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Abstract— Despite significant advances in bipedal locomotion,
enabling humanoid robots to perform general whole-body
tasks through meaningful interaction with their environments
remains a challenging open problem. While deep reinforcement
learning (RL) has recently demonstrated impressive results
in dynamic walking — even on complex and unpredictable
terrain — real-world utility demands that humanoids go beyond
locomotion to execute task-oriented behaviors.

In this work, we propose a framework for teaching humanoid
robots to imitate humans doing useful tasks by training policies
for tracking human motion references. Our approach leverages
high-quality in-house motion capture (MoCap) data, from
which we perform kinematic retargeting to project human
trajectories onto a humanoid platform. Crucially, we adopt
a hybrid learning paradigm: the policy is trained to track
upper-body and root motions from the MoCap data, and
receives additional supervision from a pre-trained omnidirec-
tional walking expert. This expert guidance, implemented via
a Behavior Cloning (BC) objective, ensures that leg motion
respects dynamics and kinematic constraints of the humanoid.
We train policies entirely in simulation and successfully transfer
them to a real humanoid robot. We validate our method on a
box loco-manipulation task, demonstrating effective sim-to-real
transfer and marking a step toward more capable, task-driven
humanoid behavior.

I. INTRODUCTION

Deep reinforcement learning (RL) algorithms have made
significant progress in recent years for controlling legged
robots. Quadruped robots can now efficiently accomplish
a wide variety of complex locomotion tasks using RL
approaches, such as parkour [1], search and rescue [2] or
acrobatics [3].

Compared to quadrupeds, learning-based humanoid
whole-body locomotion is still less developed, though in-
terest has accelerated recently as real-world environments
are fundamentally build around the human form factor [4].
Progress has increased notably in the recent few years [5],
[6]. But humanoids remain harder to train due to their greater
complexity and inherent instability, which demand additional
techniques for achieving reliable balance [7]. These factors
also make reward design, training strategies, and sim-to-real
transfer more involved and dependent on expert tuning.

In this paper, we seek to mitigate this burden by proposing
a framework for humanoid loco-manipulation that leverages
human demonstrations to guide RL exploration.
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Fig. 1: Loco-manipulation scenario with a H1 humanoid robot: picking a
box up and dropping it off on another table.

In the RL scheme, properly shaping the reward function
is key to guide the learning process and accomplish the
desired task. Some terms directly stem from common sense,
such as a penalties when getting close from hardware limits,
and others from intuition and the nature of the task itself.
However, as task complexity grows, so does the pressure
put on the reward function to achieve natural, efficient and
safe motions [8]. Stacking dense reward terms to control all
aspects of the task increases the burden of hyperparameter
tuning and can adversely constrain exploration if badly
chosen [9]. Sparse reward terms enable more leeway but the
lack of clear guidance can hinder the learning process as the
agent receives feedback infrequently [10]. In cases where one
already knows how to solve the considered tasks, imitating
a fixed reference comes as a way to alleviate this struggle
by directly providing the robot with demonstrations on how
to behave to solve them [11].

In this paper, we present a framework for humanoid
loco-manipulation focused on a practical box-handling task
involving approach, transport, and placement. We demon-
strate that combining reinforcement learning with imitation
of human demonstrations is a viable strategy for producing
successful, deployable policies. The core idea is to rely on
human demonstrations for the components of the task that
involve fine-grained robot–environment interaction, such as
grasping, lifting, and placing, while using reference-free RL
to learn robust omnidirectional walking through model-free
exploration in simulation. This decoupling allows the system
to exploit the strengths of model-free RL (using Proximal
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Policy Optimization (PPO) [12]) while also alleviate the
problem of reward desiging. It also makes it possible to
leverage recent advances in sim-to-real transfer to obtain
high-performance locomotion on hardware. We validate the
full framework on the Unitree H1 humanoid robot, showing
that the learned policy executes the complete box loco-
manipulation sequence in the real world. Furthermore, we
show simulation studies indicating that anchoring the ma-
nipulation portion of the policy to reference motion does not
constrain its ability to generalize, and the learned controller
can successfully adapt to novel scene layouts and object
placements.

