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Abstract— Humanoid whole-body locomotion control is a
critical approach for humanoid robots to leverage their in-
herent advantages. Learning-based control methods derived
from retargeted human motion data provide an effective means
of addressing this issue. However, because most current hu-
man datasets lack measured force data, and learning-based
robot control is largely position-based, achieving appropriate
compliance during interaction with real environments remains
challenging. This paper presents Compliant Task Pipeline
(CoTaP): a pipeline that leverages compliance information
in the learning-based structure of humanoid robots. A two-
stage dual-agent reinforcement learning framework combined
with model-based compliance control for humanoid robots is
proposed. In the training process, first a base policy with a
position-based controller is trained; then in the distillation, the
upper-body policy is combined with model-based compliance
control, and the lower-body agent is guided by the base policy.
In the upper-body control, adjustable task-space compliance
can be specified and integrated with other controllers through
compliance modulation on the symmetric positive definite (SPD)
manifold, ensuring system stability. We validated the feasibility
of the proposed strategy in simulation and experiment, pri-
marily comparing the responses to external disturbances under
different compliance settings.

I. INTRODUCTION

In recent decades, humanoid robot technology has made
significant advancements. Particularly over the past five
years, there has been a surge in the development of diverse
humanoid robot body designs, including Atlas from Boston
Dynamics, Optimus from Tesla, Figure’s humanoid robots,
and Unitree’s humanoid robots like H1 and G1. Meanwhile,
with the rapid progress in the field of artificial intelligence,
reinforcement learning (RL) and imitation learning (IL) have
been increasingly applied to the control of humanoid robots,
leading to significant breakthroughs. In the first step, the
imitation motion controller was applied in the simulation
for humanoid character control, such as in [1], [2]. After
that, this approach was extended into real humanoid robot
whoel-body control (WBC) [3], [4]. Based on the learning
method, the controller no longer requires accurate modeling
of the robot and environment such as model predictive
control (MPC), which demonstrates improved robustness and
generalizability in complex environments.

Humanoid robots have the key features that can simul-
taneously perform locomotion and manipulation, which is
abbreviated as loco-manipulation [5]. In many studies, the
upper and lower bodies of humanoid robots are controlled
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Fig. 1. (a) Simulation of H1 under a vertical load in the low-stiffness
condition. (b) Simulation of H1 under a vertical load in the high-stiffness
condition. (c) Illustration of the stiffness matrices modulation on SPD
manifold. Two different original stiffness matrices are first mapped to the
Log-Euclidean space using the log mapping, then linearly interpolated, and
finally mapped back using the exp mapping.

independently. During manipulation tasks, the legs are typi-
cally kept stationary to maintain balance and ensure stability
of the center of mass (CoM) [6]. In recent studies, IL
based on human motion data has also been applied to loco-
manipulation. The data sources include publicly available
human motion datasets as well as data collected through tele-
operation [7], [8].

There are several key aspects in the current research
receiving significant attention. First, most current research
focuses on joint space PD control for humanoid motion
control. This control approach may yield satisfactory results
in current purely motion control scenarios; however, it fails
to implement force control when interactions with the envi-
ronment (such as manipulation and multi-contact motion) or
even human-robot interactions (HRI) occur, thereby making
it difficult to achieve desirable outcomes. Then, most human
even humanoid robot data are only proprioception-based,
which lacks sensory input and action output. Although some
studies have already attempted to incorporate contact force
data into human motion data collection [9], [10], the overall
size and generality of such datasets remain insufficient.
In addition, the commonly used physical simulators make
sim-to-real transfer more difficult, as they lack accuracy
and are computationally expensive when simulating complex
contacts. Therefore, a key challenge lies in how to leverage
the currently limited data resources to achieve force control
for humanoid robot loco-manipulation.

