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(c) Pose-based Mode: Walk Sideways. (d) Pose-based Mode: Y.M.C.A Dance.
Fig. 1: Some real-world demonstrations of JAEGER deployed on the H1-2. For the
root-based mode, we use a VR and a joystick to control the upper and lower body
of a humanoid for grasping objects while in motion (a). In the pose-based mode, the
robot can perform various dance movements (b, d), requiring coordination between
the upper and lower body. It can also execute large-amplitude lower-body movements,
such as walking forward and sideways (c).



Abstract

This paper presents JAEGER, a dual-level whole-body controller for humanoid
robots that addresses the challenges of training a more robust and versatile policy.
Unlike traditional single-controller approaches, JAEGER separates the control
of the upper and lower bodies into two independent controllers, so that they can
better focus on their distinct tasks. This separation alleviates the dimension-
ality curse and improves fault tolerance. JAEGER supports both root velocity
tracking (coarse-grained control) and local joint angle tracking (fine-grained
control), enabling versatile and stable movements. To train the controller, we uti-
lize a human motion dataset (AMASS), retargeting human poses to humanoid
poses through an efficient retargeting network, and employ a curriculum learning
approach. This method performs supervised learning for initialization, followed
by reinforcement learning for further exploration. We conduct our experiments
on two humanoid platforms and demonstrate the superiority of our approach
against state-of-the-art methods in both simulation and real environments as
partially illustrated in Figure 1. More demonstrations of JAEGER, including
retargeting results, root-based mode and pose-based mode, can be found in the
link: https://anonymous.4open.science/r/JAEGER/.

Keywords: Whole-body Control, Multi-agent Reinforcement Learning

1 Introduction

Humanity has long dreamed of using humanoid robots to assist or replace humans
in completing various daily tasks, including grabbing objects, carrying goods, etc.
Compared to wheeled robots, humanoid robots have higher degrees of freedom (DoF)
to their lower bodies, allowing them to perform more complex whole-body motions.
Specifically, they can overcome complex terrains like uneven ground and stairs, and
perform a rich repertoire of skills and motions exhibited by humans, such as dancing
and boxing. In addition, the alignment of the embodiment between humanoid robots
and humans facilitates the seamless utilization of human Internet data, enabling cog-
nitive learning abilities, and the operation of existing machinery and devices designed
for human use.

Due to hardware constraints and the inherent complexity of the robotic action
space, achieving effective whole-body control (WBC) for adult-sized humanoid robots,
such as the Unitree H1-2, remains a significant challenge. Recent studies on WBC have
demonstrated promising advancements, enabling humanoid robots to perform versa-
tile motions by learning from extensive human data [3, 6-8, 10]. Based on different
task settings, WBC methodologies can be broadly categorized into three types: root
velocity tracking [2], kinematic position tracking [6, 7], and local joint angle track-
ing [2, 3, 10]. Root velocity tracking emphasizes coarse-grained control, where the
robot tracks a given velocity without relying on a specific reference pose. In contrast,
kinematic position and local joint angle tracking focus on accurately reproducing a
given trajectory of reference poses, which can be regarded as fine-grained control for



humanoids. Note that both the kinematic position and the local joint angle can be
used to describe the pose of the humanoid at a given moment.

Intuitively, a more versatile WBC controller should integrate both coarse-grained
and fine-grained commands, regardless of whether they are represented through posi-
tions or angles. However, the challenge of effectively combining these two approaches
remains unresolved. Current approaches, such as OmniH20 [6] and HumanPlus [3],
focus on learning locomotion by following reference pose trajectories and deriving
velocity tracking capabilities from these trajectories. However, in practice, since the
inevitable differences between embodiments of humanoid robots and humans, locomo-
tion by fully imitating human pose might hinder humanoids from maintaining balance
and prevent them from learning a robust policy with the capability of velocity track-
ing. Therefore, we propose to firstly separately train a root velocity tracking policy
and a local joint angle tracking policy, and then distill the two policies into a unified
WBC policy.

