [17, 34], and
root velocity tracking [87, 196]. Kinematic motion tracking means tracking the full-body
kinematic motion for each rigid body of the humanoid, and is heavily inspired by the
motion imitation in the graphics community [19, 101, 121, 174]. Local joint angle tracking
tracks the local joint angles of the humanoid, which can be considered a specialized case of
kinematic motion imitation where global position information is discarded. Root velocity
tracking only serves for locomotion ability, and is used for navigation and terrain traversal
of humanoids [87, 196]. One can also combine different control modes for upper and lower
body: for instance, the upper body can be controlled with local joint angle tracking and the
lower body with velocity tracking [16]. Even within the same kinematic tracking pattern,
the sparsity design varies depending on the selected keypoints [49, 50]. So far, each of
these control modes is independently developed and are not compatible with each other. In
this chapter, we aim to unify all of these control modes.

Unified Neural Whole-Body Controller for Humanoid MHC [30, 149] learns multi-
mode humanoid controller using RL from retargeted motion, but does not support arbitrary
subset of chosen modes and is limited to local joint angles and root tracking. In computer
graphics, MaskedMimic [156] enables multi-mode control with flexible kinematic tracking
constraint by distillation. Other graphics works leverage reusable motion latent space for
downstream flexible control modes [100, 126, 155? ]. However, additional policies need to
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2. General Task Representation Design for Humanoid Whole-body Control

Figure 2.6: HOVER shows robustness under control mode switches during locomotion and real-time
teleoperation tests.

be trained. In this chapter, we aim to learn a unified control policy that can be directly used
to control real humanoids using different control modes.

2.5 Conclusion

In this chapter, we introduced HOVER, a unified neural controller for humanoid whole-body
control that supports diverse control modes. Through the use of a kinematic motion imitator
and policy distillation, HOVER consolidates motor skills across multiple control modes
into a unified policy that outperforms specialized controllers. Our evaluations collectively
illustrate HOVER’s ability to handle diverse real-world control modes, offering and superior
performance compared to specialist policies. Future work will explore further developing
an automated mode-switching module for real-world applications.
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Chapter 3

Aligning Simulation and Real-world for
Agility

3.1 Introduction

For decades, we have envisioned humanoid robots achieving or even surpassing human-level
agility. However, most prior work [39, 86, 87, 94, 130, 131, 173, 196] has primarily focused
on locomotion, treating the legs as a means of mobility. Recent studies [16, 49, 50, 52, 65]
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 mismatch between
simulated dynamics and real-world physics.

Three main approaches have emerged to bridge the dynamics mismatch: System Iden-
tification (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 [39, 187]. However,
these methods require a pre-defined parameter space [93], 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 [59], which are unavailable
on many widely used hardware platforms, limiting its practical applicability. DR methods,
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3. Aligning Simulation and Real-world for Agility

(b) SMPL Motion 
from TRAM

(c) SMPL Motion
 from RL

(d) G1 Motion 
from Retargeting

(a) Human Motion 
From Video

(e) G1 Motion 
from RL

Figure 3.1: Retargeting Human Video Motions to Robot Motions: (a) Human motions are captured
from video. (b) Using TRAM [169], 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.

in contrast, first train control policies in simulation before deploying them on real-world
hardwares [108, 139, 154]. To mitigate the dynamics mismatch between simulation and
real-world physics, DR methods rely on randomizing simulation parameters [123, 158]; but
this can lead to overly conservative policies [50], 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 [146] and ground vehicles [178], its
effectiveness for humanoid robots remains unexplored.

To this end, we propose ASAP, a two-stage framework that aligns the dynamics mis-
match 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 [50], and a phase-conditioned motion tracking policy [122] 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 proprioceptive states and positions recorded
by the motion capture 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
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3. Aligning Simulation and Real-world for Agility

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 [136]. 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 dynamics 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.

3.2 Related Works

3.2.1 Learning-based Methods for Humanoid Control

In recent years, learning-based methods have made significant progress in whole-body
control for humanoid robots. Primarily leveraging reinforcement learning algorithms [142]
within physics simulators [107, 113, 159], humanoid robots have learned a wide range of
skills, including robust locomotion [39, 84, 85, 87, 88, 130, 131, 179, 193], jumping [86],
and parkour [94, 196]. More advanced capabilities, such as dancing [16, 65, 192], loco-
manipulation [34, 49, 50, 97], and even backflipping [137], have also been demonstrated.
Meanwhile, the humanoid character animation community has achieved highly expressive
and agile whole-body motions in physics-based simulations [99, 127, 157], including
cartwheels [122], backflips [124], sports movements [102, 164, 167, 168, 189], and smooth
object interactions [36, 44, 157]. However, transferring these highly dynamic and agile
skills to real-world humanoid robots remains challenging due to the dynamics mismatch
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between simulation and real-world physics. To address this challenge, our work focuses
on learning and compensating for this dynamics mismatch, enabling humanoid robots to
perform expressive and agile whole-body skills in the real world.

3.2.2 Offline and Online System Identification for Robotics

The dynamics mismatch between simulators and real-world physics can be attributed to two
primary factors: inaccuracies in the robot model descriptions and the presence of complex
real-world dynamics that are difficult for physics-based simulators to capture. Traditional
approaches address these issues using system identification (SysID) methods [5, 75], which
calibrate the robot model or simulator based on real-world performance. These methods can
be broadly categorized into offline SysID and online SysID, depending on whether system
identification occurs at test time. Offline SysID methods typically collect real-world data and
adjust simulation parameters to train policies in more accurate dynamics. The calibration
process may focus on modeling actuator dynamics [59, 154, 183], refining robot dynamics
models [2, 37, 43, 63, 70], explicitly identifying critical simulation parameters [14, 29, 176,
187], learning a distribution over simulation parameters [4, 54, 133], or optimizing system
parameters to maximize policy performance [115, 135]. Online SysID methods, in contrast,
aim to learn a representation of the robot’s state or environment properties, enabling
real-time adaptation to different conditions. These representations can be learned using
optimization-based approaches [81, 125, 186, 188], regression-based methods [33, 39, 64,
77, 79, 80, 109, 110, 112, 128, 162, 185], next-state reconstruction techniques [95, 98, 116,
148, 170], direct reward maximization [87], or by leveraging tracking and prediction errors
for online adaptation [35, 57, 103, 118]. Our framework takes a different approach from
traditional SysID methods by learning a residual action model that directly compensates
for dynamics mismatch through corrective actions, rather than explicitly estimating system
parameters.

3.2.3 Residual Learning for Robotics

Learning a residual component alongside learned or pre-defined base models has been
widely used in robotics. Prior work has explored residual policy models that refine the
actions of an initial controller [1, 3, 13, 26, 41, 66, 67, 80, 150]. Other approaches leverage
residual components to correct inaccuracies in dynamics models [46, 69, 74, 118, 147] or
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Figure 3.2: 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 st and real-world state srt . (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 model residual trajectories resulting from residual actions [20] for achieving precise and
agile motions. RGAT [69] uses a residual action model with a learned forward dynamics to
refine the simulator. Our framework builds on this idea by using RL-based residual actions
to align the dynamics mismatch between simulation and real-world physics, enabling agile
whole-body humanoid skills.

3.3 Pre-training: Learning Agile Humanoid Skills

3.3.1 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 3.1 and Figure 3.2 (a).
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Transforming Human Video to SMPL Motions We begin by recording videos (see
Figure 3.1 (a) and Figure 3.11) of humans performing expressive and agile motions. Using
TRAM [169], we reconstruct 3D motions from videos. TRAM estimates the global
trajectory of the human motions in SMPL parameter format [96], which includes global
root translation, orientation, body poses, and shape parameters, as shown in Figure 3.1 (b).
The resulting motions are denoted as DSMPL.

Simulation-based Data Cleaning Since the reconstruction process can introduce noise
and errors [50], 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 [157], a physics-based motion
tracker, to imitate the SMPL motions from TRAM in IsaacGym simulator [107]. The
motions (Figure 3.1 (c)) that pass this simulation-based validation are saved as the cleaned
dataset DCleaned

SMPL .

Retargeting SMPL Motions to Robot Motions With the cleaned dataset DCleaned
SMPL in

SMPL format, we retarget the motions into robot motions following the shape-and-motion
two-stage retargeting process [50]. Since the SMPL parameters estimated by TRAM repre-
sent various human body shapes, we first optimize the shape parameter β′ to approximate a
humanoid shape. By selecting 12 body links with correspondences between humans and
humanoids, we perform gradient descent on β′ to minimize joint distances in the rest pose.
Using the optimized shape β′ along with the original translation p and pose θ, 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 DCleaned

Robot , as
shown in Figure 3.1 (d).

3.3.2 Phase-based Motion Tracking Policy Training

We formulate the motion-tracking problem as a goal-conditioned reinforcement learning
(RL) task, where the policy π is trained to track the retargeted robot movement trajectories
in the dataset DCleaned

Robot . Inspired by [122], the state st includes the robot’s proprioception spt
and a time phase variable ϕ ∈ [0, 1], where ϕ = 0 represents the start of a motion and ϕ = 1

represents the end. This time phase variable alone ϕ is proven to be sufficient to serve
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as the goal state sgt for single-motion tracking [122]. The proprioception spt is defined as
spt ≜

[
qt−4:t, q̇t−4:t,ω

root
t−4:t, gt−4:t,at−5:t−1

]
, with 5-step history of joint position qt ∈ R23,

joint velocity q̇t ∈ R23, root angular velocity ωroot
t ∈ R3, root projected gravity gt ∈ R3,

and last action at−1 ∈ R23. Using the agent’s proprioception spt and the goal state sgt , we
define the reward as rt = R (spt , s

g
t ), which is used for policy optimization. The specific

reward terms can be found in Table 3.1. The action at ∈ R23 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) [142], aiming to
maximize the cumulative discounted reward E

[∑T
t=1 γ

t−1rt

]
. We identify several design

choices that are crucial for achieving stable policy training:

Asymmetric Actor-Critic Training Real-world humanoid control is inherently a partially
observable Markov decision process (POMDP), where certain task-relevant properties that
are readily available in simulation become unobservable in real-world scenarios. However,
these missing properties can significantly facilitate policy training in simulation. 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 [49, 50].