In summary, our contributions are the following:

1) We design a two-stages learning pipeline for humanoid
box loco-manipulation that relies on a mix of reinforce-
ment learning for frame-by-frame motion tracking and
behavior cloning.

2) We study the robustness and generalization of the
trained policy under variability between the data cap-
ture scene and the policy deployment scene.

3) We highlight how this generalization can be exploited
for long distance transport by manipulating the pick
and drop locations.

4) We validate our framework by deploying it to a real-
world H1 humanoid robot and demonstrating the re-
producibility of the whole pick-and-drop cycle.

II. RELATED WORK

The control of biped robots has been studied for decades.
Back in the 1970s, the WAP-1 could already playback move-
ments using artificial rubber muscles [13]. The WL-10 RD
biped that came later in the 1980s achieved a quasi-dynamic
gait transferring support from one foot to another [14]. As the
fundamentals of bipedal locomotion started to be mastered,
the question of exploiting the manipulation capabilities of a
upper body rose as well. These early developments culmi-
nated in 1999 with the WABIAN humanoid robot capable of
moving while transporting loads with its arms [15]. As both
hardware and control frameworks progressed, more com-
plex loco-manipulation scenarios started to be explored, like
pushing at table [16] or achieving cooperation between two
robots to carry a stretcher [17]. Task-space force controllers
can now achieve reliable manipulation of rigid objects and
articulated mechanisms, such as doors, drawers, boxes and
tables [18], [19]. Provided that the environment is known,
humanoid robots can even actively use their surroundings as
part of their control scheme by using their arms to support
themselves or grabbing a railing to climb stairs [20]. Recent
works include exteroception in their control pipeline for
environment reconstruction to achieve autonomous multi-
contact planning [21], [22]. Model-based control frame-
work are now mature enough to consider industrial loco-
manipulation applications [23], [24] although they require
extensive software engineering efforts to run in real time
and are per nature sensitive to status and model uncertainties,
especially for contacts.

Model-free learning approaches appear as a compelling
solution to address these issues by circumventing the need
to model contacts as part of the control pipeline, as well as
having a low computational footprint once trained. Following
their rise in the recent years, a wide range of algorithms have
achieved impressive results in solving complex tasks [6],
[25]. Humanoid locomotion has seen a resurgence of recent
developments that benefit from techniques and tools already
applied on quadruped robots. Although training policies in
simulation before transferring them to the real world has
been a popular approach for a while [26], [27], it has now
been boosted by several GPU-based simulators capable of
simulating thousands of robots in parallel [28], [29], which
has streamlined this process [30]. However, even with this
step up in term of sample generation, exploration remains
an issue for complex tasks, especially when the robots bring
their inherent complexity, like humanoid robots.

Imitation learning, also referred to as learning by demon-
stration, offers the means to quickly transfer skills from a
demonstrator to a learning agent [31]. It enables humanoid
robots to learn to replicate natural whole-body locomotion
patterns and execute seamless gait transitions by mimicking
human motions from a motion capture dataset [32], [33].
This also applies to humanoid loco-manipulation tasks using
teleoperation examples to imitate [34], [35] or motion tracked
demonstrations [36]. [37] provides an alternative with a
hierarchical scheme that combines a high-level waypoint
planner with several specialized low-level policies that han-
dle motion primitives (pick up, put down, walk). The closest
developments from our own appears to be [38] with the sim-
to-real transfer of a controller on a Digit robot to move boxes
from one table to another using 5 separate RL policies for the
various stages of the motion. By comparison, we seamlessly
transition between walking, standing and picking-up (or
dropping-off) the box with a single policy by mimicking the
motion reference.

III. APPROACH

Our objective is to develop a methodology that enables
humanoid robots to learn loco-manipulation behaviors di-
rectly from human motion demonstrations. To this end,
we propose a framework that combines motion capture,
inverse kinematics (IK), and reinforcement learning (RL)
with an auxiliary Behavior Cloning (BC) loss term to achieve
motion imitation while maintaining dynamic feasibility on
humanoid platforms. The pipeline begins with the collection
of high-quality human motion data using a motion capture
(MoCap) system, specifically targeting the task of box loco-
manipulation which involves both locomotion and object
interaction.