To address these challenges in a comprehensive manner,
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Fig. 2. Overview of CoTaP pipeline. The red frame highlights the method
proposed in this paper, and our objective is to implement the entire pipeline
on humanoid robots.

we turn to a classical topic in traditional robotics: compliance
control. Compliance control, by adopting a relatively passive
mechanism, is capable of adapting to unknown or inaccurate
contacts. Such a property is exactly what is required to
overcome the training challenges arising from the lack of
sufficient contact information; moreover, compliance control
inherently provides force control capabilities, which makes
it particularly suitable for addressing the challenges of real-
world robot—environment interactions in loco-manipulation
tasks. In model-based robot control theory, compliance con-
trol is a practical method to guarantee robot interaction safety
and stability with the environment. [11], [12] proposed the
hierarchical compliance control method for humanoid robot.
In the study [13], [14], the authors optimized the joint-
space viscoelasticity matrices by an analytical way. This
work has enabled compliance control to achieve promising
results in maintaining balance in humanoid robots. In the
field of robotic manipulation, compliance control is even
more critical. It plays a key role in ensuring the robot’s
safety, enhancing HRI, and enabling adaptive manipulation
capabilities [15], [16].

Compared with model-based control, the greatest advan-
tage of RL lies in its robustness and generalization in
complex and dynamic tasks. On this basis, RL method has
also been integrated into compliance control. In [17], the
controller achieves compliant behavior by modulating the
target position, which is fundamentally akin to admittance
control rather than direct force control. In other related
studies [18], [19], [20], the RL-based controller typically
focuses on optimizing the PD gains of individual joints or
a single limb, without considering whole-body compliance.
Recently, some methods based on model-free RL for com-
pliance control and even force control have been proposed
[21], [22], [23], but their accuracy has not been guaranteed.

Accordingly, the immediate task is to establish how param-
eter adjustability and stability of compliance control can be
ensured within the RL framework, and to further verify the
compliance effect under external perturbations. Therefore,
we propose Compliant Task Pipeline (CoTaP), a pipeline
leveraging the compliance information in the humanoid robot
loco-manipulation control. As illustrated in Fig. 2, in this
paper we mainly focus on the compliance modulation on the
RL framework of the pipeline. In this study, we present a
compliance control approach that integrates the RL control
framework with the robot’s kinematic model. By performing
stiffness matrix modulation on the symmetric positive defi-

nite (SPD) manifold, the stability of the joint-space control is

guaranteed. For humanoid whole-body control, a two-stage

dual-agent policy training framework is applied in our work.
The main contributions of this study are as follows:

1. Combined model-based compliance control with hu-
manoid robot reinforcement learning control frame-
work, designing a learning-based compliance control
strategy including dual-agent policy and compliance
modulation on SPD manifold for upper-body control;

2. Validated effectiveness of the proposed compliance con-
trol, achieving compliance modulation performance of
a humanoid robot in simulation and experiment.

II. RELATED WORKS

A. Reinforcement Learning Based Humanoid Locomotion
Control

In recent years, there has been a surge of research on
humanoid robot control that leverages human motion data
retargeting in combination with deep reinforcement learning
and imitation learning. The main prevailing trends include
the use of adversarial learning such as GAIL [24] and
AMP [2], or directly applying imitation learning to the
reference motion trajectories [1], [7], [25]. Moreover, such
imitation learning methods have been extended to enable
whole-body tele-operation in humanoid robots [7], [26]. In
addition, for humanoid robot loco-manipulation, the dual-
agent system with separated upper and lower body control
has also achieved good results in researches [22], [27].

B. Humanoid Whole-body Compliance Control

According to the model-based compliance control method,
there is a feedback controller in the task space:

f=KAp+ DAv (D

Correspondingly, the joint-space feedback controller can be
expressed as follows:

T = Tgrav + KgAO + Dy AQ 2)

where 74,4, is the gravity compensation term. Under this
setting, especially for redundant robots, a key research chal-
lenge in compliance control lies in establishing the mapping
between task space and joint space while simultaneously con-
sidering null-space control. Studies such as [28], [13], [14]
have addressed this issue from both kinematic and dynamic
perspectives. It should also be noted that compliance and
stiffness form a dual relationship; therefore, in this paper, we
use the two terms interchangeably in derivations depending
on the context.