Given the complexity of the WBC problem and the heterogeneous functionalities
of the upper and lower bodies, we reformulate the WBC problem as a multi-agent sys-
tem [14, 22, 24]. During training, we observed that interactions between the upper and
lower bodies often hinder convergence; for instance, the upper body’s tracking behav-
ior becomes overly conservative to accommodate the lower body’s stability. Addressing
this interference typically requires intricate parameter tuning and curriculum learn-
ing. Inspired by the multi-agent system, we propose decoupling the upper and lower
bodies into two independent controllers, enabling each to focus on its specific tasks
while alleviating the curse of dimensionality in action space [5]. This design not only
simplifies the training process but also enhances the system’s fault tolerance, allowing
the lower body to continue functioning effectively even if the upper body encounters
failure.

In this paper, we present JAEGER, a dual-level humanoid whole-body controller
that supports both root velocity tracking, i.e. coarse-grained control, and local joint
angle tracking, i.e. fine-grained control. Given the upper and lower bodies serve dif-
ferent functions, we use two controllers to manage them separately for a more robust
WBC policy. To achieve effective coordination, the two controllers share both obser-
vations and rewards. For the training procedure, we follow recent success in leveraging
a human motion dataset, AMASS [15]. We first retarget human poses to humanoid
poses via our efficient retargeting network and then train the two controllers to follow
these humanoid poses. Given the inherent challenges of WBC training, we adopt a
curriculum learning approach. Initially, the lower-body controller is trained indepen-
dently. Next, we implement a supervised initialization for the upper-body controller,
followed by the whole-body control training using reinforcement learning (RL).

To summarize, our contributions are as follows: 1) We propose an MLP-based
retargeting approach that outperforms optimization-based inverse kinematics (1K)
methods by producing more accurate and smoother joint angles for humanoid control,
while operating at a high execution frequency of up to 1 kHz. 2) We introduce a novel
dual-level WBC controller, which reduces mutual interference between the upper and
lower bodies while enabling each controller to focus more on its respective task. 3) To
train the dual-level controller, we propose a structured curriculum learning strategy.



A tailored supervised initialization serves as the first stage before RL, which facilitates
the following RL convergence to a more optimal solution. 4) Experiments in both
simulation and on a real humanoid robot demonstrate that JAEGER delivers superior
multi-mode control compared to other baselines.

2 Related work
2.1 Humanoid Whole-Body Control

Whole-body control for humanoid robots remains a challenging problem due to
hardware limitations and the high complexity of the action space. Compared with tra-
ditional dynamics modeling and control methods [4, 16], recent reinforcement learning
and sim-to-real transfer methods have advanced this field and demonstrated promising
results in enabling complex whole-body motion [2, 6, 8, 10-12, 21, 23].

As pioneers in this field, the H20 series [6, 7] fully rely on global keypoint position
tracking. However, the global keypoint positions may gradually drift over time, leading
to cumulative errors that ultimately impede learning. HumanPlus [3], on the other
hand, fully relies on joint angle tracking to learn motion and autonomous skills from
human data. ExBody series combines the strengths of both approaches. In more detail,
ExBody [2] expresses the diverse upper-body motion by tracking the joint angles and
keypoint positions, while tracking the root velocity for the lower body. ExBody?2 [10]
achieves superior performance by only learning from a curated subset of the AMASS
dataset. It shows the poses that are lower-body feasible are crucial for training stable
behaviors. In addition, it claims that the local keypoint position tracking can lead
to a more robust strategy. HOVER [8], as a unified framework, integrates all the
interfaces, e.g., root velocity, joint angles, and keypoint positions, into a single network
through a distillation process. Our work is concurrent with HOVER and shares some
similarities, particularly in the integration of root velocity and joint angle control.
However, we train this more challenging controller from a different perspective, namely
by decoupling the upper and lower bodies.

2.2 Humanoid Locomotion

Training a robust locomotion model is the core task for the humanoid. With the rise
of learning algorithms, reinforcement learning (RL) and imitation learning (IL) have
proven to be more robust than traditional model-based control methods [1, 13, 25].
By designing effective reward functions, RL has shown promise in enabling humanoids
to learn complex locomotion skills. Recently, transformers [19] have been used for
humanoid locomotion, relying on next-token prediction. In addition, an end-to-end
vision-based whole-body control parkour policy [25] has been proposed to overcome
multiple parkour skills without any motion prior.