Termination Curriculum of Tracking Tolerance Training a policy to track agile motions
in simulation is challenging, 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 progressively 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
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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.

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 [122]. 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.

Reward Terms We define the reward function rt with the sum of three terms: 1) penalty,
2) regularization, and 3) task rewards. A detailed summary of these components is provided
in Table 3.1.

Domain Randomizations To improve the robustness of the pre-trained policy in Fig-
ure 3.2 (a), we utilized basic domain randomization techniques listed in Table 3.2.

3.4 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 Figure 3.2 (b)
and (c), we leverage real-world data rolled out by the pre-trained policy to train a delta
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Table 3.1: 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 −1× 10−6 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 Body velocity 0.5
DoF position 0.75 DoF velocity 0.5

action model, followed by policy refinement through dynamics compensation using this
learned delta action model.

3.4.1 Data Collection

We deploy the pretrained policy in the real world to perform whole-body motion tracking
tasks (as depicted in Figure 3.8) and record the resulting trajectories, denoted as Dr =

{sr
0, a

r
0, . . . , s

r
T , a

r
T}, as illustrated in Figure 3.2 (a). At each timestep t, we use a motion

capture device and onboard sensors to record the state: st = [pbase
t , vbase

t , αbase
t , ωbase

t , qt, q̇t],

where pbase
t ∈ R3 represents the robot base 3D position, vbase

t ∈ R3 is base linear velocity,
αbase
t ∈ R4 is the robot base orientation represented as a quaternion, ωbase

t ∈ R3 is the base
angular velocity, qt ∈ R23 is the vector of joint positions, and q̇t ∈ R23 represents joint
velocities.

3.4.2 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
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Table 3.2: Domain Randomizations

Term Value

Dynamics Randomization

Friction U(0.2, 1.1)
P Gain U(0.925, 1.05)× default

Control delay U(20, 40)ms

External Perturbation

Push robot interval = 10s, vxy = 0.5 m/s
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Figure 3.3: Baselines of ASAP. (a) Model-free RL training. (b) System ID from real to sim using
real-world data. (c) Learning delta dynamics model using real-world data. (d) Our proposed method,
learning delta action model using real-world data.

trajectories. This discrepancy is a valuable learning signal for learning the mismatch
between simulation and real-world physics. We leverage an RL-based delta/residual action
model to compensate for the sim-to-real physics gap.

As illustrated in Figure 3.2 (b), the delta action model is defined as ∆at = π∆
θ (st, at),

where the policy π∆
θ learns to output corrective actions based on the current state st and the

action at. These corrective actions (∆at) are added to the real-world recorded actions (art )
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: st+1 = f sim(st, a

r
t + ∆at) where f sim represents the simulator’s

dynamics, art is the reference action recorded from real-world rollouts, and ∆at introduces
corrections learned by the delta action model.

During each RL step:

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

2. A reward signal is computed to minimize the discrepancy between the simulated
state st+1 and the recorded real-world state srt+1, with an additional action magnitude
regularization term exp(−∥at∥) − 1), as specified in Table 3.3. The workflow is
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Table 3.3: 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 rotation 0.5

Body angular velocity 0.5 Body velocity 0.5
DoF position 0.5 DoF velocity 0.5

illustrated in Figure 3.2 (b).

3. PPO is used to train the delta action policy π∆
θ , learning corrected ∆at to match

simulation and the real world.

By learning the delta action model, the simulator can accurately 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 π∆

θ 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.

3.4.3 Fine-tuning Motion Tracking Policy under New Dynamics

With the learned delta action model π∆(st, at), we can reconstruct the simulation environ-
ment with

st+1 = fASAP(st, at) = f sim(st, at + π∆(st, at)),

As shown in Figure 3.2 (c), we keep the π∆ model parameters frozen, and fine-tune the
pretrained policy with the same reward summarized in Table 3.1.
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Figure 3.4: Replaying IsaacSim State-Action trajecories in IsaacGym. The upper four panels
visualize the Unitree G1 humanoid executing a soccer-shooting motion under four distinct open-loop
actions. Corresponding metric curves (bottom) quantify tracking performance. Importantly, our
delta action model (ASAP) is trained across multiple motions and is not overfitted to this specific
example.

3.4.4 Policy Deployment

Finally, we deploy the fine-tuned policy without delta action model in the real world
as shown in Figure 3.2 (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 3.5.

3.5 Performance Evaluation of ASAP

In this section, we present extensive experimental results on three policy transfers: Isaac-
Gym [107] to IsaacSim [113], IsaacGym to Genesis [6], and IsaacGym to real-world
Unitree G1 humanoid robot. Our experiments aim to address the following key questions:

• Q1: Can ASAP outperform other baseline methods to compensate for the dynamics
mismatch?
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• Q2: Can ASAP finetune policy to outperform SysID and Delta Dynamics methods?

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

Experiments Setup. To address these questions, we evaluate ASAP on motion track-
ing tasks in both simulation (Section 3.5.1 and Section 3.5.2) and real-world settings
(Section 3.5.3).

In the simulation, we use the retargeted motion dataset from the videos we shoot,
denoted as DCleaned

Robot , which contains diverse human motion sequences. We select 43 motions
categorized into three difficulty levels: easy, medium, and hard (as partially visualized
in Figure 3.5), based on motion 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
capture a broad range of motor capabilities and demonstrate the sim-to-real capability for
agile whole-body control.

Baselines. We have the following baselines:

Oracle: This baseline is trained and evaluated entirely within IsaacGym. It assumes
perfect alignment between the training and testing environments, serving as an upper bound
for performance in simulation.

Vanilla (Figure 3.3 a): The RL policy is trained in IsaacGym and evaluated in
IsaacSim, Genesis, or the real world.

SysID (Figure 3.3 b): We identify the following representative parameters in our
simulated model that best align the ones in the real world: base center of mass (CoM)
shift (cx, cy, cz), base link mass offset ratio km and low-level PD gain ratios (kip, k

i
d) where

i = 1, 2, ..., 23. Specifically, we search the best parameters among certain discrete ranges by
replaying the recorded trajectories in real with different simulation parameters summarized
in Table 3.4. We then finetune the pre-trained policy in IsaacGym with the best SysID
parameters.

DeltaDynamics (Figure 3.3 c): We train a residual dynamics model f∆
θ (st, at) to

capture the discrepancy between simulated and real-world physics.
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Table 3.4: SysID Parameters

Parameter Range Parameter Range

cx [−0.02, 0.0, 0.02] cy [−0.02, 0.0, 0.02]
cz [−0.02, 0.0, 0.02] km [0.95, 1.0, 1.05]
kip [0.95, 1.0, 1.05] kid [0.95, 1.0, 1.05]

Table 3.5: Open-loop performance comparison across simulators and motion lengths.

Simulator & Length IsaacSim Genesis
Length Method Eg-mpjpe Empjpe Eacc Evel Eg-mpjpe Empjpe Eacc Evel

0.25s
OpenLoop 19.5 15.1 6.44 5.80 19.8 15.3 6.53 5.88
SysID 19.4 15.0 6.43 5.74 19.3 15.0 6.42 5.73
DeltaDynamics 24.4 13.6 9.43 7.85 20.0 12.4 8.42 6.89
ASAP 19.9 15.6 6.48 5.86 19.0 14.9 6.19 5.59

0.5s
OpenLoop 33.3 23.2 6.80 6.84 33.1 23.0 6.78 6.82
SysID 32.1 22.2 6.57 6.56 32.2 22.3 6.57 6.57
DeltaDynamics 36.5 16.4 8.89 7.98 27.8 14.0 7.63 6.74
ASAP 26.8 19.2 5.09 5.36 25.9 18.4 4.93 5.19

1.0s
OpenLoop 80.8 43.5 10.6 11.1 82.5 44.5 10.8 11.4
SysID 77.6 41.5 10.2 10.7 76.5 41.6 10.0 10.5
DeltaDynamics 68.1 21.5 9.61 9.14 50.2 17.2 8.19 7.62
ASAP 37.9 22.9 4.38 5.26 36.9 22.6 4.23 5.10

Metrics. We report success rate, deeming imitation unsuccessful when, at any point
during imitation, the average difference in body distance is on average further than 0.5m.
We evaluate policy’s ability to imitate the reference motion by comparing the tracking error
of the global body position Eg-mpjpe (mm), the root-relative mean per-joint (MPJPE) Empjpe

(mm), acceleration error Eacc (mm/frame2), and root velocity Evel (mm/frame). The mean
values of the metrics are computed across all motion sequences used.

3.5.1 Comparison of Dynamics Matching Capability

To address Q1 (Can ASAP outperform other baseline methods to compensate for the dy-

namics mismatch?), we establish sim-to-sim transfer benchmarks to assess the effectiveness
of different methods in bridging the dynamics gap. IsaacGym serves as the training en-

vironment, while IsaacSim and Genesis function as testing environments. The primary
objective is to evaluate the generalization capability of each approach when exposed to
new dynamics conditions. Open-loop evaluation measures how accurately a method can
reproduce testing-environment trajectories in the training environment. This is achieved by
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Table 3.6: Closed-loop motion imitation evaluation across different simulators. All variants are
trained with identical rewards.

