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Fig. 1: We train a whole-body policy to control contact force as well as for end effector position control in noncontact scenarios. The
force control mode enables compliant interaction (top) and whole-body force application (middle). The mobile end effector position and
force control modes comprise a pipeline for teleoperation of locomotion, grasping, and force-controlled manipulation.

Abstract— Controlling the contact force during interactions is
an inherent requirement for locomotion and manipulation tasks.
Current reinforcement learning approaches to locomotion and
manipulation rely implicitly on forceful interaction to accom-
plish tasks but do not explicitly regulate it. This paper proposes
a reinforcement learning task specification that focuses on
matching desired contact force levels. Integrating force control
with the coordination of a robot’s body and arm, we present an
end-to-end policy for legged manipulator control. Force control
enables us to realize compliant gripper and whole-body pulling
movements that have not been previously demonstrated using a
learned policy. It also facilitates a characterization of the force-
tracking performance of learned policies in simulation and the
real world, indicating their performance potential for force-
critical tasks. Video is available at the project website: https:
//tif-twirl-13.github.io/learning-compliance.

I. INTRODUCTION

Recent frameworks for training policies using reinforce-
ment learning have achieved state-of-the-art results in legged
locomotion [1]-[4], dexterous manipulation [5], [6], and
drone flight [7]. The common paradigm in these works is to
command a task in position or velocity space while leaving
the policy to choose applied force implicitly. Compared
to other forceful manipulation systems [8]-[12], typically
learned policies use a coarse action space of position targets
for a low-gain PD controller, a relatively low control fre-
quency, and do not incorporate a force-torque sensor on the
contact body. Regardless, reinforcement learning controllers

Research was conducted in the Improbable AI Lab at MIT. Author
affiliations: ! Improbable AI Lab. 2 EPFL. 3 University of California, San
Diego.

979-8-3503-8457-4/24/$31.00 ©2024 IEEE

are frequently used to generate forceful interactions such as
during walking, running, parkour, fall recovery, object re-
orientation, and others [13]-[18]. In this work, we propose
a task specification for reinforcement learning where the
desired contact force is directly commanded. Leveraging
this specification, we train a policy capable of applying the
desired force through a manipulator mounted on a large
quadruped. We characterize the force tracking and estimation
capability of such a system. We also investigate the ability
of the quadruped to coordinate the body and legs to increase
both its reach and the force application workspace and
magnitude compared to using the manipulator in isolation.

While force control is well studied for fixed-base and
wheeled manipulators [19]-[23], legs can allow us to walk
to an object that may be inaccessible to a wheeled robot
and also allow shifting the center of mass to facilitate a
larger workspace and stronger posture. Our work trains
a legged manipulator to perform tasks that involve force
control, ranging from a compliant mode for kinesthetic
demonstration collection or safe operation around humans
to high-force tasks like pulling and lifting. This is achieved
by coordinating the entire body with an end-to-end policy.
Learning a whole-body policy allows the robot to comply and
apply force in configurations that would be outside a fixed-
base manipulator’s workspace. The policy is simultaneously
trained for multiple tasks: mobile reaching and force control,
allowing a seamless transition between modes. Our primary
contributions are:

1) Propose a task specification for learning end-to-end
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policies for end effector force control (see Section IV).
2) Demonstrate the first deployment of learning-based
whole-body force application control in legged manip-
ulators (see Section V).
3) Characterize the effectiveness of force tracking and
force estimation for learned policies in simulation and
reality (Section V).

ITI. RELATED WORK
A. Reinforcement Learning for Loco-Manipulation

Prior work has controlled a quadruped with mounted
arm using sim-to-real reinforcement learning by formulating
the task as simultaneous end effector position control and
locomotion velocity control [13], [24]. Our work is highly
influenced by [13], which was deployed on a real robot
and displayed an increased workspace. However, it was not
suitable for forceful and compliant tasks due to several
factors, including the lack of force modeling during training,
the competing constraint arising from explicitly commanding
the gripper position relative to the body, and the smaller arm
with a maximum payload rating of 0.2 kg. Other works have
learned a policy for a downstream task that requires forceful
interaction, such as preventing and recovering from falls with
a mounted arm [15] or dribbling a ball with the feet [14],
[25]. These works demonstrate that forceful interaction is
possible but optimize it in service of a single task. Without
an explicit way of commanding the interaction force, we
cannot repurpose these controllers for other force application
tasks, and the precision of the force control in simulation and
reality cannot be directly evaluated. Another line of work
has used hierarchical architecture to push large objects using
the robot’s body, without an arm [26]. While the body and
legs alone can perform useful environment interactions, a
mounted arm can increase the workspace and allow the robot
to control the direction and magnitude of force and torque
application more precisely.