IL can address reward design challenges by learning from human demonstrations.
Advanced techniques like Generative Adversarial Imitation Learning (GAIL) [9] allow
for more adaptable skills from unstructured data. An IL framework using adversarial
motion priors has been proposed to demonstrate human-like locomotion. In addition,
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Fig. 2: The framework of JAEGER. The left shows the retargeting network, which
processes the AMASS dataset through optimization to generate massive human and
robot pose pairs, and then uses an MLP to learn the relationship between them.
The middle section illustrates how we control the upper and lower body parts using
two separate controllers. The right section presents the curriculum learning paradigm,
where simple controllers are first trained using supervised learning and then improved
through RL to explore a better policy.

Radosavovic et al. [20] constructed a large locomotion dataset, and a transformer was
employed to imitate the demonstrations within it.

3 Method

We propose JAEGER, an effective framework for humanoid whole-body control. As
illustrated in Figure 2, The framework of JAEGER consists of three main components:
a retargeting network, a dual-level controller, and the curriculum learning procedure.
Our whole-body controller supports two command modes: 1) root-based mode,
which includes root velocity commands and reference joint angle commands for the
upper body, and 2) pose-based mode, which provides reference joint angle com-
mands for the entire body. Specifically, the root velocity command includes linear
forward and sideways velocities, as well as angular turning velocity.

3.1 Retargeting Network

Retargeting is an essential data preprocessing procedure. At the same time, real-time
retargeting is also crucial for low-latency teleoperation. In this section, we want
to propose a different perspective on retargeting for low-latency motion
adaptation. Specifically, we adopt deep mimic methods instead of directly using
traditional IK techniques.

We first adopt a two-stage optimization approach as H20 [7] to process the AMASS
dataset [15], generating a large set of human and humanoid pose pairs. Then, a



lightweight three-layer MLP is employed to learn the mapping between them. This
approach significantly improves the real-time performance of the retargeting process
while maintaining pose transfer accuracy. Unlike optimization methods used in prior
works, MLP ensures smooth output even with small noise perturbations on input,
eliminating frame-to-frame jitter, which is verified in Section 4.4. This is because the
MLP is a continuous nonlinear function approximator and is trained on massive fil-
tered motion data. Specifically, we manually remove frames with discontinuous motions
resulting from unstable IK solutions. Note that, for the data preprocessing procedure,
we retarget the motion sequences from the AMASS dataset and also apply the same
filtering process as HumanPlus [3] to ensure high-quality retargeting data.

3.2 Dual-level Controller

JAEGER aims to track the reference pose and root velocity more precisely and
robustly. To this end, we implement a dual-level controller that separately manages
the upper and lower bodies. Intuitively, this approach decomposes the action space,
thus reducing the learning complexity. In addition, the independent controllers offer
greater flexibility in selecting their individual network architectures.

3.2.1 Setting Formulation

We formulate the humanoid whole-body control problem as a Decentralized Partially
Observable Markov Decision Process (Dec-POMDP) [17] with two agents. Specifically,
one agent controls the lower body using the policy 7'°¥*", and the other one controls
the upper body using the policy 7"PP*. The observation at timestep t consists of
proprioceptive state o;, previous action a;_1 = [al®%, a;P}*"], root velocity tracking
target v¢, and the pose tracking target g:. Both policies take as input a n-step obser-
vation history @ ,, = {0t—n:ts @t—n—1:4—1, Vinits G4—nu +» and output action al°™* and
a;PP?" | respectively. The predicted actions are then concatenated to form the target

joint positions of joint proportional derivative (PD) controllers.

3.2.2 Lower-body Controller

The task of the lower body is particularly challenging, as it not only needs to track
the root velocity and reference pose, but also must maintain overall body balance
simultaneously. Recent works

Specifically, we adopt the Gated Transformer-XL architecture [18], which consists
of three layers of transformer blocks. This Transformer variant is designed to better suit
RL tasks by replacing standard residual connections with gating mechanisms within
the transformer block. These gates can substantially improve the learning stability and
speed in RL. Note that the lower-body controller takes as input the 15-step observation
history x; 15.