C. Comparison with Related Works

Drawing on existing studies, we provide a comparison
in Table I with three dimensions: adjustable, model-aware,
and stability-accounted. Adjustable denotes the capability to
adapt task parameters online without the need for retraining;
model-aware denotes whether control explicitly incorporates
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TABLE I
COMPARISON BETWEEN DIFFERENT LEARNING-BASED COMPLIANCE
CONTROL METHOD

Method Adjustable Model-aware’ Stability-accounted
DCC [17] No Yes No
FALCON ! No No No

FACET Yes No No

HMC Yes Yes No
Ours Yes Yes Yes

I FALCON achieves adaptive force control, but can be considered as
passive compliance.

2 Model means explicit robot kinematic or dynamic model in con-
troller.

the robot’s kinematic or dynamic model; and stability-
accounted refers to whether the stability of the control
method is taken into account or formally proven.

As shown in the table, the approach proposed in this work
fulfills all three criteria. We provide a detailed comparison
here with several studies that share objectives closely aligned
with ours. First, FACET [21] achieves force (also impedance)
control by using a simplified task-space model together
with model-free RL-based tracking control, which is similar
to an admittance control approach. However, unlike tradi-
tional robotic manipulators, current quadruped and humanoid
robots find it difficult to achieve precise position tracking
in the world frame using RL with low-level motor control,
and consequently, the final force control objective is also
affected. On the other hand, HMC [23] performs weighted
linear interpolation of different model-based control laws
at the torque level, while the control objectives and inputs
of each controller are also different. However, due to the
heterogeneity of these meta-controllers, it is hard to assess
the stability of the control during blending at torque level,
making it difficult to guarantee that the controller will
not diverge at any given moment. Besides, the null-space
stiffness in its impedance control was not considered.

To address the limitations of the above-mentioned studies,
this paper proposes a method that integrates model-based
control within the RL framework to achieve compliance
control with guaranteed stability.

III. TASK-SPACE COMPLIANCE CONTROL IN
REINFORCEMENT LEARNING STRUCTURE

A. Dual-agent Learning Strategy

In this paper, we take [22] as the primary baseline, and
the basic learning network settings are largely based on this
study. Similar as [22], [27], [23], we divide the whole body
into two parts: upper- and lower-body. The torso is defined as
the base link, which simultaneously functions as the separa-
tion link between the upper and lower body. Each part shares
the same observation but have separate policies and actions.
Fig. 3 shows the overview of the training framework of
our work. The actions are the whole-body target joint angle
a; = q* (x means reference). The robot state is defined as
8t = (Qu_sits omats W00 Gi—aitr Thorgegs Gt —5:6—1], Which
contains five-step histories of joint positions, joint velocities,
root angular velocity, projected gravity, upper-joint control

torques and previous actions. The goal space G; = [G!, G¥]
consists of locomotion goals G! := [v{orso* plorsox q¥a¥]
specifying desired torso linear velocities, torso heights,
and torso yaw angles, and manipulation goals G;' :=
[P, K5, kM q], specifying target joint configurations
for the upper body, target task- and null-space stiffness
of end-effector (ee means end-effector), and compliance
modulation ratio.

In practical manipulation, the hands act as the task end-
effector, while the lower-body mainly maintains balance, so
we focus on upper-body compliance. Additionally, bipedal
contact states change frequently, and including the lower-
body in hand task-space compliance can make the solved
joint compliance discontinuous. Therefore, we decouple the
upper and lower-body, define upper-body compliance in a

torso-fixed frame, and use PD control for the lower-body.