Test Environment IsaacSim Genesis
Level Method Succ ↑ Eg-mpjpe ↓ Empjpe ↓ Eacc ↓ Evel ↓ Succ ↑ Eg-mpjpe ↓ Empjpe ↓ Eacc ↓ Evel ↓

Oracle (IsaacGym → IsaacGym) 100%±0.000% 97.5±0.605 43.2±0.112 2.56±0.024 4.48±0.023 100%±0.000% 97.5±0.605 43.2±0.112 2.56±0.024 4.48±0.023

Vanilla (IsaacGym → TestEnv) 100%±0.000% 107 ±0.578 45.4±0.169 2.83±0.012 4.59±0.021 100%±0.000% 140±1.85 70.1±0.626 2.68±0.042 4.65±0.046

Easy SysID 100%±0.000% 105 ±1.35 47.8±0.970 3.09±0.011 4.98±0.020 100%±0.000% 127±0.233 79.9±0.330 2.99±0.035 4.95±0.012

DeltaDynamics 100%±0.000% 127±2.97 56.7±0.390 3.50±0.028 5.56±0.031 83.3%±0.000% 168±7.62 87.0±1.51 3.08±0.18 5.39±0.34

ASAP 100%±0.000% 106 ±0.498 44.3 ±0.103 2.74 ±0.025 4.46 ±0.020 100%±0.000% 125±4.75 73.5±0.570 2.10±0.083 4.11±0.133

Oracle (IsaacGym → IsaacGym) 100%±0.000% 111±0.635 48.8±0.133 2.63±0.017 4.82±0.019 100%±0.000% 111±0.635 48.8±0.133 2.63±0.017 4.82±0.019

Vanilla (IsaacGym → TestEnv) 100%±0.000% 114±0.720 49.2±0.104 2.92±0.021 5.07±0.016 94.3%±7.00% 169±5.76 72.0±0.692 3.26±0.076 5.86±0.101

Medium SysID 100%±0.000% 115±1.256 49.1±0.560 3.43±0.021 5.01±0.017 100%±0.000% 138±2.70 75.4±1.18 3.14±0.042 5.50±0.058

DeltaDynamics 83.3%±0.000% 151±2.62 68.0±0.364 2.90±0.047 5.90±0.107 83.3%±0.000% 190±1.46 89.4±0.50 3.44±0.16 7.49±0.11

ASAP 100%±0.000% 112 ±1.648 49.3 ±0.574 2.53 ±0.019 4.45 ±0.026 100%±0.000% 126±1.63 71.2±0.163 2.81±0.037 5.13±0.066

Oracle (IsaacGym → IsaacGym) 100%±0.000% 116±0.711 52.5±0.298 3.40±0.027 6.16 ±0.028 100%±0.000% 116±0.711 52.5±0.298 3.40±0.027 6.16 ±0.028

Vanilla (IsaacGym → TestEnv) 100%±0.000% 148±0.845 51.6±0.137 4.41±0.055 6.88±0.064 82.9%±5.70% 175±9.77 80.7±1.69 3.87±0.175 7.19±0.199

Hard SysID 100%±0.000% 165±3.83 58.4±0.229 4.87±0.197 7.13±0.131 100%±0.000% 186±3.84 93.0±1.49 4.98±0.245 8.98±0.119

DeltaDynamics 66.7%±0.000% 137±2.59 60.2±0.477 4.20±0.041 7.10±0.024 60.0%±5.70% 190±14.0 89.6±9.34 4.29±1.16 8.70±2.33

ASAP 100%±0.000% 129 ±1.57 56.5 ±1.15 3.72 ±0.036 6.52 ±0.042 100%±0.000% 129±2.31 77.0±1.07 2.69±0.040 5.65±0.073

Figure 3.5: Visual comparisons of motion imitation results across different difficulty levels (Easy,
Medium, Hard) for various tasks including Jump Forward, Side Jump, Single Foot Balance, Squat,
Step Backward, Step Forward, and Walk.

rolling out the same trajectory executed in the testing environment and assessing tracking
discrepancies using key metrics such as MPJPE. An ideal method should minimize the
discrepancies between training and testing trajectories when replaying testing-environment
actions, thereby demonstrating an improved capacity for compensating dynamics mismatch.
Quantitative results in Table 3.5 demonstrate that ASAP consistently outperforms the
OpenLoop baseline across all replayed motion lengths, achieving lower Eg-mpjpe and Empjpe

values, which indicate improved alignment with testing-env trajectories. While SysID
helps address short-horizon dynamics gaps, it struggles with long-horizon scenarios due
to cumulative error buildup. DeltaDynamics improves upon both SysID and OpenLoop
for long horizons but suffers from overfitting, as evidenced by cascading errors magnified
over time, as shown in Figure 3.4. ASAP, however, demonstrates superior generalization
by learning residual policies that effectively bridge the dynamics gap. Comparable trends
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(a) IsaacGym -> IsaacSim

(b) IsaacGym -> Genesis

Figure 3.6: Visualization of G1 motion tracking before and after ASAP fine-tuning in IsaacGym,
IsaacSim and Genesis. Top: LeBron James’ ”Silencer” motion tracking policy fine-tuning for
IsaacGym to IsaacSim. Bottom: single foot balance motion tracking policy fine-tuning for IsaacGym
to Genesis.

are observed in the Genesis simulator, where ASAP achieves notable improvements across
all metrics relative to the baseline. These results emphasize the efficacy of learning delta
action model to reduce the physics gap and improve open-loop replay performance.

3.5.2 Comparison of Policy Fine-Tuning Performance

To address Q2 (Can ASAP finetune policy to outperform SysID and Delta Dynamics

methods?), we evaluate the effectiveness of different methods in fine-tuning RL policies for
improved testing-environment performance. We fine-tune RL policies in modified training
environments and subsequently deploy them in the testing environments, quantifying
motion-tracking errors in testing environments. As shown in Table 3.6, ASAP consistently
outperforms baselines such as Vanilla, SysID, and DeltaDynamics across all difficulty
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levels (Easy, Medium, and Hard) in both simulators (IsaacSim and Genesis). For the Easy
level, our method achieves the lowest Eg-mpjpe and Empjpe in IsaacSim (Eg-mpjpe = 106 and
Empjpe = 44.3) and Genesis (Eg-mpjpe = 125 and Empjpe = 73.5), with minimal acceleration
(Eacc) and velocity (Evel) errors. In more challenging tasks, such as the Hard level, our
method continues to excel, significantly reducing motion-tracking errors. For instance,
in Genesis, it achieves Eg-mpjpe = 129 and Empjpe = 77.0, outperforming SysID and
DeltaDynamics by substantial margins. Additionally, our method consistently maintains a
100% success rate across both simulators, unlike DeltaDynamics, which experiences lower
success rates in harder environments. To further illustrate the advantages of ASAP, we
provide per-step visualizations in Figure 3.6, comparing ASAP with RL policies deployed
without fine-tuning. These visualizations demonstrate that ASAP successfully adapts
to new dynamics and maintains stable tracking performance, whereas baseline methods
accumulate errors over time, leading to degraded tracking capability. These results highlight
the robustness and adaptability of our approach in addressing the sim-to-real gap while
preventing overfitting and exploitation. The findings validate that ASAP is an effective
paradigm for improving closed-loop performance and ensuring reliable deployment in
complex real-world scenarios.

3.5.3 Real-World Evaluations

To answer Q3 (Does ASAP work for sim-to-real transfer?). We validate ASAP on real-world
Unitree G1 robot.

Real-World Data. In the real-world experiments, we prioritize both motion safety
and representativeness by selecting five motion-tracking tasks, including (i) kick, (ii) jump

forward, (iii) step forward and back, (iv) single foot balance and (v) single foot jump.
However, collecting over 400 real-world motion clips— the minimum required to train
the full 23-DoF delta action model in simulation, as discussed inSection 3.4.2—poses
significant challenges. Our experiments involve highly dynamic motions that cause rapid
overheating of joint motors, leading to hardware failures (two Unitree G1 robots broke
during data collection). Given these constraints, we adopt a more sample-efficient approach
by focusing exclusively on learning a 4-DoF ankle delta action model rather than the
full-body 23-DoF model. This decision is motivated by two key factors: (1) the limited
availability of real-world data makes training the full 23-DoF delta action model infeasible,
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Figure 3.7: Visualization of LeBron James’ ”Silencer” motion on the G1 robot before (upper
figure enclosed in blue) and after (bottom figure enclosed in red) ASAP policy finetuning. The
left half shows the policy finetuning for the in-distribution motions while the right half shows the
out-of-distribution ones. After ASAP finetuning, the robot behaves more smoothly and reduces
jerky lower-body motions.

and (2) the Unitree G1 robot [136] features a mechanical linkage design in the ankle, which
introduces a significant sim-to-real gap that is difficult to bridge with conventional modeling
techniques [71]. Under this setting, the original 23 DoF delta action model reduces to 4
DoF delta action model, which needs much less data to be trainable. In practice, we collect
100 motion clips, which prove sufficient to train an effective 4-DoF delta action model for
real-world scenarios.

We execute the tracking policy 30 times for each task. In addition to these motion-
tracking tasks, we also collect 10 minutes of locomotion data. The locomotion policy will
be addressed in the next section, which is also utilized to bridge different tracking policies.

Policy Transition. In the real world, we cannot easily reset the robot as in simulators,
and therefore we train a robust locomotion policy for the policy transition between different
motion-tracking tasks. Our locomotion command contains (v, ω,Π), where v and ω indicate
the linear and angular velocities while Π indicates the command to walk or stand still. After
each motion-tracking task is done, our locomotion policy will take over to keep the robot
balance until the next motion-tracking task begins. In this way, the robot is able to execute
multiple tasks without manually resetting.

Real-World Results. The sim-to-real gap is more pronounced than simulator-to-
simulator discrepancies due to factors such as noisy sensor input, inaccuracies in robot
modeling, and actuator differences. To evaluate the effectiveness of ASAP in addressing
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Figure 3.8: We deploy the pretrained policy of a forward jump motion tracking task, challenging the
1.35m-tall Unitree G1 robot for a forward leap over 1m.