The captured MoCap trajectories are retargeted to a hu-
manoid robot by training a policy using a decoupled ap-
proach. We incorporate a pre-trained omnidirectional walk-
ing policy to serve as a foundation for achieving stable
bipedal locomotion. On top of this, we design an RL environ-
ment for tracking of upper body and root reference motion
trajectories and imitating contact states, thereby enabling the
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policy to perform both locomotion and manipulation in a
sim-to-real plausible manner. Both mechanisms are applied
simultaneously during the training stage.

An overview of our system architecture is provided in
Fig. 2. We train three separate policies each trained to imitate
one reference clip:

• Starting from origin, approach the “box” placed on
“Table A” and pick it up.

• Carry the “box” from “Table A” to “Table B” and place
it down.

• Return from “Table B” to the starting location.
In the following sections, we describe each component of

our proposed framework in detail.

A. Data Capture

We collect our reference motion data in-house by having
a human subject perform the loco-manipulation task while
wearing a full-body motion capture suit. The capture setup
utilizes OptiTrack cameras in conjunction with Motive soft-
ware 1 to record both the 3D trajectories of body markers and
the corresponding skeletal motion. In addition to motion data,
we also record contact forces using off-the-shelf loadsol2

sensors, which are placed on each of the subject’s hands
as well as on the bottom surface of the box. These sensors
provide measurements of the normal plantar force, enabling
accurate identification of contact events during interaction.
This contact data plays a crucial role in policy training, as
we incorporate a specific reward term that encourages the
reinforcement learning (RL) policy to replicate the observed
contact patterns. The human subject performs two motion
clips: in the first, they walk forward from a starting position
toward a box placed on a table and grasp it; in the second,
they carry the box laterally to a second table positioned
approximately 90 degrees from the initial direction and place
the box down. The spatial configuration of the scene in both
clips is illustrated in Fig. 3.

Timestamps of the measurements from the loadsol sensors
and the MoCap are aligned manually by registering an in
place jump at the start of the collected sequence.

B. Inverse Kinematics

The problem of kinematic retargeting of the collected Mo-
Cap trajectory from a human skeleton to a humanoid robot
is formulated as an optimization-based inverse kinematics
problem. We formulate IK as a constrained quadratic pro-
gramming (QP) problem to compute full joint configurations
of the humanoid robot that best match a reference human
motion. The objective function minimizes the weighted sum
of squared errors between the 3D positions and orientations
of key end-effectors (hands and feet) as well as the pose of
the torso, and the head. This formulation allows for smooth
tracking of human motion while preserving the structural
semantics of the original trajectory.

To ensure physical plausibility and compatibility with the
robot’s model, we incorporate hard constraints into the QP

1https://optitrack.com/software/motive/
2https://www.novelusa.com/loadsol

that enforce joint limits and prevent self-collisions. Although
the QP-based IK solver performs well in producing feasible
retargeted motions, it can occasionally introduce unnatural
joint configurations or discontinuities, particularly in highly
dynamic or constrained scenarios. These artifacts are manu-
ally post-processed using a manual cleanup pass to correct
for visually implausible poses or abrupt transitions.

The box motion, and the positions of the two tables (in
Fig. 3 do not require any retargetting.

C. Motion Tracking with RL

Thus far, we obtain a time series reference dataset consist-
ing of the whole-body joint positions, joint velocities, global
pose of the root body (pelvis), relative poses of the end-
effector bodies in the root frame, relative poses of the all
scene elements (box, Table A, Table B) in the root frame,
and a contact graph. The contact graph represents a binary
contact indicator for the following pairs in the scene: hands
to box (assuming both hands as one node), box to Table A,
box to Table B.

High-quality and reliable reference data allows us to use
model-free deep reinforcement learning to train policies in
a simulation environment for imitating the human motion.
Synchronization between the robot and the reference is
achieved through an observed phase variable. Each policy
is trained for tracking only a single clip.