3.2.3 Upper-body Controller

As the primary task of the upper-body controller is to track the reference pose, we
implement it as a lightweight 3-layer MLP, reducing computational resource usage. The



upper-body controller only takes as input the concatenation of the 3-step observation
history x; 3.

3.3 Curriculum Learning

Training a root-based WBC controller from scratch with RL is relatively straightfor-
ward. However, when simultaneously training both lower-body root velocity tracking
and upper-body pose tracking, we observe significant instability. This is likely due to
the distinct objectives of the upper and lower bodies, which interfere with each other
during training. It highlights the necessity of curriculum learning. While curricu-
lum learning is a well-established strategy in RL, our contribution lies in
a task-specific, structured initialization designed for dual-level WBC.

3.3.1 Base policy

Specifically, as training a lower-body controller independently is much easier, we first
train it while keeping the upper-body joints fixed, resulting in a base policy 7°2%¢. The
base policy can either be a locomotion policy or a joint angle tracking policy, depending
on whether we aim to train the root-based mode or pose-based mode controller.

3.3.2 Supervised Initialization

We initially attempted to continue training WBC with RL from the base policy, but
encountered two problems. The first one is that the upper-body controller is prone to
being overly conservative, failing to accurately track the reference pose. The other one
is that the unconvergent upper-body controller disrupted the training of the lower-
body controller, causing it to deviate from the base policy and compromising its ability
to maintain balance. To address these, we propose a supervised initialization process.
Firstly, supervised learning is applied to the upper body to directly mimic the reference
pose: Lgp, (mPPer) = ||7uPPer (g, 5) — g;PP*"||. Meanwhile, we impose a KL regulariza-
tion on the lower-body controller to prevent a large deviation from the base policy:
Lyp (7o) = Dy, [7'°% (- | ,15)[|72(- | ¢,15)] . While these two objectives may
result in a whole-body controller with suboptimal performance, they provide a solid
initialization, facilitating faster learning during subsequent RL training and reduc-
ing the risk of converging to overly conservative local optima. In addition, to further
simplify the task, we reduce the pose amplitude to half of its original value.

3.3.3 RL Training

Based on the initialized policy introduced in the previous section, we further improve
its performance with RL. At this stage, we adjust the pose magnitude back to its
original range. We use the PPO

Our reward function, as listed in Table 1, is carefully designed to improve both
the performance and real-world applicability of the humanoid’s motion. It primarily
includes rewards for tracking the root’s velocity and orientation, along with precise
joint angle tracking. Additionally, we introduce several regularization terms to enhance
the robot’s stability and improve the transferability from simulation to real-world
applications. The key components of our tracking reward are outlined in Table 1.



Table 1: Rewards Specification for JAEGER.

Term Expression Weight
Upper Body

DoF Position exp(—4.0 % |g,or — q) 20.0
Lower Body

DoF Position exp(—4.0 % |g,or — q) 100.0

Feet Height exp(—10.0 * |Atarget — ) 100.0

Linear Velocity exp(—4.0 * |V}in_cmd — Ylinl) 20.0

Angular Velocity — exp(—4.0 * [Vang_cmd — Vang|) 20.0

Roll & Pitch exp(—4.0 x |24 — 99 1.0

After training the models for both modes separately, we distill them into a single
network via imitation learning. Note that, for the root-based mode, we only need to
set the lower-body reference pose command to zero.

4 Experiment

4.1 Experimental Setup

We conduct our experiments in Isaac-
Gym

To examine the effectiveness of our
method, we evaluate three open-sourced
SOTA baselines: HumanPlus

For the root-based mode evalua-
tion, we use the upper body joint angles
from the evaluation set Q and randomly
assign root velocity commands. We eval-
uate the performance of each method via
linear velocity tracking error oot lin-vel
(m/s) and angular velocity tracking error
Eroot-ang-vel (rad/s) for the lower body.
For the upper-body pose tracking, we
calculate the joint tracking error Eypper-j
(rad). Note that OmniH20 is excluded
from this mode since it does not support
root commands.

