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Fig. 1: Humanoid robot doing whole-body tasks that require both precise manipulation and robust locomotion. The robot
can a) dance with its arms while the lower body maintains balance, b) push a wheelchair with a human, ¢) walk while
carrying a scooter, d) use an elevator, e) collect and throw away trash, f) open the fridge, take and deliver a bottle of water,
and g) put a food storage container into the microwave.

Abstract— Humanoid robots require both robust lower-body
locomotion and precise upper-body manipulation. While recent
Reinforcement Learning (RL) approaches provide whole-body
loco-manipulation policies, they lack precise manipulation with
high DoF arms. In this paper, we propose decoupling upper-
body control from locomotion, using inverse kinematics (IK)
and motion retargeting for precise manipulation, while RL
focuses on robust lower-body locomotion. We introduce PMP
(Predictive Motion Priors), trained with Conditional Variational
Autoencoder (CVAE) to effectively represent upper-body mo-
tions. The locomotion policy is trained conditioned on this
upper-body motion representation, ensuring that the system re-
mains robust with both manipulation and locomotion. We show
that CVAE features are crucial for stability and robustness,
and significantly outperforms RL-based whole-body control in
precise manipulation. With precise upper-body motion and
robust lower-body locomotion control, operators can remotely
control the humanoid to walk around and explore different
environments, while performing diverse manipulation tasks.

* Equal contribution.

I. INTRODUCTION

Our ability to precisely grasp objects while being on the
move is essential to our daily lives. Looking at humanoid
control, what we demand of its arms is quite different from
those of the legs: We want the arms to be versatile enough to
apply variable forces, to hold objects at a fixed position and
to move rapidly, such as when catching a ball. Meanwhile, its
legs must also maintain balance. It should be able to walk
while carrying a box, or to run while it dribbles. Current
state-of-the-art humanoid whole-body control is unable to do
this. The key missing piece is a way to integrate expressive
and load-bearing movements of the upper body with control
of the legs that fully captures common ranges of motion.

Recent advances in whole-body humanoid control using
Reinforcement Learning (RL) have demonstrated the ability
of robots to robustly execute a wide range of motions [1]-[3]
from large-scale human motion dataset [4] or teleoperation
[5], [6]. RL commonly exposes the robot in simulation to a
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variety of target motions and failure modes. Such setups are
able to produce performant policies that can directly deploy
in the real world, but at the expense of expressiveness, due
to Reinforcement Learning’s tendency to seek and overfit to
particular modes. RL policy is also not well-suited for high
DoF positional and orientation control [7], [8] and can output
unpredictable actions for arms, especially in dynamic walk-
ing scenarios. It brings additional complexity to training the
policy as well. These experimental results share a consensus
with our observations that different mechanisms are required
to control arms and legs.

The upper body’s movements can be efficiently computed
using inverse kinematics (IK), without needing to address
complex balance challenges. Based on this, we propose re-
moving the upper-body tracking during RL training, leaving
the RL controller responsible solely for robust walking based
on velocity commands. This approach reduces exploration
and training costs while ensuring high precision for the upper
body using direct joint position control.

While decoupling upper and lower bodies brings benefits
to the manipulation precision, prior studies [2], [3], [8] also
show that fully decoupling the control of the upper and lower
body may lead to instability or loss of balance, as it fails to
account for the interaction between them. The goal of this
work is to develop an integrated system that combines the
precision and expressiveness of classical motion planning for
the upper body, with the real-world robustness of locomotion
control trained via deep reinforcement learning, in a single,
whole-body control system. We do so by treating this as
a representation learning problem, that starts with learning
Predictive Motion Priors (PMP) of the upper body move-
ment using a conditional variational autoencoder (CVAE) to
encode upper-body motions as the observation of the policy.
Specifically, we first train a CVAE on a motion dataset.
Conditioned on past motion frames, the decoder of the CVAE
predicts future motion frames with a randomly sampled latent
vector. Next, we train an RL locomotion policy that observes
the latent vector as an observation. The output of the RL
policy only involves motors for the lower body and the upper
body motor angles can be set in a general way such as IK
or motion retargeting, resulting in higher precision.