Observations and Actions. Observations include the root
roll and pitch angles, root angular velocity in local frame,
joint positions, joint velocities, applied joint torques at the
previous timestep. Policy also observes the relative pose of
the target scene element: the box pose while approaching it
for pickup, the pose of put down location when box is in
the hands, and pose of the origin in the robot’s root frame.
Further, we introduce the observation of two clock signals:
(1) phase variable for synchronizing reference state and robot
state, (2) periodic bipedal gait. We maintain a clock signal
for bipedal gait as it is included in the observation space of
the expert walking policy (based on [39]) used in our work.
Further, in our experience, we found directly observing a
periodic clock signal to be helpful with sim-to-real transfers
especially for networks without an observation history.

The action space comprises of joint position targets for all
19 joints of the Unitree H1 humanoid robot.

Intialization and Terminations. We incorporate reference
state initialization (RSI) [40] and early termination based on
distance from the reference clip. Specifically, we terminate
a rollout if the root tracking error or the body tracking error
is larger than a certain threshold (0.4 and 0.6 respectively).
Another important termination condition includes termina-
tion upon “bad contact”, which is defined as a collision
between the robot and either tables or self collisions. Other
termination conditions are based on root height (terminate
if root height < 0.6m) and joint position (terminate if any
joint is within 3 degrees of the joint limit).

During RSI, we note that it is important to initialize the
box pose too, ensuring that both hands are pushing inwards
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Fig. 2: Overview of the proposed hybrid training approach. The whole-body imitation policy is rewarded to track only the upper body and root motion
of the human demonstrations while an auxiliary behavior cloning loss term provides supervision from an expert walking policy. The student policy learns
to control all joints of the robot and successfully achieves the loco-manipulation task.

Fig. 3: Scene layout. We used the above arrangement of the scene during
MoCap data collection and during real robot experiments. For real robot
experiments, we split the task into 3 legs and train one policy for each:
origin to box pickup from Table A, box carry from Table A to Table B
and put down, walk backwards to the origin. The distances shown here are
approximate. The scene objects do not need to be placed precisely at fixed
locataions.

on the sides. We found that this requires manually editing
the size of the box to make it slightly larger.

Rewards. The reward function includes terms for tracking
the (1) root height and orientation, (2) relative poses of torso,
left arm, and right arm in pelvis frame, (3) joint position and
velocity (only upper body joints when robot is moving, and
all joints when standing) (4) relative pose of target object
(box or Table B) in pelvis frame, (5) contact graph, and
(6) relative positions of the hands in the frame of the box.
We also includes regularization terms for minimizing joint
torques, and penalties for joints near the range limits. All
terms are implemented in the form of a Gaussian kernel
f(x, x̂) = exp

(
− 1

2σ2 ∥x− x̂∥2
)

where x̂ represents the
reference value for the variable x, and σ is a parameter that
controls the kernel’s spread. We note several crucial points
while developing the reward function. First, we note that the
tracking rewards on joints are applied only to the upper body
joints (arms, waist) when the reference robot is moving i.e.
when the reference root linear velocity in xy-plane is greater
than a certain threshold (= 0.15m/s). Second, it is important
to ensure that the relative positions of hands in box frame is

such that the hands are slightly penetrating the sides of the
box, in order to encourage firm grasping.

The term for tracking contact states is implemented with
a very small σ value, making it behave as a sparse reward:
+1 if the contact graph is matched exactly, and 0 otherwise.

D. Decoupled Supervision for Loco-Manipulation

While our motion tracking reinforcement learning frame-
work enables the robot to learn to imitate human motion,
directly mimicking full-body trajectories including walking
movements is infeasible due to the substantial dynamic and
morphological differences between humans and humanoid
robots.

In particular, the discrepancy in limb proportions and
joint constraints often leads to violations of dynamic sta-
bility when attempting to directly replicate human walking
patterns. Our early sim-to-real experiments showed that
the robot struggles to make stable foot contacts with the
floor while making unrealistically long strides. Furthermore,
tuning IK parameters to enforce both kinematic accuracy
and plausible contact dynamics such as maintaining foot
orientation is labor-intensive and not scalable.