Table 2: Main results of JAEGER in
root-based mode. The officially released
ExBody checkpoint is used for compari-
son. For HumanPlus, we reproduced the
results using the officially released code.
For root tracking, we compare errors in
tracking root linear and angular velocity.
For the upper body, we compare errors in
tracking joint angles.

Root Tracking Error

Method Eroot-tin-vel 4 Eroot-ang-vel 1 BEupperj +
ExBody 0.2417 = 0.0001 0.4176 % 0.0002 0.1689 + 0.0006
H1  HumanPlus 0.1696 =+ 0.0013 0.3105 = 0.0021 0.2187 % 00001
JAEGER (Ours) 0.1504 = 00263 0.0937 & 0.0142 0.1093 + 0.0010
HumanPlus 0.4026 = 0.000s 0.6209 % 0.0015 0.2547 % 0.0000
H1-2

JAEGER (Ours) 0.2224 + 000

.2184 =+ 0.0062 0.0933 % 0.0001

For the pose-based mode evaluation, we use the whole-body poses from the eval-
uation set O and evaluate the tracking ability of each method. Specifically, we compare
the methods based on upper-body and lower-body joint tracking errors, Eypper-j and
Elower-j (rad), as well as root velocity tracking error Eigot-vel (m/s) and root orien-
tation tracking error, Eioot-rs Eroot-p and Frooty (rad). In this mode, the target root



Table 3: Main results of JAEGER in pose-based mode. For HumanPlus and
OmniH20, we reproduced the results using the officially released code. We calculate
the upper-body joint tracking error E ypper-j (rad), lower-body joints Elowerj (rad),
root velocity tracking error Fyoot-vel (1/s), and root orientation tracking error Eroot-rpy
(rad). Mean absolute error (MAE) is utilized as the metric. JAEGER demonstrates
significantly lower joint tracking errors than baselines.

Root Tracking Error

Method Erootvel 4 Eroot-height + Erootr 4 Erootp 4 Erooty 4 Eupperj + Elowerj |
HumanPlus 0.4220 + 0.00a7 0.1015 = 0.0004 0.0766 + 0.0006 0.1137 & 0.0003 0.6147 £ 0.0002 0.2199 + 0.00a7 0.1284 = 0.0002
H1  OmniH20 0.5424 % 0.002s 0.0853 £ 0.0022 0.0481 £ 0.0024 0.1301 & 0.0041 0.6547 £ 0.0067 0.2217 %= 0.0024 0.2404 £ 0.0021

JAEGER (Ours) 0.3181 & 00009 0.1002 = 0.0001 0.0415 & 0.0001 0.0595 = 0.0001 0.5452 + 0.002s 0.0686 = 0.0001 0.0658 = 0.0001

HumanPlus 0.3078 & 0.0056 0.0673 £ 0.000s 0.0672 & 0.0047 0.1270 £ 0.0012 0.8293 £ 0,006 0.2277 £ 0.0004 0.1722 = 0.0027
H1-2 OmniH20 0.4509 = 0.0020 0.0688 + 0.0021 0.0314 = 0.0024 0.0515 + 0.0056 0.6540 =+ 0.0141 0.2552 + 0.0032 0.2790 =+ 0.0078
JAEGER (Ours) 0.3418 & 0.0004 0.0608 = 0.0000 0.0398 % 0.0001 0.0931 = 0.0001 0.8051 % 0.00s0 0.1192 = 0.0002 0.1000 == o.0001

velocity and orientation are extracted from each trajectory in the evaluation set. In
addition, since OmniH20 is the keypoint position tracking method, we convert its ref-
erence keypoint positions to corresponding joint angles to ensure a fair comparison on
the same dimensional basis. Note that ExBody is excluded in this mode since it does
not support lower-body pose tracking.