This decoupled structure is particularly well-suited for
teleoperation systems designed for loco-manipulation tasks,
where the operator can control the robot’s mobility using
simple velocity commands while simultaneously performing
precise arm and hand operations. By leveraging inverse
kinematics (IK) and hand re-targeting, the teleoperator can
efficiently perform complex manipulation tasks without the
need to focus on balancing or lower-body coordination. As
shown in Figure 1, this enables us to perform fine, dynamic,
and load-bearing manipulation tasks more efficiently, even
when the robot is on the move. We compare our method and
previous approaches in detail in Table 1.

To test the generalizability of our method, we experiment
with both the Fourier GR1 and the Unitree HI robots in
simulation, and evaluate the Unitree controller in the real
world. We test its robustness by performing large motions in

Metrics PMP ExBody | OmniH20 | HumanPlus
(Ours) [2] [3] (1]
Arm DoFs 7 4 5 5
PrManip v X X X
Robust Walking v v v X

TABLE I: Comparisons with whole-body control methods.
PrManip means whether arm motions are directly controlled
and do not go through RL mapping. Robust walking means
whether the work shows at least 10 seconds of robot walking.

a teleoperation setup that involves the robot bearing various
loads (Figure 1). Our result showcases PMP’s ability to
realize accurate upper-body control for a pair of high-DoF
arms while remaining robust, a new capability previously
unseen by prior methods.

II. PROBLEM FORMULATION

We focus on providing a lower-body controller that tracks
a given body velocity while maintaining stability when the
upper body performs dynamic actions.

We consider this problem as a goal-conditioned motor
policy :G S ¥ A. The goal space G includes the target
behavior of both the root and the upper body. S consists
of proprioception and auxiliary information obtained from
observations. The auxiliary information in our work is the
motion prior, which we will go into detail in the next section.
A is the action space, which contains the PD torque control
input for each joint.

a) Goal Space for Locomotion Control and Upper Body
Motion : The goal space G contains two parts: the locomotion
goal G™ = hv;r;p;y; hi for the lower body, and the upper
body motion goal GY = hg"PP*'i. The base locomotion is to
track the given linear velocity v 2 R3, orientation described
by Euler angles roll r, pitch p, and yaw Y, and the base height
h. g"PPe' is the target position of upper body joints including
the waist, shoulders, elbows, wrists, and hands. For the target
platforms of this paper, HI (with dexterous hands) and GR1
contain 27 and 19 upper-body joints, respectively.

b) Decoupled control policy: We decouple the control
policy by = [ ueper; lower]  upper jg the open loop con-
trol, directly outputting the upper body motion goal q"PPe'.

lower g trained by RL. It observes proprioception Sy =
[d¢; O¢; we; 9t at 1] and the locomotion command where
Ot; Q¢ is current joint positions and velocities, wy 2 R3 is
current base angular velocity, Q¢ is current projected gravity,
ar 1 2 R'2 is the previous action. Both GR1 and H1 have
12 joints in the lower body. Our method takes auxiliary
information as input including gait periodic signals and
motion prior.

III. METHOD

As illustrated in Figure 2, our training pipeline consists
of three stages. The first stage involves preprocessing a
given human motion dataset, where we apply a local rotation
mapping to convert the local rotation matrices into joint
angles on the robots. We follow the data filtering and retar-
geting process described in ExBody [2] to get a retargeted
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Fig. 2: The training pipeline consists of three stages: (a) preprocessing of the motion dataset by mapping local rotation, (b)
training a CVAE to capture prior knowledge of upper body human motion, and (c) RL training where the upper body is
controlled using sampled target joint positions and the lower body is trained using prior motion representations.

motion dataset M. In the second stage, we train the model
to autoregressively generate future motions based on the
retargeted dataset. The generated motion sequence is then
used to extract motion priors, which we introduce in detail in
section III-A. In the third stage, we directly control the upper
body using sampled target joint positions in a curriculum
schedule. This is then combined with the lower body control
for whole-body movements.