B. Decoupled Upper-body Compliance

For upper-body compliance control, we consider the arms
are based on the torso link, therefore the upper-body com-
pliance is directly related to the torso-link compliance. The
joint-space stiffness matrix including upper and torso can be
expressed as block matrices:

K orso 0
K, :_[ o KJ

According to virtual work principle in quasi-static assump-
tion, we can derive the compliance relationship between joint
and task space (end-effector in the world frame):

C.=J.K;'J, 4)

3)

where J . is the Jacobian matrix of the end-effector velocity.
Applying the block division on the Jacobian matrix J. =
[Jeb  Jeu], we have

Ce=JuK pood o+ T K T, (5)

torso

According to [13], the solution of upper-body joint compli-
ance matrix is

K;'=J:.C. I +Y - I, T, YILJE ()

where C, = C, — Jou K.,
Y ;= 1/k™'T.

For the torso-link stiffness, due to the lower-body is
totally PD-based, we can use kinematic relationship as in
(4) to calculate. In this case, it is necessary to distinguish
the different support case of the humanoid, such as single-
support and double-support (and in rare cases, flight case).
Nonetheless, for controller simplification, the torso stiffness
can be treated as constant. Upper-body gravity compensation
is also considered in our compliance control, which is

expressed as Tgryy.

J ;, null-space compliance

C. Compliance Modulation on Symmetric Positive Definite
(SPD) Manifold

For different control task, different compliance perfor-
mance is required. In this study, we set resolved compliance
and simple PD control as example, using a ratio variable o
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to balance the two controllers. Rather than simply applying
scaled summation, we adopt proportional combination of the
two (or more) stiffness matrices on the SPD manifold, which
also named as Log-Euclidean Interpolation [29]:

(a log
where K0T is the compliance control stiffness matrix K,

obtained in Section ITI-B; K ggper is the original PD control
stiffness, and « is the ratio to modulate the stiffness between
compliance control and PD control. Based on this approach,
the obtained joint stiffness after modulation is always posi-
tive definite. According to the proof in [14], the stability of
the system at the current time can be guaranteed in the case
of positive definite stiffness. Fig. 1(c) illustrates the mapping
and modulation process of the stiffness matrices. In contrast
to linear interpolation performed in Euclidean space, Log-
Euclidean interpolation offers the following advantage [29]:
it guarantees that the interpolated stiffness matrix lies on
the SPD manifold, thus avoiding outcomes that violate the
underlying manifold geometry; it avoids the swelling effect
that may occur in linear interpolation, which can lead to
physically unreasonable results. The above advantages are
not discussed extensively in this paper; rather, we treat this
method merely as a more rational approach to modulating
compliance.

In our strategy, the ratio o can be set as command but
also depends on the kinematic posture of the robot. To avoid
solution problem at the near-singularity posture of the arms,
we process the original « taking into account the condition
number of task Jacobian matrix as follows:

Kupper +

K umptiil;lated = exp comp (1 - a) log K ;gper> (7)

(&%

o= 8

1 + max(0, cond_num — 10) ®
where cond_num is the condition number of the upper body
Jacobian matrix, and & is the processed modulation ratio.
In the control based on (7), we replace « by @ taking into
account of the condition number. This method achieves an

effect comparable to SR-inverse, while avoiding the need for

Ll . .
regularization

I
Critic

Actor

Lower-body
actions

Lower-body PD
control policy

Overview of the training framework in this study.

extra handling during the computation of the pseudo-inverse
matrix.

In the training of policy, we applied domain randomization
on the original ratio. Therefore, this value can be flexibly
modulated to balance the contribution of the two (or more)
control laws in joint-space stiffness. Moreover, inspired by
[23], it may also be defined as the output of the high-level
controller, enabling adaptation to specific task requirements.