Table 3.7: Real-world closed-loop performance comparing with and without ASAP finetuning on
one in-distribution motion and one out-of-distribution motion.

Motion Real-World-Kick Real-World-LeBron (OOD)
Method Eg-mpjpe Empjpe Eacc Evel Eg-mpjpe Empjpe Eacc Evel

Vanilla 61.2 43.5 2.96 2.91 159 55.3 3.43 6.43
ASAP 50.2 40.1 2.46 2.70 112 47.5 2.84 5.94

these gaps, we compare the closed-loop performance of ASAP with the Vanilla baseline on
two representative motion tracking tasks (kicking and ”Silencer”) in which observe obvious
sim-to-real gaps. To show the generalizability of the learned delta action model for out-
of-distribution motions, we also fine-tune the policy for LeBron James’ ”Silencer” motion
as shown in Figure 3.7. The experiment data is summarized in Table 3.7. It shows that
ASAP outperforms the baseline on both in-distribution and out-of-distribution humanoid
motion tracking tasks, achieving a considerable reduction of the tracking errors across all
key metrics (Eg-mpjpe, Empjpe, Eacc and Evel). These findings highlight the effectiveness of
ASAP in improving sim-to-real transfer for agile humanoid motion tracking.

3.6 Extensive Studies And Analyses

In this section, we aim to thoroughly analyze ASAP by addressing three central research
questions:

• Q4: How to best train the delta action model of ASAP?
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Figure 3.9: Analysis of dataset size, training horizon, and action norm on the performance of π∆. (a)
Dataset Size: Mean Per Joint Position Error (MPJPE) is evaluated for both in-distribution (green)
and out-of-distribution (blue) scenarios. Increasing dataset size leads to enhanced generalization,
evidenced by decreasing errors in out-of-distribution evaluations. Closed-loop MPJPE (red bars)
also shows improvement with larger datasets. (b) Training Horizon: Open-loop MPJPE (heatmap)
improves across evaluation points as training horizons increase, achieving the lowest error at
1.5s. However, closed-loop MPJPE (red bars) shows a sweet spot at a training horizon of 1.0s,
beyond which no further improvements are observed. The red dashed line represents the pretrained
baseline without π∆ fine-tuning. (c) Action Norm: The action norm weight significantly influences
performance. Both open-loop and closed-loop MPJPE decrease as the weight increases up to
0.1, achieving the lowest error. However, further increases in the action norm weight result in
degradation of open-loop performance, highlighting the trade-off between action smoothness and
policy flexibility.

• Q5: How to best use the delta action model of ASAP?

• Q6: Why and how does ASAP work?

3.6.1 Key Factors in Training Delta Action Models

To Answer Q4 (How to best train the delta action model of ASAP). we conduct a systematic
study on key factors influencing the performance of the delta action model. Specifically, we
investigate the impact of dataset size, training horizon, and action norm weight, evaluating
their effects on both open-loop and closed-loop performance. Our analysis uncovers the
essential principles for effectively training a high-performing delta action model.
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Dataset Size We analyze the impact of dataset size on the training and generalization of
π∆. Simulation data is collected in Isaac Sim, and π∆ is trained in Isaac Gym. Open-loop
performance is assessed on both in-distribution (training) and out-of-distribution (unseen)
trajectories, while closed-loop performance is evaluated using the fine-tuned policy in Isaac
Sim. As shown in Figure 3.9 (a), increasing the dataset size improves π∆’s generalization,
evidenced by reduced errors in out-of-distribution evaluations. However, the improvement
in closed-loop performance saturates, with a marginal decrease of only 0.65% when scaling
from 4300 to 43000 samples, suggesting limited additional benefit from larger datasets.

Training Horizon The rollout horizon plays a crucial role in learning π∆. As shown
in Figure 3.9 (b), longer training horizons generally improve open-loop performance, with
a horizon of 1.5s achieving the lowest errors across evaluation points at 0.25s, 0.5s, and
1.0s. However, this trend does not consistently extend to closed-loop performance. The best
closed-loop results are observed at a training horizon of 1.0s, indicating that excessively
long horizons do not provide additional benefits for fine-tuned policy.

Action Norm Weight Training π∆ incorporates an action norm reward to balance dynam-
ics alignment and minimal correction. As illustrated in Figure 3.9 (c), both open-loop and
closed-loop errors decrease as the action norm weight increases, reaching the lowest error
at a weight of 0.1. However, further increasing the action norm weight causes open-loop
errors to rise, likely due to the minimal action norm reward dominates in the delta action
RL training. This highlights the importance of carefully tuning the action norm weight to
achieve optimal performance.

3.6.2 Different Usage of Delta Action Model

To answer Q5 (How to best use the delta action model of ASAP?), we compare multiple
strategies: fixed-point iteration, gradient-based optimization, and reinforcement learning
(RL). Given a learned delta policy π∆ such that:

f sim(s, a+ π∆(s, a)) ≈ f real(s, a),

and a nominal policy π̂(s) that performs well in simulation, the goal is to fine-tune π̂(s) for
real-world deployment.
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A simple approach is one-step dynamics matching, which leads to the relationship:

π(s) = π̂(s)− π∆(s, π(s)).

We consider two RL-free methods: fixed-point iteration and gradient-based optimization.
Fixed-point iteration refines π̂(s) iteratively, while gradient-based optimization minimizes
a loss function to achieve a better estimate. These methods are compared against RL
fine-tuning, which adapts π̂(s) using reinforcement learning in simulation.

Our experiments in Figure 3.10 show that RL fine-tuning achieves the lowest tracking
error during deployment, outperforming training-free methods. Both RL-free approaches
are myopic and suffer from out-of-distribution issues, limiting their real-world applicability.

Figure 3.10: MPJPE comparison over timesteps for fine-tuning methods using delta actionmodel.
RL Fine-Tuning achieves the lowest error, while Fixed-Point Iteration and Gradient Search perform
worse than the baseline (Before DeltaA) showing the highest error.

3.6.3 Does ASAP Fine-Tuning Outperform Random Action Noise
Fine-Tuning?

To answer Q6 (How does ASAP work?), we validate ASAP finetuning is better than injecting
random-action-noise-based finetuning. And we visualize the average magnitude of the delta
action model for each joint.

Random torque noise [12] is a widely used domain randomization technique for legged
robots. To determine whether delta action facilitates fine-tuning of pre-trained policies
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Figure 3.11: MPJPE vs. Noise Level for policies fine-tuned with random action noise. Policies with
noise levels β ∈ [0.025, 0.2] show improved performance compared to no fine-tuning. Delta action
achieves better tracking precision (126 MPJPE) compared to the best action noise (173 MPJPE).

toward real-world dynamics rather than merely enhancing robustness through random action
noise, we analyze its impact. Specifically, we assess the effect of applying random action
noise during policy fine-tuning in Isaac Gym by modifying the environment dynamics as
st+1 = f sim(st, at + βδa), where δa ∼ U [0, 1], and deploy it in Genesis. We conduct an
ablation study to examine the influence of the noise magnitude, β, varying from 0.025 to
0.4. As shown in Figure 3.11, within the constrained range of β ∈ [0.025, 0.2], policies
fine-tuned with action noise outperform those without fine-tuning in terms of global tracking
error (MPJPE). However, the performance of the action noise approach (MPJPE of 150)
does not match the precision achieved by ASAP (MPJPE of 126). Furthermore, we visualize
the average output of π∆ learned from IsaacSim data in Figure 3.12, which reveals non-
uniform discrepancies across joints. For example, in the G1 humanoid robot under our
experimental setup, lower-body motors exhibit a larger dynamics gap compared to upper-
body joints. Within the lower-body, the ankle and knee joints show the most pronounced
discrepancies. Additionally, asymmetries between the left and right body motors further
highlight the complexity. Such structured discrepancies cannot be effectively captured by
merely adding uniform action noise. These findings, along with the results in Figure 3.4,
demonstrate that delta action not only enhances policy robustness but also enables effective
adaptation to real-world dynamics, outperforming naive randomization strategies.
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Figure 3.12: Visualization of IsaacGym-to-IsaacSim π∆ output magnitude. We compute the average
absolute value of each joint over the 4300-episode dataset. Larger red dots indicate higher values.
The results suggest that lower-body motors exhibit a larger discrepancy compared to upper-body
joints, with the most significant gap observed in the ankle pitch joint of the G1 humanoid.

3.7 Limitations

While ASAP demonstrates promising results in bridging the sim-to-real gap for agile
humanoid control, our framework has several real-world limitations that highlights critical
challenges in scaling agile humanoid control to real-world:

• Hardware Constraints: Agile whole-body motions exert significant stress on robots,
leading to motor overheating and hardware failure during data collection. Two Unitree
G1 robots were broken to some extent during our experiments. This bottleneck limits
the scale and diversity of real-world motion sequences that can be safely collected.

• Dependence on Motion Capture Systems: Our pipeline requires MoCap setup
to record real-world trajectories. This introduces practical deployment barriers in
unstructured environments where MoCap setups are unavailable.
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• Data-Hungry Delta Action Training: While reducing the delta action model to 4
DoF ankle joints improved sample efficiency, training the full 23 DoF model remains
impractical for real-world deployment due to the large demand of required motion
clips (e.g., > 400 episodes in simulation for the 23 DoF delta action training).

Future directions could focus on developing damage-aware policy to mitigate hardware
risks, leveraging MoCap-free alignment to eliminate the reliance on MoCap, and explor-
ing adaptation techniques for delta action models to achieve sample-efficient few-shot
alignment.