To address this, we decompose the imitation task: the
imitation policy being trained (πθ) acts as a student and is
rewarded to track only the upper body and root motion of
the human demonstrator, governing the manipulation aspect
of the task. For the motion of the legs for achieving bipedal
locomotion, we instead provide direct supervision from a
pre-trained omnidirectional walking policy that serves as an
expert teacher (πE). We implement this supervision through
a Behavior Cloning (BC) objective, guiding the student
policy to match the expert’s leg actions during training.
This hybrid approach allows the student policy to benefit
from high-level human demonstrations while leveraging the
robustness and stability of the expert locomotion policy,
resulting in coherent whole-body behavior that successfully
integrates walking and manipulation.

Training an expert bipedal walking policy. We adapt
the approach presented in [39], [41], for the Unitree H1, to
train a highly performant expert policy for achieving bipedal
locomotion. The trained policy generates actions only for
the leg joints given the proprioceptive state of the robot, a
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periodic clock signal, and a reference root velocity command.
We denote this policy as πE(a | oE), giving the action vector
a ∈ R10 for the observation oE ∈ R36. As described in [39],
oE consists of the 2D periodic clock signal, command mode
vector, the robot state including base roll and pitch angles,
angular velocity of base, and the positions, velocities, and
applied torques of only the leg joints.

BC Auxiliary Loss Term. We modify the original PPO
loss term by introducing an auxiliary loss term as follows.

Let πθ(a | o) be the student policy parameterized by θ.
The training loss Ltotal combines the PPO loss LPPO with a
behavior cloning (BC) loss LBC.

Ltotal = LPPO + λBC LBC

where the BC loss is defined as:

LBC =
∥∥∥πlegs

θ (o)− πE(oE)
∥∥∥2

Here, πlegs
θ (s) denotes the actions corresponding only to

the leg joints produced by the student policy, and λBC is
a weighting coefficient controlling the strength of expert
supervision. LPPO is the original clipped surrogate objective
combining the policy loss, value loss, and entropy loss terms
[12]. We set λBC = 0.3 through all our experiments.

IV. SIMULATION STUDY

A. Training process

To train our policies, we implement the proposed approach
using [39] as a basis. This pipeline relies on the CPU-
based simulation engine Mujoco [28] combined with Ray
[42] as a parallelization framework to scale training on
several cores. First, we leverage the PPO algorithm [12] to
train an omnidirectional walking policy on flat ground for
a velocity tracking task. We apply random pushes to the
robot, dynamics randomization and sensor noise, and we
add random bumps on the ground as additional disturbances.
The expert walker described in subsection III-D is trained to
convergence in around 30000 epochs. The imitation policy is
then trained for 20000 epochs with all domain randomization
disabled. It is further finetuned after convergence for a few
thousands epochs by re-enabling all randomization for better
sim-to-real transfer. The whole process amounts to around
36 hours of training using a 32-cores AMD Threadripper
PRO 5975WX to gather samples from 32 environments
simultaneously

B. Robustness to target offsets

Domain randomization enables some amount of robustness
to noise and external disturbances, yet the initial standing
position of the robot and those of the box and drop-off
table remain the same over the training. Those positions
corresponds to the ones that were used for the motion capture
recording. Although we are still far from a generalized loco-
manipulation controller, for potential future applications it
would already be relevant to know how well the proposed
approach can handle offsets to the pick and drop locations.

This is a way to assess how the policy behaves in slightly
out-of-distribution scenarios.

Thus, we study the success rate of the policy for various
pick-and-drop positions and orientations around the baseline
training scenario. All control parameters remain the same as
for the nominal case except the starting phase clock signal.
During training the robot always starts 3 meters from the box
and moves towards it as the phase goes from 0 to 1. This
phase is a strong signal for the robot to understand where
it should be and how it should act. For instance, after being
pushed backwards, the robot realizes it is further from the
box than expected for the current phase value and will thus
speed up to arrive in time in front of the box. To take this
effect into account we roughly scale the starting phase with
the initial distance from the box, as reported in Table I. If
we were to start the episode with the box 1 meter from the
robot using the default phase value, it would suddenly try to
move backwards and fall.