D. Two-stage Policy Distillation

In the training we apply a two-stage policy distillation.
As shown in Fig. 3, (i) first, we train a base policy as
whole-body PD position controller with two agents mjover
and P to satisfy lower-body commands tracking and
upper-body motion imitation task. (ii) Then, we use the
base policy to guide the training of a new policy with
upper body compliance control, which corresponds to policy
distillation. Specifically, we impose a KL regularization on
the lower-body policy as in (10), and apply it in the actor
loss calculation (9):

lower

Laistin = Lppo + LKL, &)
lower

L = Brcr D (mei (-] se) | mase (-1 s1)), (10)

where i is a weighting coefficient decreasing with time.

In both training stages, PPO [30] is applied to maximize
the cumulative rewards. In the reward setting, we refer to
FALCON work [22]. But beyond the basic reward terms, we
add an extra reward term for reducing the gap between the
policy’s output target joint angles and the original reference
trajectory joint angles: exp(—orer|[yire (8¢) — ;" |2)-

Since the new control goals are included, the domain
randomization extends the following terms: end-effector stiff-
ness matrix, null-space stiffness matrix, modulation ratio .
The arrangement of the domain randomization is shown in
Table II.

IV. RESULTS

In this section, we describe the setup for training RL
policies on the Unitree H1 humanoid robot in Isaac Gym
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TABLE I
THE RANGE OF RANDOMIZATION ADDED ON DEFAULT VALUES

Term Value

Friction coefficient  1/(0.5, 1.25)

Link mass U(0.9, 1.2) x default [kg]

Base mass U(-1.0, 3.0) [kg]

Control delay U(0, 20) [ms]

P Gains (base) U(0.9, 1.1) x default [Nm/rad]
D Gains (base) U(0.9, 1.1) x default [Nms/rad]
K*€ Gains U(0.5, 1.5) x 300.0 [N/m]
knwi Value U(0.6, 1.4) x 40.0 [Nm/rad]

o Value U, 1)

environment. For upper-body motion priors, we employ the
AMASS dataset [31] filtered by Perpetual Humanoid Con-
trol (PHC) method [32]. These processed datasets serve as
demonstrations and references for initializing and guiding the
policy. The basic network architecture and hyperparameter
settings are kept consistent with those of FALCON [22],
ensuring comparability and leveraging prior work on scalable
humanoid locomotion control. All experiments are conducted
on a workstation running Ubuntu 22.04, equipped with an
Intel Core 19-14900K CPU and an NVIDIA RTX 4080 GPU.

In the specific configuration, torso link is adopted as the
dividing boundary between the upper and lower body. 3-
dimension position is set as the task space for both hands.
In current simplified situation, we ignore the effect of lower-
body configuration on torso stiffness, therefore K .., is
considered as constant. The upper-body compliance con-
troller calculates the required torque and sends it directly
to the joint actuator; while the lower-body policy directly
sends the target joint position to the actuator. The frequency
of this step is 50 Hz. For a feasible policy training, it requires
about 20,000 iterations.

In the following simulation results, different stiffness ma-
trices were applied in the task-space, while null-space £,
is set as 25. For lower-body, all joint PD used the default
values provided by Unitree (all upper-body joint K, = 100).
As mentioned above, our method is built on the FALCON
framework; therefore, we adopt FALCON method as the
baseline, namely pure joint-level PD control. It should be
noted that, because our goal is to achieve compliant control
within an RL framework rather than to realize compliance
solely as a specific control task, all ablation studies are
conducted within the RL setting; we therefore do not include
comparisons against purely model-based compliant control.

A. Evaluation Criterion

For a numerical comparison of the baseline and the
proposed CoTaP, the following evaluation criteria are estab-
lished:

1) Torso velocity tracking error:

elorso — % Zf:() ,Ugorso* _ ,U;orso’

2) End-effector tracking error:

=7 Zfzo‘ P =P

3) Average of upper-body joint torques:

_ 1 T upper
Jupper — T tho‘

T

4) Upper-body tracking error:
eupper — % Zfzo‘ upperx q

q;
B. Simulation Results

1) Constant Load Test on End-effector: As in FALCON,
an external command is employed in our controller to
configure the stance and stepping (walking) modes. In the
standing mode, the robot maintains its lower body stationary
on the ground through double-support, while the arms are set
to maintain their default L-shape. At this point, a constant
vertical downward external force (-50 N in z-axis) is applied
to the robot’s left hand to simulate the action of lifting a
heavy object. Fig. 1(a) and Fig. 1(b) are the robot in low
(K*® = 100 N/m) and high (K = 1000 N/m) task-space
stiffness settings, respectively. We can see the displacement
of left hand are different in two cases. Fig. 4 shows the results
of hand position error in different stiffness settings of the pro-
posed method. From these figures, we can observe that under
small hand stiffness (i.e., high compliance, such as K¢ =
100 N/m), the hand error is relatively large and sustained
(about 0.12 m); whereas under high stiffness (K° = 500
N/m), the hand error exhibits small oscillations and quickly
decays to a constant value (about 0.05 m, respectively).
Furthermore, as stiffness increases, the residual error at
steady state decreases. This is consistent with the ideal task-
space control objective established beforehand. Nevertheless,
the error arises between the displacement values under dif-
ferent stiffness settings and the expected outcomes. This can
primarily be attributed to two factors: (i) large displacements
are restricted by the structural limits of the arm, and (ii)
the RL action inherently compensates for hand errors to
some extent. In addition, we compared the hand error when
applying PD and setting « = 0.5, K° = 100 N/m. The
results indicate that while PD control achieves a lower peak
error, it subsequently exhibits reverse errors (about -0.03
m), whereas the compliance modulation method provides a
favorable oscillation-damping effect. In other words, due to
the modulation of stiffness, it combines the characteristics of
both approaches and improves performance.

2) Impact Force at End-effector in Stance Mode: In the
stance mode, we added an external impact (500 N in 0.05
s, +x) on HI1 left hand in different compliance cases.
After the impact, the robot’s left arm was driven into large
swings, while the body developed velocity errors. For the
experimental evaluation, we measured several error metrics
in Section IV-A across 4096 environments with randomly
sampled reference motions. The results are presented in Table
II(a). For the proposed compliance controller (central 3
rows), task-space K in x, y axis is set as in the table,
while in z is 300 N/m. Modulation ratio o modulates the
compliance between PD control and compliance control in
the case of K“® = 100 N/m.

This table allows us to derive a wealth of information
as follows. First, when comparing the three central rows
corresponding to the proposed method under varying task
stiffness, it can be observed that increasing stiffness leads
to smaller tracking errors in the torso and hand, while

upper
t

2
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Fig. 4. Left hand position error in z-axis under a constant -50 N payload
(applied after 1.0 s). The values of stiffness are in z-axis, in z and y we
set as 300 N/m. The unit of position error: [m].

simultaneously increasing the torque demands on the arms.
Moreover, while the basic method yields reduced torso and
hand tracking error, it comes at the cost of increased joint
energy expenditure (larger upper-body torques). For further
comparison, we employed a soft joint P gain (K, = 30).
The results indicate that while this setting leads to smaller
torso tracking errors (meaning the task-space impact exerts
less influence on the body), and lower torque demands, it
also produces the largest hand tracking mean error (0.11 m).
Hence, simply reducing the joint P gain is impractical in
the context of robot loco-manipulation. In the final category
presented in the table, different ratio « are employed to
evaluate the compliance modulation performance of the
two control laws. These results show that the modulation
integrates the strengths of both controllers: smaller tracking
error and lower torque consumption. In practical robotic
applications, the ratio can be tuned to accommodate different
task requirements.

3) Impact Force at End-effector in Walking Mode: When
the robot is walking at a given velocity, a random external
impact is applied, and the average performance across differ-
ent compliance parameter settings is subsequently evaluated
over multiple metrics in Section IV-A. All the results are
presented in Table III(a). The analysis of the walking state
results is largely consistent with the static case, with the
main difference being a substantial increase in torso tracking
error. Meanwhile, incorporating the ratio o for modulated
joint-space stiffness highlights more clearly the advantages
of reducing tracking error while balancing joint torque con-
sumption.