3.8 Conclusion

We present ASAP, a two-stage framework that bridges the sim-to-real gap for agile hu-
manoid control. By learning a universal delta action model to capture dynamics mismatch,
ASAP enables policies trained in simulation to adapt seamlessly to real-world physics.
Extensive experiments demonstrate significant reductions in motion tracking errors (up to
52.7% in sim-to-real tasks) and successful deployment of diverse agile skills—including
agile jumps and kicks—on the Unitree G1 humanoid. Our work advances the frontier of
sim-to-real transfer for agile whole-body control, paving the way for versatile humanoid
robots in real-world applications.
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Chapter 4

Learning Universal Dynamics Model for
Agile and Adaptive Mobility

4.1 Introduction

The use of the transformer [161] architecture in contemporary robot learning is ubiquitous
across perception [28, 91], planning [82] and control [166] tasks. Reinforcement learning
with transformers, such as [62] and [15], is used in many downstream applications in bi-
manual manipulation [194], navigation [145], humanoid locomotion [132], and whole-body
tele-operation [18, 32]. Vision-language-action (VLA) models such as OpenVLA [72],
RT-1 [9], and RT-2 [197] demonstrate the scalability of employing transformers in robotics.
These models trained on internet-scale data can generalize knowledge and skills to different
complex tasks.

Recent advances in robot learning have also introduced more “specialist” systems that
can perform highly agile locomotion tasks [47, 48, 51, 191]. In particular, on wheeled
robots, previous works have achieved high-speed autonomous driving on racetracks [181],
grass fields [152], loose sand [171, 172], and off-road terrain [42, 151]. However, most of
these efforts [42, 151] are optimized for specific car models and environments, requiring
extensive system identification and model training [152, 171], which is costly to fine-tune
and difficult to transfer to other wheeled platforms.

On the other hand, agile wheeled control for safety-critical applications requires precise
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Figure 4.1: Performance of AnyCar and baselines in the wild under state estimation errors. Above:
A 10 cm tolerance corridor is set as a checkpoint. Below: each row represents the true trajectory of
one method, and each column corresponds to a specific setting for the 1/16 scale car: high speed (2
m/s), towing a box, and replacing the front left tire with a plastic wheel. All settings significantly
alter the vehicle dynamics.

dynamics modeling when running at high speed, since small errors can lead to catastrophic
failures such as crashes [152, 177]. There are works that attempt to mitigate this issue
by applying neural system identification [68, 166, 177] to adapt the model to different
environmental factors such as tire degradation, ground surface imperfections [68], and
towed objects [177]. Nevertheless, these methods still require assumptions about the
specific car setup (e.g., size and wheelbase of the car).

A key question that arises is: Can we train a generalist wheeled-robot dynamics model

that achieves the performance of a specialist model for each setup? In this work, we propose
AnyCar (depicted in Figure 4.2), an initial effort to train a vehicle dynamics transformer that
can predict the trajectory of various cars in various settings through in-context adaptation.
Our contributions are three-fold:

• We build a universal synthetic data generator that collects data across diverse vehicles
and environments, using physics engines with varying levels of fidelity (e.g., DBM,
MuJoCo, Isaac Sim, Assetto Corsa Gym).

• We propose a two-phase robust vehicle dynamics transformer training method that
leverages simulation pre-training and real-world fine-tuning to handle sim2real mis-
matches and state-estimation errors.
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• We integrate the dynamics transformer with a sampling-based MPC and demonstrate
real-world performance on different car platforms and in different environments, both
indoor and outdoor, achieving up to 54% performance improvement over the baseline
methods.
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Figure 4.2: AnyCar System Pipeline. Phase 1: We collect 100M data in 4 different simulations for
pre-training and 0.02M few-shot real-world data for fine-tuning the model. Phase 2: We pre-train
the model with the simulation dataset and enhance prediction robustness through masking, adding
noise, and attacking the inputs. We also fine-tune using the fine-tuning dataset. Phase 3: We deploy
AnyCar in the wild under state estimation error (using SLAM [31, 104, 105] and VIO [153]) to
control different vehicles (1/10 scale, 1/16 scale) with different settings (tow object, 3D-printed
wheels) on different terrains.

4.2 Overview

Notation. xt, at are state and action at time step t. We use x1:t to denote a sequence
{x1, · · · , xt}. x̂ denotes estimation of x (e.g., from VIO) and â is a with noise.

To demonstrate the practical application of our method, we focus on trajectory tracking
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in unstructured environments for a range of vehicles, which can be formulated as follows:

maximize
a0:T

T∑
t=0

R(xt, at)

subject to xt+1 = f(xt, at, ct), ∀t = 0, 1, . . . , T

where R(xt, at) is the reward function and xt+1 = f(xt, at, ct) represents the system
dynamics with ct representing all physics characteristics related to car dynamics and
the environment conditions such as terrain, payload, .etc. The state is defined by xt ≜
[pxt , p

y
t , ψt, ṗ

x
t , ṗ

y
t , ω], which contains position (pxt , p

y
t ), heading angle ψt, linear velocity

(ṗxt , ṗ
y
t ), and angular velocity ω. The action at ≜ [T , δ] contains throttle T and steering

angle δ. Our model is a seq2seq model that can predict the future state sequence from
imperfect state and action history sequence and future action sequence:

xt+1:t+H ≈ fAnyCar
θ ( x̂t−K:t, ât−K:t−1︸ ︷︷ ︸

noisy state and action history

, at:t+H−1︸ ︷︷ ︸
future actions

), (4.1)

where K denotes history length and H denotes prediction horizon (illustrated in Figure 4.2
Phase 2). In our formulation, ct is implicitly inferred from the state and action history and is
not explicitly passed into the network. We train a transformer to approximate Equation (4.1)
for various cars and terrains via its in-context adaptation capability. Our model not only
can learn adaptive dynamics but also a filter that can handle noisy state estimation x̂ and
action â. Compared with previous works that assumes one specific car model with limited
adaptable parameters [68, 166, 171, 177, 181], AnyCar can adapt to various types of car
with or without assumptions about the environment. To learn θ, we design two-stage
training pipeline. In the first stage, in Section 4.3, we generate large scale dataset which
contains trajectories of various cars in different terrains using different physics simulations;
we then pre-train the AnyCar transformer fAnyCar

θsim
(Figure 4.2 Phase 2) in Section 4.3.2. In

the second stage, we collect few-shot real-world data and fine-tune the transformer fAnyCar
θfine-tune

in Section 4.3.3. After these two stages, the model fAnyCar
θfine-tune

can accurately predict future
trajectory for different cars even under state-estimation error.

With an accurate dynamics model, we apply the Model Predictive Path Integral (MPPI)
to perform trajectory tracking. MPPI is a sampling-based MPC approach that minimizes
the cost-to-go for sampled trajectories and selects optimal controls by weighting multiple
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candidate trajectories based on their performance. We choose MPPI for its ability to
leverage parallel computation and its training-free nature, with no need for a reduced-order
model. In Section 4.4.1, we describe the detailed system design for trajectory tracking
using AnyCar transformer with MPPI to achieve control at 50Hz in the real world. Finally,
in Section 4.6, we showcase the deployment of AnyCar in various real-world scenarios,
demonstrating its versatility and robustness across different vehicles and environments

4.3 Model and Data

In this section, we describe the dataset collection and model training strategies of AnyCar.
As shown in Figure 4.2 Phase 1 and Phase 2, we highlight our data collection in massive
simulation and few-shot real-world data, and our robust training and finetuning pipeline.

4.3.1 Pre-Training with Massive Simulated Data

Scene Generation. To collect a diverse dataset, we leverage the low-cost nature of
simulation and generate a large amount of simulated data. Our data generation has three
sources of diversity: 1) dynamics, 2) scenario, 3) controller. As illustrated in Figure 4.2
Phase 1, we synthesize trajectories of various cars and terrains via four distinct simulators:
Dynamic Bicycle Model [68] (DBM)-based numeric simulation, MuJoCo, IsaacSim, and
Assetto Corsa Gym [134].
Curriculum Model Training. To ensure data distribution coverage, we diversify between
on-policy and off-policy data via a two-stage curriculum learning method. In stage one,
we collect high-volume off-policy data as warm-up, by building a hybrid controller where
we use a pure pursuit controller for steering δ and a PD controller for throttle T , to track
randomly synthesized reference tracks. After collecting 200M timesteps that are usable for
training a general model for non-agile tasks (in which the target velocity is smaller than the
physical limit), we switch to stage two, where we deploy an on-policy NN-MPPI controller
(described in Section 4.4.1) to track agile trajectories, and periodically update the network
with the collected on-policy trajectory.
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4.3.2 Robust In-Context Adaptive Dynamics Model

Model Structure. As illustrated in Figure 4.2 Phase 2, the historical states in Equation (4.1)
are linearly projected into a 64-dimensional latent space with an encoder layer Pstate(x) :

R6 → R64. The historical actions pass through a different encoder Pact(a) : R2 → R64 of
similar size. We then interleave and stack them to make a complete history token sequence
S(2K−1)×64, which is supplied to the transformer as the context. The future actions are
tokenized with Pact(a) and stacked as a sequence AH×64. Both S and A sequences are then
summed with two learnable positional encoders. After passing the context S and input
A to the transformer decoder, we obtain S ′H×64, which is then down-projected into the
state-space with DPstate(x) : R64 → R6. This becomes the final state sequence prediction.

Robust Training. To learn a robust model fθ for Equation (4.1) under various dis-
turbances, we propose to add three techniques in pre-training, i.e., mask out, add noise,
and attack (Figure 4.2). We implement mask out by applying randomized cross-attention
mask to transformer, then add noise ϵ ∼ N (0, ϵmax). We also add attack: unreasonably
large or small values to random dimensions in history to simulate state estimation errors
in the real-world. As discussed in Section 4.3, these techniques collaboratively improves
robustness for successful real-world deployment.