TABLE I: The initial box distance scales the value of the starting phase.

Box distance [m] < 1 [1, 1.5] [1.5, 2] [2, 2.5] > 2.5
Starting phase 0.5 0.4 0.35 0.2 0.1

We report success rates for pick-up and drop-off in Fig. 4.
The robot achieves a consistent pick-up of the box over
a wide range of offsets going roughly from [−2.0, 0.4]m
and [−0.8, 0.8]m for the longitudinal and lateral axes,
[−5, 15]cm in height and [−0.4, 0.4]rad in orientation. This
highlights the efficiency of domain randomization, notably of
random pushes, for handling setups that deviate from the mo-
tion capture recording, thus extending the robot workspace.

C. Extension to long distance loco-manipulation

This capacity to handle a wide range of deviations from
the reference demonstration pushed us into exploring loco-
manipulation over long distances. To do so, we leverage a 2D
planning algorithm to generate paths along which fake target
positions will be set to sequentially lead the robot to the
real pick-up and drop-off locations. The training focuses on
walking forwards, with small turns or sideways steps when
heading to the drop-off table or after being pushed. For this
reason we integrate in our pipeline the open-source RRT-
Dubins path planner that generates Dubins paths [43] using
Rapidly-exploring Random Trees. These paths connect two
points with forward travel only and a constraint on the path
curvature, which fits the limitations of the policy.

At startup, we compute a path to link the current 2D
position and orientation of the robot with the ones of the box
or the drop-off table. Then, we generate a fake position and
orientation along the path away from the robot. This position
is provided to the policy in the observations as if it were the
real one, as described in subsection III-C. Once the phase
clock signal reaches a threshold we refresh it, otherwise the
robot would start to bow down to perform the pick-up or
drop-off motion. We generate a new target along the path
and set the phase back to a lower value to keep walking.
This process is repeated until the true target is reached.
Fig. 5 highlights a pick-and-drop sequence alongside the
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3m

Box

Robot

(a) Horizontal position offset on the box with respect to the default pick-up configuration. (b) Vertical position and orientation offset on box for pick-up.

2m

0.5m

Pick-up start

Table

Robot

(c) Horizontal position offset on the table with respect to the default drop-off configuration. (d) Vertical position and orientation offset on table for drop-off.
Fig. 4: Success rates of the box pick-up (resp. drop-off) motion in simulation depending on position and orientation offsets added to the box (resp. table)
with respect to the nominal configuration found in the imitated sequence. Orientation offset are applied along the vertical axis. The nominal configuration
corresponds to (0, 0) coordinates on the graphs. For instance, (b) highlights that the robot fails to pick-up the box once it is 10 cm lower than nominal,
and that for the nominal height it can consistently pick it up if the box orientation is between (−0.5, 0.5) rad. Success rates are gathered over 10 trials
for each combination of offsets. The trials are done on flat ground without random pushes applied to the torso nor dynamics randomization. At the end of
the motion, a successful pickup is detected if box height is above 90 cm with both hand in contact with the box. For drop-off, a success is detected if the
box lies on the table at the end of the sequence, without any hand touching the box.

(a) Dubins paths. (b) Snapshots of pick-up motion and final drop-off.
Fig. 5: Dubins path for the pick and drop motion (left) and snapshots along
the trajectory (right). Intermediate frames of the drop-off part are omitted
for clarity. The fake box and table positions are displayed in green. Due
to the box position and the path curvature constraint, the robot does not
directly move to the box but instead moves past it before looping back.

paths generated by the RRT-Dubins planner. For this scenario
the box is placed 1.5m forwards and 2m to the left instead
of just being placed 3 meters forwards as in the motion
reference. Without planner this motion would fail since it
is out of the usable workspace displayed in Fig. 4(a). This
demonstrates a generalized use-case of the policy that goes
beyond the single motion capture recording we performed.