Fig. 5 illustrates the screenshots of the robot’s reaction
under an impact during walking in the case of o = 0.7.
In the figure, the robot is depicted walking forward, with
the upper body simultaneously tracking a punching motion.

TABLE III
IMPACT TEST RESULT

(a) Stance Mode

Method el«)rso ee Jupper

PD (FALCON) 0.70140.221  0.09240.055 49.723
Soft P (K, = 30) 0.67040.192 0.11040.055 43.627
K°°=100 N/m (CoTaP) 0.861+0.308 0.101+0.055 46.664
K°°=500 N/m (CoTaP)  0.759+0.273 0.09540.055 48.648
K*©°=800 N/m (COTB.P) 0.771i0,274 0.096i0A055 50.812
a=0.3 (COTB.P) 0.711i0,224 0.093i0A055 48.478
a=0.7 (CoTaP) 0.7584+0.261 0.096+0.055 47.507

(b) Walking Mode

Method el«)rso ee Jupper

PD (FALCON) 2.12640.734  0.09040.055 50.811
Soft P (K, = 30) 2.0714+0.720 0.11240.055 44.440
K°°=100 N/m (CoTaP)  2.19410.755 0.100+0.054 46.541
K©¢°=500 N/m (CoTaP) 2.153+¢.737 0.09440.054 49.169
K*©°=800 N/m (CoTaP) 2.154i0,727 0.094i0A054 51.565
a=0.3 (CoTaP) 2~106i0.716 0.092i0A057 48.944
a=0.7 (CoTaP) 2.12340.740 0.09540.054 47.524

* In the table, the larger values denote the means, and the smaller
values following the + symbol represent the standard deviations.

After the left hand experiences an external impact (red line
in the figure), it is pulled straight; subsequently, due to task-
space stiffness, the left hand returns to its original trajectory,
while the body, in order to maintain the target velocity
after the impact, shows a backward and rotate tendency. An
external force of this magnitude was not accounted for in
the policy training, as the objective of compliance control
is not to achieve exact trajectory tracking at every instant
in task space, but to preserve compliance and stability in
the presence of unforeseen large disturbances. As indicated
in the title, the primary aim of the proposed method is to
realize adjustable task-space compliance. Accordingly, these
results can be regarded as meeting the requirements of our
research objectives.

4) Ablation Study: For ablation study, we first tested the
compliance controller directly on the base policy without
distillation, but effective control could not be achieved, with
the robot failing to maintain stability. The main issue arose
from the lower-body motion failing to adapt to the upper-
body control law. The results are presented in Table IV.
Then, for the upper body we directly employed the original
reference trajectory as the control target at each timestep.
Although the control was generally realizable, the errors
remained considerable, with the upper-body tracking error
(0.252) exceeding that of the proposed method (0.107) by
more than twice. The reason is still that the upper-body
motion was not trained in coordination with the lower-
body policy. Moreover, to demonstrate the importance of the
modulation ratio v considering Jacobian condition number,
we conducted an ablation study of training the policy without
setting «. Fig. 6 illustrates a frequent phenomenon observed
after training: due to the influence of singular postures,
the policy deliberately avoids joint singularity in order to
maintain control stability, which in turn leads to larger
tracking errors (0.517 for upper-body position).
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Fig. 5.

Screenshots of walking control under an external impact on left hand. The upper-body reference motion is punching. The red line represents the

external impact (500 N in 0.05 s). The blue balls are reference points of hands and elbows.

Fig. 6. Policy distillation results without considering Jacobian condition
number. At the singular postures (e.g., when the arms are fully extended),
the compliance control yields unstable joint stiffness. Consequently, the RL
training tends to avoid these postures, leading to larger upper-body tracking
errors. The blue balls are reference points of hands and elbows.