A. Motion Prior Training

Since our control policy decouples the upper and lower
body, the robustness of the lower body control becomes
critical when the upper body controller has separate policies.
The key to addressing this challenge lies in informing the
lower body control with prior knowledge of upper body
movements. Specifically, we estimate the future motions of
the upper body from previous motions based on the retar-
geted dataset, and train a representation to be incorporated
in the state space of the lower body control. We define this
representation as Predictive Motion Priors (PMP).

Conditional variational autoencoder (CVAE) has been
shown as an effective motion representation [9], [10]. A
CVAE architecture contains a prior model R, an encoder
E, and a decoder D. Given an upper-body motion sequence
within a time frame of t W to t+ W, where W is a time
window, the prior model R calculates a prior distribution for
a latent vector z¢. It allows us to generate the essential future
upper-body motion from z¢ 2 RH. z; is the desired motion
prior for our policy.

Formally, we model the encoder and prior distribution as
diagonal Gaussian:

ROM) =N(j (M) (MD)) (1)
E(MEMD) =N (] (MM (MEMY); - @)
where M? = gy ; and M} = gfny 1 are two

consecutive motion sequence.

During training, (M?; M) are sampled from the dataset
M. The objective in the evidence lower bound is as follows:

logP (M{iMY)  E;, & [D(M{jze; MP)]
KL (E(zgM2; M) k R(zgMY)) :

In the specific implementation, the structures of R, E,
and D are three-layer MLPs, and the size H of z; is 64.
The decoder D is responsible for reconstructing the future
motion sequence M{ from the latent vector z¢. The decoder
learns to map Z; back into the space of motion sequences,
aiming to generate a future motion sequence M{ that closely
resembles the original future motion sequence. The window
length W corresponds to a real time of 1S. Due to different
control frequencies, W is 50 for H1 and 100 for GR1. In
the next stage, we use the prior model R to calculate motion
prior z¢, which is as state input for the control policy.

B. Decoupling Policy Training

We use PPO [11] to train the lower-body policy. During
training, the environment will randomly sample a motion
sequence M¢ = g;"F" from the retargeted motion dataset M
at the beginning of a new episode. At step t, gy will be
directly set as the PD target of the humanoid’s upper body.

To overcome the exploration burden for RL with hard
motions, we introduce an adaptive difficulty factor ; for
each motion i, adjusting the amplitude of the upper body
motions in a curriculum schedule. Given a sequence of
upper-body motion i, denote the target joint position to be
Quarger- For the PD controller of the joint position during the
curriculum, we follow

upper
qcurriculum

3)

=do+ i(Guge o)
where (o is the default joint position for the robot.

The difficulty factor ; changes when the environment is
reset with the following rule:

survival time  90% total time

i +0:05
i . ) 4)
i 0:01 otherwise



For reward design, we follow ExBody [2] with addi- To answerQ2, we conduct robustness tests under pertur-
tional explicit gait periodicity rewards, as seen in previoudations such as pushing the robot and varying the playback
work [12], [13]. speed of upper-body motions. We assess precision by the
average upper DoF errd#;.** and stability by the average
) _projected gravityEgy. The results are presented in Figure 3.

We use the Unitree H1 robot for our real-world experi-ng gisturbances increase, the precision comparison shows
ments and an additional Fourier GR-1 robot for simulatiog, ot p\p consistently exhibits superior tracking accuracy
experlments. The details of the H1 ropot are sh.own in F'gur&)mpared to methods like ExBody by abal@% showcas-

4 right. We aim to answer the following questions by bothg the advantage of decoupled upper-body control. Regard-
simulation and real-world experiments: ing stability, we observe that the introduction of motion prior

1) How well doesPMP perform compared to those meth-and motion curriculum signi cantly improves the policy's

ods in learning-based upper-body control? robustness by abou5% in terms of projected gravity.