V. EXPERIMENTAL VALIDATION

A. Experimental setup

After training in simulation, the controller is directly
deployed on a real Unitree H1 robot. The policy runs at 40
Hz on a standard laptop computer by using the Open Neural
Network Exchange (ONNX) framework through the ONNX
Runtime inference engine [44]. Communications with the
robot are ensured by the Unitree SDK2 through an Ethernet
connection. As the focus of this work is not to perform fully
autonomous demonstrations, we simplify the experimental
setup by using motion capture instead of onboard sensors to
track the position of the robot, the box and the drop-off table.
We arrange the scene manually to roughly match the layout
used during data collection; while the resulting deviations
in object placement and orientation are non-negligible, they
remain within a reasonable range. That is, for real robot
eevaluations, the scene layout is broadly consistent with the
data-collection setup.

Motion capture is used during deployment too, for obtain-
ing object poses in the robot frame for policy observations.

B. Real-world deployment

Real-world motion control results are shown in Fig. 6.
The robot achieves a full loco-manipulation cycle by walking
toward the box, picking it up to drop it off on another table,
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(a) Picking up the box. (b) Dropping off the box. (c) Going back to starting position.

Fig. 6: Full loco-manipulation cycle by automatically switching policies online. The support crane has been partially edited out for visibility purpose.

then going back to its starting position. This is done in one go
by automatically switching between policies when the phase
clock signal reaches its final value. The cycle can be repeated
on-the-fly by placing the box back on the first table while
the robot is returning to the starting position. This successful
deployment indicates that the domain randomization we used
was effective for crossing the sim-to-real gap.

Limitations. While the locomotion part of the motion is
robust and repeatable, most failures occur when picking-
up the box. Failures during the drop-off sequences mostly
occurred when the box was not properly picked-up, with
the box falling from the robot’s hands before reaching the
table. The differences in dynamics for the contact interactions
between our training setup and reality partially explain these
failures. Moreover, since H1 only has relative encoders in its
arms, slight calibration errors lead to joint position offsets,
which can worsen the overall sim-to-real gap. Rewarding the
policy to apply more forces on the box during training could
be a way to address this issue, to encourage the robot to
firmly grasp the box. However, this is not an ideal solution
for general loco-manipulation as uncontrolled internal forces
may damage the robot and/or the box. Improvements could
come from a better contact perception so that the robot can
react online and correct improper pick-ups. Finetuning the
policy with an extensive domain randomization on box mass,
size, or friction could also help reduce this sim-to-real gap.

VI. CONCLUSION

In this work, we investigated the problem of retargeting
human motion to humanoid robots for loco-manipulation
tasks using deep reinforcement learning. Specifically, we
captured high-quality human motion data via a motion
capture system for a box loco-manipulation scenario, and
subsequently employed inverse kinematics to map these tra-
jectories to a humanoid robot model. To ensure the dynamic
feasibility of the generated motions, we trained an RL policy
to imitate the retargeted trajectories rather than directly repli-
cating the raw human motion. A key contribution of our ap-
proach lies in leveraging pre-trained omnidirectional walking
policies, which significantly enhance the dynamic stability
of the humanoid during locomotion. This is particularly
advantageous given the morphological disparities between
human legs and humanoid actuators, which make direct leg

motion tracking impractical. Additionally, we highlight the
critical role of high-fidelity MoCap data in enabling realistic
and physically plausible behavior. We further demonstrate
that training the bipedal walking policy on randomized
terrains introduces beneficial exploration dynamics, resulting
in robust locomotion strategies that generalize to a wider
range of environmental conditions.

A notable limitation of our current method is its reduced
effectiveness in tasks that demand precise leg motion track-
ing, such as stepping onto elevated platforms to access a box.
As part of future work, we aim to expand the diversity of
loco-manipulation tasks to include more complex and var-
ied interactions, explore more sophisticated IK techniques,
and improve generalization to arbitrary box positions and
environmental layouts. Including on-board perception in our
pipeline would be a step toward greater autonomy.
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