TABLE IV
ABLATION STUDY RESULT (STANCE MODE, K¢ = 100 N/Mm)

Method | No-train w/o a CoTaP
eforso 0.950+0.621 | 1.008+0.370 | 0.861+0.308
eupper 0.25240.173 | 0.517+1.298 0.107+0.105

C. Experimental Validation

We applied the policy trained in Isaac Gym together with
the overall control method to the MuJoCo simulation [33],
thereby achieving sim-to-sim transfer. In this simulation,
beyond basic velocity-tracking locomotion and upper-body
control, a periodic load experiment was performed: with
the robot’s arms maintained in their initial configuration, a
sinusoidal external force in the z-direction, with a period of
4 s and an amplitude of 30 N, was applied to both hands (as
shown in Fig. 7(a)). Meanwhile, different control methods
were applied to the robot’s arms: the right arm was controlled
using pure PD, whereas the left arm employed compliance
modulation control with o« = 0.7 (between PD and K°®°
= 500 N/m). Fig. 7(b) shows the results of the measured
elbow torques. In the figure, we can observe that the joint
torques under modulated compliance control (CoTaP) are
much smaller than those under PD control. These results
demonstrate that, in practical applications, the task-space
compliance value together with the modulation ratio « can
be varied to quantitatively regulate the robot’s compliance,
enabling adaptation to specific objectives such as precision
control and energy conservation.

For sim-to-real validation, after training the proposed

Upper Body Joint Measured Torques

—— Right Elbow (PD)
—— Left Elbow (CoTaP)

Measured Torque (Nm)

Time (s)

(a) (b)

Fig. 7. (a) Simulation of HI1 in MuJoCo under a periodic load applied on
both hands. In this simulation, right arm is using PD control and left arm is
using modulated compliance control (o = 0.7). The left hand swings with
a larger amplitude than the right hand. (b) Torque curves of both elbow
joints under periodic loading. It can be seen that the torque of the left arm
is overall much smaller than that of the right arm.

method on the Unitree G1 robot, we deploy the resulting
policy on the physical robot for evaluation. In deploy-
ment, we compute the corresponding joint torques (including
lower-body joints) directly using (2) and send them to the
robot’s low-level actuators for execution. Fig. 8 compares
the arm compliance behaviors under the baseline and the
proposed CoTaP method. The robot is set to a standing mode,
with the arms maintained in a nominal L-shaped posture.
When the operator pushes or pulls the robot’s hand, the
baseline remains nearly stationary, whereas under the CoTaP
method, the arm exhibits pronounced compliance. Moreover,
during force application, we observe that even near kinematic
singular configurations, the robot joints do not exhibit jitter.

V. CONCLUSIONS

In this study, we proposed CoTaP, a pipeline applying
compliance information in the RL structure, and introduced
its controller based on RL and compliance modulation for
humanoid robot loco-manipulation. The main contribution
of this work is the integration of model-based compliance
control into the RL training framework, enabling the robot
to benefit from the advantages of RL-based motion genera-
tion while ensuring quantitatively adjustable compliance at
the low-level controller. By incorporating randomization of
the required task-level compliance values, the controller no
longer needs to be retrained each time the compliance setting
is modified.
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Fig. 8.

Experimental snapshots of the G1 robot under different control

policies. Left: whole-body PD-based baseline. Right: proposed CoTaP
method (task stiffness K ¢¢ = 200 N/m, modulation ratio o = 0.7). Under
the same manually applied external force from the operator, the baseline
remains almost stationary at the initial target position, whereas under the
proposed method the robot’s arm is correspondingly displaced.

After achieving this, task-space compliance becomes a
parameterizable and adjustable quantity, both for future tele-
operation and real-world control. This broadens the overall
state space of humanoid robot operation, enhances the adapt-
ability of robotic loco-manipulation, and enables the robot to
go beyond simply imitating human motions by compliance
modulation according to the actual situation.
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