4.2 Main Experiments
4.2.1 Root-based mode

The evaluation results of the root-based mode are presented in Table 2. Specifically, we
compare JAEGER with two SOTA baselines, HumanPlus and ExBody, that support
root command and release the code. For the root velocity training and evaluation
range, we set the linear forward velocity as [—0.5,1] m/s, linear sideways velocity as
[—0.5,0.5] m/s, and the angular velocity as [—0.5,0.5] rad/s. Note that we randomly
sample root commands from the evaluation range and the upper-body reference pose
from the evaluation set.

For both H1 and H1-2, JAEGER significantly outperforms the baseline in both
velocity tracking error and upper-body joint angles tracking error. In more detail, for
H1, the average error of the upper body is approximately 0.1 radians (5.7 degrees),
while the errors of the other methods are at least 10 degrees. For velocity tracking
error, JAEGER also shows a significant improvement, especially in angular velocity
tracking, with an error of only 5 degrees per second. HumanPlus, due to its single-
network structure, exhibits noticeable deficiencies in both upper-body angle tracking
and angular velocity tracking. Surprisingly, ExBody, using the official checkpoint, per-
forms the worst. This may be because its training set consists of only a small subset of
AMASS. However, both JAEGER and HumanPlus utilize the entire dataset, result-
ing in stronger generalization capabilities. For H1-2, we can draw similar experimental
conclusions as H1. However, in velocity tracking, H1-2 performs worse than H1 due to



its heavier upper body (with heavier arms and computing modules), which increases
the difficulty of lower-body training.

4.2.2 Pose-based mode

The evaluation results of the pose-based mode are presented in Table 3. Specifically,
we compare JAEGER with two SOTA baselines, HumanPlus and OmniH20, which
support tracking reference pose.

For both H1 and H1-2, JAEGER achieves higher tracking accuracy in both upper-
body and lower-body pose tracking compared to baselines, HumanPlus and OmniH20.
In detail, the joint angle tracking errors of JAEGER are only 30-60% of those observed
in other methods. Meanwhile, JAEGER also demonstrates comparable accuracy in
root tracking. For example, JAEGER exhibits the lowest tracking errors for root roll,
pitch, and yaw on H1. This suggests that our method does not sacrifice other tracking
capabilities to achieve precise joint angle tracking.

Consistent with the results in the root-based mode, we also observe that HI-
2 exhibits larger tracking errors due to its heavier body across all methods. While
both HumanPlus and JAEGER are designed to track joint angles, JAEGER achieves
lower tracking errors across most evaluation metrics, suggesting the effectiveness
of our proposed dual-level controller and curriculum learning process. Furthermore,
JAEGER exhibits low tracking errors in tracking root rotation and velocity, demon-
strating its ability to maintain balance effectively while achieving superior lower-body
pose tracking performance compared to the baselines. OmniH20 demonstrates cer-
tain advantages in root tracking, as it is trained to follow global keypoint positions,
whereas HumanPlus and JAEGER are designed to track joint angles. As a result,
OmniH20 shows the worst tracking ability in joint angles.

4.2.3 Stability

We conducted stability tests by applying lateral forces roughly ranging from 70N to
210N (1-3m/s? equivalent acceleration). The robot consistently maintained balance
or recovered after perturbations in over 90 % of trials. We conducted 5 hardware trials
for each demo motion. The demo motions are in the supplementary material.

4.3 Component Ablations

We also do the ablation studies to evaluate the effectiveness of each component. In
more detail, we compare JAEGER with two ablation baseline: the one without super-
vised initialization, denoted as JAEGER w.o. Init, and the one that uses one
transformer network to control the whole body, denoted as JAEGER single.

We conduct ablation studies to evaluate the effectiveness of each component.
Specifically, we compare JAEGER with two ablation baselines: one without supervised
initialization, referred to as JAEGER w.o. Init, and another replacing the dual-
level controller with a single transformer network to control the whole body, referred
to as JAEGER single.

For the root-based mode, we found that while velocity tracking of JAEGER is
slightly better than those of the two ablation methods overall, there is a significant

10



Table 4: Ablation studies of JAEGER in pose-based mode. JAEGER w.o. Init refers
to the controller trained directly without supervised initialization. JAEGER Single
refers to the controller using one transformer network to control the whole body.