4.3.3 Fine-Tuning with state-estimation error reduction

After pre-training fAnyCar
θsim

, we fine-tune the model with 10 minutes of real-world data
(0.02M) to reduce the sim2real gap and mitigate state-estimation error. To collect real-
world data, we control the car via joystick to follow a few random curved trajectories in
a motion capture field and collect both the state from on-board state-estimators and the
ground truth states provided by the Vicon system, as shown in Figure 4.2 Phase 1. We
then fine-tune fAnyCar

θsim
on collected data under the constraint of ||θfine-tune − θsim||2 ≤ ϵtune

to prevent catastrophic forgetting. In practice, we also apply data rehearsal to assist. The
model after fine-tuning fAnyCar

θfine-tune
is ready to deploy at zero-shot.
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4.4 System Design

In this section, we describe the system that leverages AnyCar to perform various trajectory
tracking tasks.

4.4.1 MPPI Controller

As introduced in Section 4.2, we choose to evaluate our method with MPPI instead of
RL and MPC, because RL would have required optimizing additional policy and value
function parameters, which is outside the scope of this work. Likewise, neural MPC [141]
would have resulted in a reduced-order approximation of our neural dynamics model that is
undesired for a fair evaluation.

We employ a sample-efficient MPPI implementation in [184], which maintains an
adaptive sampling covariance to achieve an optimal convergence rate on the cost function.

Trajectory Sampling

Let xt, at be state and action at time t. For given control horizon H , we randomly sample
N action sequences {ait:t+H−1}Ni in a normal distribution, whose mean and covariance
are computed with [184]. We roll out each action sequence with the AnyCar model and
compute their cumulative rewards. In order to generate smooth action sequences, we
re-parameterize the control sequence a0:T with a set of time-indexed knots represented by
θ0:k [55]. Given query point τ , the control can be evaluated by aτ = spline(τ ; (τ0:k, θ0:k)).

Reward function

To motivate tracking reference waypoints, we use the single-step reward function from [42],
which is given by

r(x, a, x̂) = w1||p− p̂||2 + w2||ψ − ψ̂||+ w3||vx − v̂x||+ w4||δa||,

where p denotes position, ψ is heading angle, vx is longitude velocity, and δa is action
increment.
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Figure 4.3: Comparison of different model structures and data scales. The reported testing error is
normalized using the mean and standard deviation of the evaluation dataset.
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Figure 4.4: Visualization of AnyCar’s transformer attention in three real-world settings: (a) low
speed at 0.5 m/s, (b) high speed at 2 m/s, and (c) towing an object at 2 m/s, all tracking the same
reference trajectory. AnyCar’s transformer consistently focuses on the nearest 50 steps across all
settings and adaptively attends to different sections of the track. For example, it attends to the first
corner in setting (b) and the second corner in setting (c).

Computation

We implement the MPPI in JAX [8] and the transformer model in TransformerEngine. We
evaluate 600 action sequence samples on the model in parallel, achieving 20 ms (50 Hz)
real-time performance on a RTX 4090 GPU. We note that further optimizations, such as
KV caching, sharing history token attentions between samples, and TensorRT conversion
can enable edge deployment.

4.4.2 State Estimation

In our experiments with ground truth data, we use a motion capture system to directly
observe the position and velocity of the vehicle. For in-the-wild experiments, we estimate
the linear and angular velocity of the vehicle by fusing motor odometry and IMU data using
an Extended Kalman Filter (EKF) [114]. We then correct for the odometry drifting using
2D LiDAR SLAM [31, 104, 105], or 3D SLAM with VIO. We will demonstrate AnyCar’s
fine-tuning pipeline can adapt to state estimation error in Section 4.6.
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Table 4.1: Indoor Results using Ground Truth State-Estimation (Motion Capture)

Setting Method EPrediction ↓ ETracking ↓

Few-shot performance in fine-tuned scenarios

1/10 Scale Car PP - 0.45 ± 0.02
+ Tow Box AnyCar (Ours) 0.27 ± 0.24 0.35 ± 0.04

AnyCar w/o FT 0.54 ± 0.55 0.47 ± 0.23
Specialist 0.14 ± 0.09 0.43 ± 0.05

1/10 Scale Car PP - 0.54 ± 0.03
+ Payloads AnyCar (Ours) 0.11 ± 0.08 0.41 ± 0.03

AnyCar w/o FT 0.21 ± 0.11 0.47 ± 0.17
Specialist 0.26 ± 0.11 0.51 ± 0.03

Zero-shot generalization in unseen scenarios

1/10 Scale Car PP - 0.79 ± 0.62
+ Plastic wheels AnyCar (Ours) 0.26 ± 0.32 0.335 ± 0.03
(All 4 wheels) AnyCar w/o FT 0.32 ± 0.21 0.45 ± 0.15

Specialist 0.35 ± 0.15 0.334 ± 0.06

1/10 Scale Car PP - 0.52 ± 0.05
+ Plastic wheels AnyCar (Ours) 0.12 ± 0.08 0.39 ± 0.05
(Front 2 wheels) AnyCar w/o FT 0.20 ± 0.11 0.49 ± 0.09

Specialist 0.27 ± 0.11 0.41 ± 0.04

1/10 Scale Car PP - 0.57 ± 0.03
+ Plastic wheels AnyCar (Ours) 0.09 ± 0.06 0.49 ± 0.09
+ Tow box AnyCar w/o FT 0.18 ± 0.11 0.52 ± 0.09

Specialist 0.14 ± 0.05 0.60 ± 0.04

1/16 Scale Car PP - 0.37 ± 0.16
+ Plastic wheels AnyCar (Ours) 0.17 ± 0.08 0.31 ± 0.06

AnyCar w/o FT 0.25 ± 0.14 0.44 ± 0.08
Specialist 0.26 ± 0.11 0.55 ± 0.07

4.4.3 Low-Level Controller

Upon receiving a throttle (acceleration) and steering (angle) command, a low-level module
maps the throttle to motor current with a simple linear mapping, and maps the steering
angle to servo angle. Adapting to the discrepancies in these rough mappings and the latency
in actuator responses is also a goal of our fine-tuning pipeline.
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4.5 Experiments and Results

4.6 Experiment

In this section, we aim to demonstrate the capability of the proposed AnyCar by addressing
the following questions:

• Q1: Can our model generalize to various cars and terrains, and outperform specialist
models?

• Q2: Can our model maintain its adaptation capability even with imperfect state
estimation?

• Q3: Why does the proposed robust vehicle dynamics transformer outperform other
baseline models?

Baselines. We compare AnyCar with three baseline methods: 1) AnyCar w/o FT:
AnyCar without the real-world fine-tuning phase, 2) PP: Pure Pursuit controller for steering
and PID controller for velocity tracking, and 3) Specialist: a DBM model with system
identification. We also consider two types of state estimator setups: 1) motion capture
(indoor), which can be treated as ground truth, and 2) SLAM [31, 104, 105] (indoor or
outdoor), which is less accurate than motion capture and much prone to drifting issues.

Metrics. We use the model prediction error EPrediction ≜ ||xpred
t+1:t+H − xgt

t+1:t+H ||2 to
assess prediction accuracy. We also define ETracking ≜ w2||pt − p̂t||2 + w3||vt − v̂t||2,
where w2 and w3 are the same weights defined for position and velocity tracking rewards
in Section 4.4.1, representing the weighted sum of lateral error and velocity tracking error,
to evaluate trajectory tracking performance.

4.6.1 Evaluate Model In-context Adaptation Capability

To answer Q1, we use motion capture to provide ground truth for state estimation in the
real world. An 1/10 Scale Car was employed to tow objects and carry payloads, to create
a fine-tuning dataset collected by human teleoperation. This dataset was then used to
fine-tune our dynamics model. The model was evaluated across two categories: few-shot
performance (e.g., towing objects and varying payloads, both present in the fine-tuning
dataset) and zero-shot generalization (e.g., changing 3D-printed wheels, towing objects
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Figure 4.5: Comparison with baselines in the wild.

Table 4.2: Indoor Results with State-Estimation Error (VIO)

Setting Method EPrediction ↓ ETracking ↓

Few-shot performance in fine-tuned scenarios

1/16 Scale Car AnyCar (Ours) 0.30 ± 0.06 0.35 ± 0.02
+ Low Speed AnyCar w/o FT 0.32 ± 0.07 0.48 ± 0.06

Specialist 0.33 ± 0.05 0.42 ± 0.01

Zero-shot generalization in unseen scenarios

1/16 Scale Car AnyCar (Ours) 0.44 ± 0.11 0.57 ± 0.03
+ High Speed AnyCar w/o FT 0.52 ± 0.15 1.30 ± 0.11

Specialist 0.48 ± 0.10 1.26 ± 0.89

1/16 Scale Car AnyCar (Ours) 0.34 ± 0.10 0.57 ± 0.02
+ Tow 2 Box AnyCar w/o FT 0.41 ± 0.14 1.41 ± 0.09

Specialist 0.39 ± 0.09 0.93 ± 0.62

with modified wheels, and using a smaller car model with altered wheels). We use a
trajectory optimization method [181] to compute an on-the-edge reference trajectory on a
raceline. Our method, along with other baselines (AnyCar w/o FT, PP, Specialist), was then
deployed to track this trajectory. The evaluation considered both model prediction error
and closed-loop tracking error with the full controller. Results in Table 4.1 show AnyCar
reaching and outperforming baselines in terms of prediction error and tracking error in both
few-shot and zero-shot cases. Perhaps more exciting, we observe similar benefits seen in
cross-embodiment works like RT-X [119], where fine-tuning the model with the real-world
data of one robot (1/10 scale car) leads to a performance boost on another robot (1/16 scale
car) even though the dynamics and trajectory tracked may be completely different.
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4.6.2 Evaluate Model Capability in the Wild

To address Q2, we set up a 2D LiDAR-based SLAM stack on an 1/16 scale car. The car was
teleoperated to follow an S-shaped path at low speed, collecting odometry data from both
the SLAM system and motion capture to create a small-scale dataset of 24,000 timesteps.
The model was then fine-tuned using the method in Section 4.3.3. Using the fine-tuned
model (AnyCar), we first evaluated our method in an indoor environment under different
conditions (low speed, high speed, towing two boxes) with SLAM, and computed metrics
using ground truth data. The results in Table 4.2 show AnyCar outperforms baselines with
peak improvement of 54%. Based on Table 4.1 and Table 4.2, we prove the necessity of
fine-tuning that aligning the dynamics model to handle state estimation error.