2) How does the tracking precision and the stability 0Overall, our results demonstrate tHaWP achieves precise

PMP perform when a disturbance occurs? upper-body control while maintaining robustness.
3) How doesPMP perform in real-world scenarios requir-

ing both robust locomotion and precise manipulation?B. Teleoperation Setup

To test the performance of our method in the real world,
we set up a real-world teleoperation system with the Unitree
H1 robot. The teleoperation of the active neck and upper
. . . body follows the pipeline described in [5]. The operator uses
!Exbody: 'Th|s bgselmes. upper body control policy the Apple Vision Pro to track hand and head movements,
IS RL-tralneq with tra_lc_kmg re_vyards for upper bOOIyWhich are then translated into the robot's joint angles through
target keypoints and joint positions. The code for Hl, o e Kinematics (IK) and motion retargeting. The stereo

IS sourcgd from the Exbody's [2] chebase. Th? COdEamera's stream is transmitted to the VR headset as an
for GR1 is sourced from our own reimplementation. .o cive display in real-time

EXbOdY (Whole'): Thls.baselmtle‘s upper body control For the lower body control, since our policy receives
policy is RL-tralne_d with tr_aqkmg r_e\_/vards for whole- hv;rpy;hi as its locomotion goal, it is compatible with
.bOdy target keypoints arl1d joint positions, T_he_Hl COd%ny input device capable of providing these commands.
IS soyrced from Exbo.dys codebase, and §|m|Iar me.trbur system offers two different teleoperation setups for
ods include Humanp|dPIus [ and. an|H20 [3] "Nocomotion control. The rst involves separate control: one
terms O.f reward §ett|ngs and RL tram.mg. operator controls the upper body using the VR headset, while
PMP W't.hOUt motion prior :_Th|s l:_)asellne uses decou- another operator controls the lower body using a remote
pled po_llcy but W'.thOUt mptlon prior. . controller with joysticks. The second setup features a uni ed
PMP without .motlon _cumculum ; .Th's IS an ablat_lon control, where a single user who controls the upper body
study on m°“°’.‘ curnc_ulum. In this baseline, thein also controls the lower body using pedals, as depicted in
the motion curriculum is always set to 1. Figure 4 left. This uni ed setup allows the entire humanoid

IV. EXPERIMENTS

A. Simulation Results

To answerQl in simulation, the performance &fMP is
evaluated by comparing it with the following baseline:

Our metrics are as follows: to be teleoperated by one person. Our teleoperation system

1) Precision upper joint position erroE 2™, upper key s capable of performing a diverse set of loco-manipulation
point position errofE ;2" tasks, as shown in Figure 1.

2) Smoothnessupper joint acceleratiof 5ot , upper ac-
tion difference "PPe" C. Real-World Results

3) Locomotion command linear velocity errdg e, com- To answerQ3, we conduct experiments to evaluate the
mand angular velocity errde ang locomotion robustness and manipulation precision.

4) Stability: lower joint acceleratiorE 2", lower action 1) Robustness TestTo demonstrate that our method
differenceE 24", projected gravityE . maintains stable locomotion control, we conduct a robustness

Results are shown in Table Il. We observe that the corest, as in Figure 5. The robot's robustness is evaluated
trol policy employing the decoupling method proposed irby applying a pushing force to its torso and measuring
this paper demonstrates signi cantly highprecisionand the maximum pitch velocity, the maximum pitch deviation,
smoothnes tracking upper-body motion targets comparedand the recovery time. The policies tested includars
to the use of a learnable policy for the upper body. FofPMP) andOurs (PMP) w/o motion priot We present the
locomotionand stability, results from the H1 reveal that the robustness testing results for both walking and standing
decoupling strategy leads to a decline in performance metricsodes separately, as shown in Table .
for motion command tracking and lower-body stability, due When the robot is pushed while walking, both policies
to the common trade-offs in loco-manipulation. Howeverperform equally well at recovering to stable states. When
PMP, by leveraging motion prior and motion curriculum, im-pushed while standing, the policy trained with motion prior
proves lower-body stability, achieving performance metricexhibits less deviation from the stable pose and requires
comparable to the best baseline. less time to recover. The recovery process in the standing