Root Tracking Error

Method Eroot-vel +  Eroot-height + Erootr 4 Eroot-p + Erooty | Eupper-j + Elower-j 4

JAEGER w.o. Init 0.3059 % 0.0000 0.0982 = 0.0000 0.0419 & 0.0001 0.0549 = 0.0001 0.5718 & 0.0010 0.0780 = 0.0001 0.0667 = 0.0001
H1  JAEGER Single 0.3142 4 0.0000 0.0958 £ 0.0001 0.0408 == 0.0001 0.0550 % 0.0001 0.5601 = 0.0010 0.2469 % 0.0001 0.0654 £ 0.0001
JAEGER (Ours) 0.3181 & 0000 0.1002 £ 0.0001 0.0415 & 0.0001 0.0595 =+ 0.0001 0.5452 &= 0.0028 0.0686 = 0.0001 0.0658 == 0.0001

JAEGER w.o. Init  0.4108 % 0.0037 0.0664 = 0.00s5 0.0577 % 0.0005 0.0781 = 0.0002 1.5397 % 0.00s0 0.4088 + 0.0010 0.1137 = 0.0004
H1-2 JAEGER Single 0.6634 & 0.002s 0.0643 £ 0.000s 0.0755 & 0.0002 0.0989 £ 0.0002 1.1690 £ 0.0000 0.2477 % 0.0005 0.1112 = 0.0003
JAEGER (Ours) 0.3418 & 0.000s 0.0608 + 0.0000 0.0398 & 0.0001 0.0931 = 0.0001 0.8051 % 0.00s9 0.1192 = 0.0002 0.1000 = 0.0001

Table 6: The compari-
son of different retargeting
methods in terms of
real-time performance
(s/frame) and retargeting
error (m/frame).

Table 7: The smoothness of the joint angle
sequence is evaluated using the Root Mean
Square of angular acceleration, the second dif-
ference of the angle (rad/s?), where lower values
indicate higher smoothness.

Left Shoulder Right Shoulder
Method Real-time  Error
Method Pitch  Roll Yaw  Pitch  Roll Yaw
HumanPlus 0.00200 0.16908
_ H20 0.0143  0.0105 0.0147 0.0100 0.0065 0.0118
H20 9.05409 0.14476

JAEGER (Ours) 0.0069 0.0033 0.0052 0.0070 0.0031  0.0054
JAEGER (Ours) 0.00064 0.13567

difference in upper-body tracking. As shown in Table 5, JAEGER performs better
in upper body tracking. In contrast, JAEGER Single performs the worst in upper
body tracking. We speculate that when a single policy controls the entire body, the
upper and lower body movements may interfere with each other. Specifically, larger
upper-body movements can increase the difficulty of maintaining lower-body stability.
During training, the policy can easily sacrifice the performance of one task to satisfy
the tracking ability of the other. For example, on H1-2, JAEGER Single demonstrates
best performance on root tracking error but the worst joint angle tracking ability.
This validates the advantage of the dual-level controller, where separate controllers
can focus more on their respective tasks. In addition, JAEGER’s better performance
than JAEGER w.o. Init also highlights the importance of supervised initialization. A
good initialization can influence the sub-optimality where the model can converge.
In the root-based mode, we found
that while JAEGER slightly outperforms
the two ablation methods in velocity
tracking overall, there is a significant
difference in upper-body tracking. As

Table 5: Ablation studies of JAEGER in
root-based mode.

Root Tracking Error

. Method Eroot-tin-vel + Eroot-ang-vel Eupperj ¢
shown in Table 5, JAEGER performs otho vt B e
. . JAEGER w.o. Init  0.1953 + 00152 0.2015 % 00075 0.1627 = 0.0001
the best in uPper_bOdy tracking, whereas H1 JAEGER Single  0.2039 %000 02776 £ ooz 0.5377 % oo
JAEGER Slngle performs the worst. JAEGER (Ours) 01504 £ aoaes 0.0937 £ooii2  0.1093 % 00010
JAEGER w.o. Init 0.2488 % oo 02780 £ oomss 01286 % oooms