The system is then moved to an outdoor environment without further modification.
To validate the robustness to state-estimation capabilities of AnyCar, we set up a narrow
corridor along the reference trajectory, allowing the car to pass with a 10 cm tolerance
(demonstrated in Figure 4.1). Poor tracking performance would result in the car colliding
with the walls. We compared our method with AnyCar w/o FT and Specialist by calculating
the percentage of times the car successfully passed all checkpoints without collision (success
rate) for each method. The results in Figure 4.5 show AnyCar achieves the highest success
rate in all settings, with the specialist failing consistently due to the state estimation error.
We also visualize the transformer attention across different settings in Figure 4.4, which
demonstrates AnyCar’s in-context adaptation in various settings. In addition to SLAM-
based state-estimator, we also show the deployment with ZED-VIO [153] in supplementary
videos.

4.6.3 Interpret the expressiveness and robustness of AnyCar

To interpret the success of AnyCar, we argue that scaling and robust training are integral
parts of our method. We conducted experiments on datasets of varying sizes ranging from
1M (million) to 100M. Various model architectures, including Transformer, LSTM, GRU,
CNN, and MLP, are evaluated, and the normalized prediction error is calculated for each.
To ensure the models could be used with MPPI for 50Hz control, we limit the model size
to 200K parameters. We create another 1M testing dataset to evaluate all trained models.
The results shown in Figure 4.3 demonstrate that as the training dataset size increased from
10M to 100M timesteps, the prediction errors decreased significantly, with the transformer
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Figure 4.6: Comparison of AnyCar robust training methods. (a) Evaluate prediction error in real-
world trajectories. (b) Demonstrate predicted trajectory of different methods.

model performing best at the 100M scale. This highlights that the transformer structure
is the most effective for modeling diverse car dynamics and environments compared with
baseline models. However, scaling the data and using the appropriate model structure
alone are insufficient. Under the optimal data scale and model configuration, we found it
crucial to apply the proposed robust training methods (including attack, noise, and mask-out
strategies), as discussed in Section 4.3.2. We systematically evaluate all combinations of
these components, resulting in a total of 8 pre-trained models. Each model is fine-tuned
using the same dataset and evaluated on real trajectory. The results, shown in Figure 4.6(a),
demonstrate that the model achieves the highest prediction accuracy and stability only when
all robust training components are activated. For instance, Figure 4.6(b) shows that without
full robust training, the transformer’s predictions are vulnerable to noisy state estimation,
leading to significant errors. The combination of model selection, large-scale data, and
robust training explains why the AnyCar performs better than the baseline models.
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[5] Karl Johan Åström and Peter Eykhoff. System identification—a survey. Automatica,
7(2):123–162, 1971. 3.2.2

[6] Genesis Authors. Genesis: A universal and generative physics engine for robotics
and beyond, December 2024. URL https://github.com/Genesis-Emb
odied-AI/Genesis. 3.5

[7] Boston Dynamics. Atlas — partners in parkour. https://www.youtube.co
m/watch?v=tF4DML7FIWk, 2021. 2.1

[8] James Bradbury, Roy Frostig, Peter Hawkins, Matthew James Johnson, Chris
Leary, Dougal Maclaurin, George Necula, Adam Paszke, Jake Vander{P}las,
Skye Wanderman-{M}ilne, and Qiao Zhang. google/jax, September 2024. URL
https://github.com/google/jax. original-date: 2018-10-25T21:25:02Z.
4.4.1

[9] Anthony Brohan, Noah Brown, Justice Carbajal, Yevgen Chebotar, Joseph Dabis,
Chelsea Finn, Keerthana Gopalakrishnan, Karol Hausman, Alexander Herzog,
Jasmine Hsu, Julian Ibarz, Brian Ichter, Alex Irpan, Tomas Jackson, Sally Jes-
month, Nikhil Joshi, Ryan Julian, Dmitry Kalashnikov, Yuheng Kuang, Isabel
Leal, Kuang-Huei Lee, Sergey Levine, Yao Lu, Utsav Malla, Deeksha Manju-

59

https://github.com/Genesis-Embodied-AI/Genesis
https://github.com/Genesis-Embodied-AI/Genesis
https://www.youtube.com/watch?v=tF4DML7FIWk
https://www.youtube.com/watch?v=tF4DML7FIWk
https://github.com/google/jax


Bibliography

nath, Igor Mordatch, Ofir Nachum, Carolina Parada, Jodilyn Peralta, Emily Perez,
Karl Pertsch, Jornell Quiambao, Kanishka Rao, Michael Ryoo, Grecia Salazar,
Pannag Sanketi, Kevin Sayed, Jaspiar Singh, Sumedh Sontakke, Austin Stone,
Clayton Tan, Huong Tran, Vincent Vanhoucke, Steve Vega, Quan Vuong, Fei
Xia, Ted Xiao, Peng Xu, Sichun Xu, Tianhe Yu, and Brianna Zitkovich. RT-
1: Robotics Transformer for Real-World Control at Scale. In Robotics: Sci-
ence and Systems XIX. Robotics: Science and Systems Foundation, July 2023.
ISBN 978-0-9923747-9-2. doi: 10.15607/RSS.2023.XIX.025. URL http:
//www.roboticsproceedings.org/rss19/p025.pdf. 4.1

[10] Rodney Brooks. A robust layered control system for a mobile robot. IEEE journal
on robotics and automation, 2(1):14–23, 1986. 2.4

[11] Tom B. Brown, Benjamin Mann, Nick Ryder, Melanie Subbiah, Jared Kaplan,
Prafulla Dhariwal, Arvind Neelakantan, Pranav Shyam, Girish Sastry, Amanda
Askell, Sandhini Agarwal, Ariel Herbert-Voss, Gretchen Krueger, Tom Henighan,
Rewon Child, Aditya Ramesh, Daniel M. Ziegler, Jeffrey Wu, Clemens Winter,
Christopher Hesse, Mark Chen, Eric Sigler, Mateusz Litwin, Scott Gray, Ben-
jamin Chess, Jack Clark, Christopher Berner, Sam McCandlish, Alec Radford, Ilya
Sutskever, and Dario Amodei. Language models are few-shot learners, 2020. URL
https://arxiv.org/abs/2005.14165. 1

[12] Luigi Campanaro, Siddhant Gangapurwala, Wolfgang Merkt, and Ioannis Havoutis.
Learning and deploying robust locomotion policies with minimal dynamics random-
ization. In 6th Annual Learning for Dynamics & Control Conference, pages 578–590.
PMLR, 2024. 3.6.3

[13] Joao Carvalho, Dorothea Koert, Marek Daniv, and Jan Peters. Residual robot
learning for object-centric probabilistic movement primitives. arXiv preprint
arXiv:2203.03918, 2022. 3.2.3

[14] Yevgen Chebotar, Ankur Handa, Viktor Makoviychuk, Miles Macklin, Jan Issac,
Nathan Ratliff, and Dieter Fox. Closing the sim-to-real loop: Adapting simulation
randomization with real world experience. In 2019 International Conference on
Robotics and Automation (ICRA), pages 8973–8979. IEEE, 2019. 3.2.2

[15] Lili Chen, Kevin Lu, Aravind Rajeswaran, Kimin Lee, Aditya Grover, Michael
Laskin, Pieter Abbeel, Aravind Srinivas, and Igor Mordatch. Decision transformer:
reinforcement learning via sequence modeling. In Proceedings of the 35th Inter-
national Conference on Neural Information Processing Systems, NIPS ’21, pages
15084–15097, Red Hook, NY, USA, June 2024. Curran Associates Inc. ISBN
978-1-71384-539-3. 4.1

[16] Xuxin Cheng, Yandong Ji, Junming Chen, Ruihan Yang, Ge Yang, and Xiao-
long Wang. Expressive whole-body control for humanoid robots. arXiv preprint
arXiv:2402.16796, 2024. 2.1, 2.1, 2.2.2, ??, 2.2.3, 2.3, 2.4, 3.1, 3.2.1

60

http://www.roboticsproceedings.org/rss19/p025.pdf
http://www.roboticsproceedings.org/rss19/p025.pdf
https://arxiv.org/abs/2005.14165


Bibliography

[17] Xuxin Cheng, Jialong Li, Shiqi Yang, Ge Yang, and Xiaolong Wang. Open-
television: teleoperation with immersive active visual feedback. arXiv preprint
arXiv:2407.01512, 2024. 1, 2.1, 2.4

[18] Xuxin Cheng, Jialong Li, Shiqi Yang, Ge Yang, and Xiaolong Wang. Open-
TeleVision: Teleoperation with Immersive Active Visual Feedback, July 2024. URL
http://arxiv.org/abs/2407.01512. arXiv:2407.01512 [cs]. 4.1

[19] Nuttapong Chentanez, Matthias Müller, Miles Macklin, Viktor Makoviychuk, and
Stefan Jeschke. Physics-based motion capture imitation with deep reinforcement
learning. Proceedings - MIG 2018: ACM SIGGRAPH Conference on Motion,
Interaction, and Games, 2018. 2.4

[20] Cheng Chi, Benjamin Burchfiel, Eric Cousineau, Siyuan Feng, and Shuran Song.
Iterative residual policy: for goal-conditioned dynamic manipulation of deformable
objects. The International Journal of Robotics Research, 43(4):389–404, 2024. 3.2.3

[21] Yufeng Chi, Qiayuan Liao, Junfeng Long, Xiaoyu Huang, Sophia Shao, Borivoje
Nikolic, Zhongyu Li, and Koushil Sreenath. Demonstrating berkeley humanoid lite:
An open-source, accessible, and customizable 3d-printed humanoid robot, 2025.
URL https://arxiv.org/abs/2504.17249. 1