Method EabPels EUWPRSr 4y pUPRETy  pUPPETy Evel #  Eang# EQwery Elower 4 Eo#

action kpe jpe action

(a) Simulation results for H1

Ours (PMP) 5.07 0.00280 0.02161 0.02355 0.01296 0.01947 13.28 0.01651 1.301
Exbody 11.93 0.01595 0.02303 0.03125 0.00784 0.02105 14.69 0.01651 1.367
Exbody (Whole) 9.97 0.01576  0.02474  0.03788).00782 0.02051 14.76 0.01553 1.454

Ours w/o motion prior 5.24 0.00282 0.02146 0.02425 0.01349 0.02081 13.27 0.01623 1.585
Ours w/o curriculum 5.39 0.00289 0.02150 0.02440 0.01481 0.02057 13.54 0.01645 1.597
(b) Simulation results for GR1

Ours (PMP) 3.08 0.00054 0.02165 0.007300.00409 0.00886 7.83 0.00784 0.420
Exbody (Reimplementation) 7.47 0.00200 0.02282 0.01006 0.00978 0.01448 980425 0.835

Ours w/o motion prior 3.11 0.00054 0.02166 0.00730 0.00393 0.00899 8.07 0.00773 0.442
Ours w/o curriculum 3.38 0.00055 0.02166 0.00737 0.00424 0.01105 9.24  0.00916 0.546

TABLE Il: Comparisons with baselines. We sampldrajectories for each motion from the dataset in simulation and report
their mean episode metrics. The locomotion commands are from the base state of the corresponding motion.

Fig. 3: Evaluation for precision (Top) and stability (Bottom) under disturbance (lower is better for all gures). We sample
5 trajectories for each motion from the motion dataset in simulation and report their mean episode metrics for each type of
disturbance. The locomotion commands are from the base state of the corresponding motion. The robot is pushed every 5

seconds by a sudden increase in velocity to a valupush _vel . Motion speed is changed by multiplying the frame rate
of retargeted motion by the corresponding factor. PMP shows lower values, which correspond to better performance.

mode generally takes longer than in walking mode, as theported in Table IV. The results are computed along trajec-
robot may sometimes need to take additional steps to adjusties collected while the robot performs the four tabletop
and stabilize itself if it cannot nd a stationary leg positiontasks as described in [5].

initially. The policy trained with motion prior signi cantly

reduces both the occurrence and duration of this scenario.

2) Precision Evaluation:We evaluate the precision of our

method in arm tracking by measuring the distance betweenThe results suggest that our system closely tracks the
the tracking objectives (left & right wrist poses tracked by thenovement of human wrists. Notably, there are two layers
Apple Vision Pro) and the actual poses of the robot wristef smoothing operations between the human wrist poses and
in the real world. Since directly measuring the real-worldobot joint angles: a linear Iter applied on the wrist poses,
poses is intractable without accurate motion capture devicesd PD controllers. The tracking errors are also exaggerated
we instead use poses computed through forward kinematibg interactions with objects. Despite all these factors, our
based on arm motor readings. The tracking distances agstem consistently maintains a low tracking error.