H1-2 JAEGER Single 0.2026 =+ 0.0273 0.1865 =+ 0.0230 0.4693 = 0.0070
1 1 JAEGER (Ours) 0.2224 + 00150 0.2184 + 0.0062 0.0933 = 0.0001




We speculate that when a single pol-

icy controls the entire body, upper-body

and lower-body movements may inter-

fere with each other. Specifically, larger

upper-body movements can make it more difficult to maintain lower-body stability.
During training, the policy may sacrifice the performance of one task to improve the
tracking ability of the other. For example, on H1-2, JAEGER Single achieves the
best performance in root tracking error but the worst in joint angle tracking. This
highlights the advantage of the dual-level controller, where separate controllers can
focus more effectively on their respective tasks. Additionally, JAEGER’s superior per-
formance compared to JAEGER w.o. Init emphasizes the importance of supervised
initialization, as good initialization influences the model’s ability to converge to an
optimal solution.

As depicted in Table 4, we can observe a similar phenomenon for pose-based mode:
the dual-level controller performs better than the single controller, especially for the
upper-body joint angle tracking, and supervised initialization can help the model
converge to a better performance. In the pose-based mode, the difference is not as
significant as the root-based mode. The reason is that the velocity is generally lower,
which results in less interference from the upper body with the lower-body’s balance.
In summary, these results again verify the effectiveness of each component.

As shown in Table 4, a similar trend is observed in the pose-based mode: the
dual-level controller outperforms the single controller, especially in upper-body joint
angle tracking, and supervised initialization improves model convergence and perfor-
mance. Similar to the root-based mode, JAEGER Single struggles with upper-body
joint tracking but performs well in lower-body joint tracking, maintaining low errors.
Additionally, JAEGER w.o. Init exhibits significant failure in upper-body tracking for
H1-2. This is due to poor initialization, which may cause some joints in the upper
body to converge to a suboptimal solution, resulting in a higher average error. As for
lower-body tracking, the three methods demonstrate comparable performance. Differ-
ences in root tracking errors among the three methods are less significant compared
to the root-based mode. This can be attributed to the generally lower root velocity in
the pose-based mode, which reduces the interference of upper-body movements with
lower-body balance. In conclusion, these findings further confirm the effectiveness of
each component.

4.4 Retargeting Analysis

In this part, we evaluate our retargeting method and baselines from the perspectives
of real-time performance, accuracy, and smoothness. Since retargeting does not need
to consider whether the pose is feasible for the humanoid, we use the entire AMASS
dataset as the evaluation set. We conduct the following experiments on a platform
equipped with an RTX 4060 GPU.

For real-time performance, each retargeting method processes motion sequences
frame by frame, with the metric being the average time taken to process a single frame.
The results are shown in Table 6. Our method significantly outperforms the others.
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It turns out that the MLP enables control rates over 1000Hz, which is ideal for low-
latency teleoperation applications, e.g., surgical robotics. For accuracy, the targets are
joint positions of the human original pose in terms of its shape. We compare the average
error between the joint positions of the humanoid robot obtained by different methods
and the targets. As shown in Table 6, our method achieves accuracy comparable to
H20 and outperforms HumanPlus. The subpar performance of HumanPlus is due to
directly copying the angles without considering the differences in DoF structures and
geometric sizes between the humanoid and the human model.

We also want to emphasize that MLP-based retargeting method offers advantages
over IK approaches in terms of global continuity and computational efficiency. We
randomly select a sequence consisting of 2000 frames. This sequence is then separately
processed through our MLP-based method and the IK method adopted in H20 for
the retargeting task. Table 7 shows the smoothness of joint angles of both the left and
right shoulders. Specifically, the smoothness is evaluated by the Root Mean Square of
angular acceleration. The results verify the superior output smoothness achieved by
our MLP-based method, which is essential for real-world deployment.

5 Conclusion

In this paper, we present a novel dual-level humanoid whole-body controller that com-
bines both root velocity tracking and local joint angle tracking. By decoupling the
upper and lower bodies into separate controllers, we reduce interference and improve
the efficiency of training. Experimental results demonstrate that our method outper-
forms existing baselines in simulation. In addition, we also deploy our controller to
real-world humanoid robot scenarios and show promising performance.
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