[22] Matthew Chignoli, Donghyun Kim, Elijah Stanger-Jones, and Sangbae Kim. The mit
humanoid robot: Design, motion planning, and control for acrobatic behaviors. In
2020 IEEE-RAS 20th International Conference on Humanoid Robots (Humanoids),
pages 1–8. IEEE, 2021. 2.4

[23] Xiangxiang Chu, Limeng Qiao, Xinyu Zhang, Shuang Xu, Fei Wei, Yang Yang,
Xiaofei Sun, Yiming Hu, Xinyang Lin, Bo Zhang, and Chunhua Shen. Mobilevlm
v2: Faster and stronger baseline for vision language model, 2024. URL https:
//arxiv.org/abs/2402.03766. 1

[24] Stefano Dafarra, Ugo Pattacini, Giulio Romualdi, Lorenzo Rapetti, Riccardo Grieco,
Kourosh Darvish, Gianluca Milani, Enrico Valli, Ines Sorrentino, Paolo Maria
Viceconte, et al. icub3 avatar system: Enabling remote fully immersive embodiment
of humanoid robots. Science Robotics, 9(86):eadh3834, 2024. 2.4

[25] Kourosh Darvish, Luigi Penco, Joao Ramos, Rafael Cisneros, Jerry Pratt, Eiichi
Yoshida, Serena Ivaldi, and Daniele Pucci. Teleoperation of humanoid robots: A
survey. IEEE Transactions on Robotics, 39(3):1706–1727, 2023. 2.4

[26] Todor Davchev, Kevin Sebastian Luck, Michael Burke, Franziska Meier, Stefan
Schaal, and Subramanian Ramamoorthy. Residual learning from demonstration:
Adapting dmps for contact-rich manipulation. IEEE Robotics and Automation
Letters, 7(2):4488–4495, 2022. 3.2.3

[27] DeepSeek-AI, Aixin Liu, Bei Feng, Bing Xue, Bingxuan Wang, Bochao Wu,
Chengda Lu, Chenggang Zhao, Chengqi Deng, Chenyu Zhang, Chong Ruan, Damai

61

http://arxiv.org/abs/2407.01512
https://arxiv.org/abs/2504.17249
https://arxiv.org/abs/2402.03766
https://arxiv.org/abs/2402.03766


Bibliography

Dai, Daya Guo, Dejian Yang, Deli Chen, Dongjie Ji, Erhang Li, Fangyun Lin, Fu-
cong Dai, Fuli Luo, Guangbo Hao, Guanting Chen, Guowei Li, H. Zhang, Han
Bao, Hanwei Xu, Haocheng Wang, Haowei Zhang, Honghui Ding, Huajian Xin,
Huazuo Gao, Hui Li, Hui Qu, J. L. Cai, Jian Liang, Jianzhong Guo, Jiaqi Ni, Jiashi
Li, Jiawei Wang, Jin Chen, Jingchang Chen, Jingyang Yuan, Junjie Qiu, Junlong
Li, Junxiao Song, Kai Dong, Kai Hu, Kaige Gao, Kang Guan, Kexin Huang, Kuai
Yu, Lean Wang, Lecong Zhang, Lei Xu, Leyi Xia, Liang Zhao, Litong Wang, Liyue
Zhang, Meng Li, Miaojun Wang, Mingchuan Zhang, Minghua Zhang, Minghui Tang,
Mingming Li, Ning Tian, Panpan Huang, Peiyi Wang, Peng Zhang, Qiancheng Wang,
Qihao Zhu, Qinyu Chen, Qiushi Du, R. J. Chen, R. L. Jin, Ruiqi Ge, Ruisong Zhang,
Ruizhe Pan, Runji Wang, Runxin Xu, Ruoyu Zhang, Ruyi Chen, S. S. Li, Shanghao
Lu, Shangyan Zhou, Shanhuang Chen, Shaoqing Wu, Shengfeng Ye, Shengfeng Ye,
Shirong Ma, Shiyu Wang, Shuang Zhou, Shuiping Yu, Shunfeng Zhou, Shuting Pan,
T. Wang, Tao Yun, Tian Pei, Tianyu Sun, W. L. Xiao, Wangding Zeng, Wanjia Zhao,
Wei An, Wen Liu, Wenfeng Liang, Wenjun Gao, Wenqin Yu, Wentao Zhang, X. Q.
Li, Xiangyue Jin, Xianzu Wang, Xiao Bi, Xiaodong Liu, Xiaohan Wang, Xiaojin
Shen, Xiaokang Chen, Xiaokang Zhang, Xiaosha Chen, Xiaotao Nie, Xiaowen Sun,
Xiaoxiang Wang, Xin Cheng, Xin Liu, Xin Xie, Xingchao Liu, Xingkai Yu, Xinnan
Song, Xinxia Shan, Xinyi Zhou, Xinyu Yang, Xinyuan Li, Xuecheng Su, Xuheng
Lin, Y. K. Li, Y. Q. Wang, Y. X. Wei, Y. X. Zhu, Yang Zhang, Yanhong Xu, Yanhong
Xu, Yanping Huang, Yao Li, Yao Zhao, Yaofeng Sun, Yaohui Li, Yaohui Wang,
Yi Yu, Yi Zheng, Yichao Zhang, Yifan Shi, Yiliang Xiong, Ying He, Ying Tang,
Yishi Piao, Yisong Wang, Yixuan Tan, Yiyang Ma, Yiyuan Liu, Yongqiang Guo,
Yu Wu, Yuan Ou, Yuchen Zhu, Yuduan Wang, Yue Gong, Yuheng Zou, Yujia He,
Yukun Zha, Yunfan Xiong, Yunxian Ma, Yuting Yan, Yuxiang Luo, Yuxiang You,
Yuxuan Liu, Yuyang Zhou, Z. F. Wu, Z. Z. Ren, Zehui Ren, Zhangli Sha, Zhe Fu,
Zhean Xu, Zhen Huang, Zhen Zhang, Zhenda Xie, Zhengyan Zhang, Zhewen Hao,
Zhibin Gou, Zhicheng Ma, Zhigang Yan, Zhihong Shao, Zhipeng Xu, Zhiyu Wu,
Zhongyu Zhang, Zhuoshu Li, Zihui Gu, Zijia Zhu, Zijun Liu, Zilin Li, Ziwei Xie,
Ziyang Song, Ziyi Gao, and Zizheng Pan. Deepseek-v3 technical report, 2025. URL
https://arxiv.org/abs/2412.19437. 1

[28] Alexey Dosovitskiy, Lucas Beyer, Alexander Kolesnikov, Dirk Weissenborn, Xi-
aohua Zhai, Thomas Unterthiner, Mostafa Dehghani, Matthias Minderer, Georg
Heigold, Sylvain Gelly, Jakob Uszkoreit, and Neil Houlsby. An Image is Worth
16x16 Words: Transformers for Image Recognition at Scale. October 2020. URL
https://openreview.net/forum?id=YicbFdNTTy. 4.1

[29] Yuqing Du, Olivia Watkins, Trevor Darrell, Pieter Abbeel, and Deepak Pathak. Auto-
tuned sim-to-real transfer. In 2021 IEEE International Conference on Robotics and
Automation (ICRA), pages 1290–1296. IEEE, 2021. 3.2.2

[30] Pranay Dugar, Aayam Shrestha, Fangzhou Yu, Bart van Marum, and Alan Fern.

62

https://arxiv.org/abs/2412.19437
https://openreview.net/forum?id=YicbFdNTTy


Bibliography

Learning multi-modal whole-body control for real-world humanoid robots. arXiv
preprint arXiv:2408.07295, 2024. ??, 2.4

[31] Dieter Fox. KLD-Sampling: Adaptive Particle Filters. In Advances in Neural
Information Processing Systems, volume 14. MIT Press, 2001. URL https:
//proceedings.neurips.cc/paper/2001/hash/c5b2cebf15b20
5503560c4e8e6d1ea78-Abstract.html. (document), 4.2, 4.4.2, 4.6

[32] Zipeng Fu, Qingqing Zhao, Qi Wu, Gordon Wetzstein, and Chelsea Finn. HumanPlus:
Humanoid Shadowing and Imitation from Humans. 4.1

[33] Zipeng Fu, Xuxin Cheng, and Deepak Pathak. Deep whole-body control: learning a
unified policy for manipulation and locomotion. In Conference on Robot Learning,
pages 138–149. PMLR, 2023. 3.2.2

[34] Zipeng Fu, Qingqing Zhao, Qi Wu, Gordon Wetzstein, and Chelsea Finn. Humanplus:
Humanoid shadowing and imitation from humans. arXiv preprint arXiv:2406.10454,
2024. 2.1, 2.1, 2.2.2, ??, 2.2.3, 2.3, 2.4, 3.2.1

[35] Feng Gao, Chao Yu, Yu Wang, and Yi Wu. Neural internal model control: Learning a
robust control policy via predictive error feedback. arXiv preprint arXiv:2411.13079,
2024. 3.2.2

[36] Jiawei Gao, Ziqin Wang, Zeqi Xiao, Jingbo Wang, Tai Wang, Jinkun Cao, Xiaolin Hu,
Si Liu, Jifeng Dai, and Jiangmiao Pang. Coohoi: Learning cooperative human-object
interaction with manipulated object dynamics. arXiv preprint arXiv:2406.14558,
2024. 3.2.1

[37] Maxime Gautier, Pierre-Olivier Vandanjon, and Alexandre Janot. Dynamic iden-
tification of a 6 dof robot without joint position data. In 2011 IEEE International
Conference on Robotics and Automation, pages 234–239. IEEE, 2011. 3.2.2

[38] David Gouaillier, Vincent Hugel, Pierre Blazevic, Chris Kilner, Jérôme Monceaux,
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