Metrics Ours Ours w/o motion prior

Max (abs) pitch vel (rad/s) 0.253 0.296
Pitch deviation range (rad)  (-0.15Q@,039 (-0.138 0.050)
Recovery time (s) 0.59 0.66

(a) Robustness testing results - walking

Metrics Ours Ours w/o motion prior
Max (abs) pitch vel (rad/s) 0.241 0.331
Pitch deviation range (rad) (-0.150, 0.029) (-0.161, 0.051)
Recovery time (s) 4.46 5.38

(b) Robustness testing results - standing

TABLE Ill: Robustness testing results; each number is av-
eraged over ten pushes. Recovery time represents the time
elapsed before the robot can steadily walk or stand in a
Fig. 4: Left: Uni ed teleoperation setup, where a single usestationary location again.
uses Apple Vision Pro to control the upper body and uses

. . Task m m m roll(rad itch(rad aw(rad
pedals to send lower body locomotion commands. Right: HL— xm  ym  z(m) (rad) _pitch(rad) _yaw(rad)
robot with customized neck and head. We mount a 6-DoFS°'ting ~ 0.011  -0.032° - 0.008 ~ 0.002 0.040 0.016

. Insertion  0.027 -0.018 0.006 -0.021 -0.009 0.036
dexterous hand' for eaph arm. The .actlve nepk and stere@oging  0.044 -0.018 0002 -0.013 .0.010 0.171
camera are for immersive teleoperation following [5]. Unloading 0.027 -0.028 0.008  -0.045 0.040 0.093

TABLE IV: Arm tracking errors. For each task, the errors are
averaged over twenty trajectories, the equivalency of roughly
30 minutes of arm movement under 50 Hz control frequency.

manoid robots naturally have two arms for manipulation and
two legs for locomotion. [58] uses hierarchical visual-motor
policy with implicit-hierarchical whole-body control to do
ne manipulation. However, no robust walking is shown in

) ) ) _the real world and the focus is on static manipulation. [59]

standing; Right: robot recovers to the stable standing posg;m-to-real techniques and lacks the ability to generalize to
a wide variety of tasks.
Motion Representation Learning. Human and robot mo-
V. RELATED WORK tions are in high-dimensional temporal-spatial space. A good

Whole-Body Control for Humanoid Robots. For hu- representation of motion facilitates motion understanding,
manoid robots to be useful, they need to be both robugeneration, and imitation. Adversarial imitation methods
in mobility and precise in manipulation. This is previouslysuch as [60]-[63] work well with small motion datasets
primarily achieved by dynamics modeling and control [14]-but suffer from mode collapse as the motions scale. [64]-
[27]. More recently, deep reinforcement learning methf67] learn reusable motion representations via conditional
ods have shown promise in learning complex locomotioMariational encoders in simulation to generate novel motions.
skills for legged robots [8], [28]-[46]. Whole-body loco- However, how CVAE can coordinate whole-body movements
manipulation from high-dimensional sensory inputs has bedar real humanoid robots has not been well studied.
studied for quadrupeds [8], [47]-[49] and humanoids [1]-[3],
[32], [50], [51]. In [1][3], authors train whole-body policies VI. DISCUSSION ANDLIMITATION
that output the actions for the entire body for robustness. This paper introduces a novel whole-body controller for
[2] decouples the upper and lower bodies' objectives tbumanoid robots, which separately models the upper body
compensate for morphological differences between humamsth IK and retargeting, and the lower body with RL con-
and robots. [1] trains one transformer for whole-body contrdrollers. To bridge upper and lower bodies for robust control,
of the humanoid robot and another transformer for imitatiowe introduce Predictive Motion Priors to encode upper-body
learning. [3] trains goal-conditioned policies for variousinformation for lower-body RL training. We show superior
downstream tasks. However, these works focus on wholperformance in both simulation and real-robot whole-body
body control with smaller arm DoFs (4 or 5) and do not studgontrol, as well as teleoperation experiments.
how the precision of the upper body affects manipulation. While our method allows the humanoid robot to conduct a

Loco-Manipulation. Quadrupedal robot can either usevariety of loco-manipulation tasks, the separation of upper-
their legs for manipulation [48], [52]-[55], or with an ad- body and lower-body controls limits the robot from certain
ditional mounted manipulator [7], [8], [49], [56], [57]. Hu- agile tasks. However, the current humanoid hardware still
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