B. Forceful Control Primitives

For some manipulation tasks, particularly those involving
contact interactions, it is hard to teleoperate by command-
ing position setpoints due to the unknown geometry of
the contact surface or a desired degree of compliance in
the motion. Instead, various parameterizations of control
that regulate contact force have been proposed. Classic
work on compliance and force control [19]-[22] established
impedance control and hybrid force-velocity control. The
purpose of these techniques is to define how the robot
should reconcile force and position tracking errors given that
these quantities cannot be independently controlled during
contact. Force control methods may be implemented with
closed-loop feedback from a wrist force sensor or with less
precision by estimating the contact force from proprioceptive
actuators and robot model [8]. Our approach does not strictly
correspond to any classical control formulation because our
objective function combines regularization terms common in
reinforcement learning with a force tracking objective.
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Fig. 2: System architecture. In addition to the position command

pZ;"d, we consider training a policy to track a commanded end

effector force F™? while walking following a base velocity com-
mand v§™?. A human operator uses the Oculus joystick (left) to
define the commands. To learn force tracking, we train the policy
in a potential field where the gripper is pulled towards a randomized
setpoint x5 (right).

One use case for force control is kinesthetic teaching,
wherein a human physically interacts with a robot to demon-
strate the movements and forces it should apply on the
environment to accomplish a task [27], [28]. To receive
a kinesthetic demonstration, it is necessary for the robot
to comply with the operator’s guidance and also estimate
the amount of force exerted. This method of teaching has
previously been considered challenging for legged robots and
high-dimensional systems because of the cognitive challenge
of reasoning about many degrees of freedom [29], which
provides a motivation for developing low-level controllers
that assume some control authority and ease the task.

C. Whole-body Control

Effective model-based approaches have been developed for
controlling legged manipulators in a variety of tasks [9]-
[12], [30]-[35]. Such works typically optimize a whole-body
inverse dynamics model to stabilize a reference trajectory
computed using model-predictive control or trajectory opti-
mization. A few works have specialized in forceful interac-
tion with a legged manipulator [9]-[12]. Early approaches [9]
used trajectory optimization to generate open-loop behaviors
for manipulating heavy objects and a separate online tracking
controller to realize the motion. Subsequent work [10] in-
corporated contact point planning and control to manipulate
objects using the entire body of a humanoid robot. More re-
cently, ALMA [12] proposed a motion planning and control
framework capable of coordinating dynamic and compliant
locomotion and mobile manipulation based on a whole-body
control task hierarchy. They demonstrated accurate contact
force control through the end effector using the whole body.
The ALMA system was also shown to support compliant
behavior in service of a collaborative payload-carrying task.

III. MATERIALS

Robot Quadruped: We implement our method on the
Unitree B1 quadruped robot. This 55 kg robot stands 0.64 m

15367



tall. It has 12 identical electric actuators — each equipped
with a joint position encoder — and an inertial measurement
unit in its body to provide orientation. An onboard NVIDIA
Jetson Xavier NX computer runs the control policy at 50 Hz.

Robot Arm: A Unitree Z1 arm is mounted on the B1’s
base. This 6 degree-of-freedom robot arm weighs 5.3 kg and
has a maximum reach of 0.74 m.

Teleoperation Joystick: To control the robot and arm, we
use the Oculus Meta Quest 2 headset with its two controllers
(Figure 2). The motion of the right controller is mapped to
position commands for the end effector. The robot’s body
motion, force application, and position commands at the end
effector are controlled by the thumb joysticks and buttons
on both controllers. The last two arm joints, responsible for
controlling the gripper’s roll orientation and opening angle,
are directly commanded via joystick commands, as they do
not influence the force or position of the end effector.

Simulator: We use Isaac Gym [36] for policy training.

IV. METHOD

Our system is comprised of a single learned policy that
simultaneously learns locomotion and whole-body regulation
of the end effector position and force. The force tracking
(Section IV-D) is the main novelty of our work and enables
compliant and force-controlled tasks. In order to apply
forces, the robot first needs to walk to and grasp objects,
so the robot alternates learning force regulation and position
tracking (Section IV-E).

A. Action and Observation Space

The action space is seventeen-dimensional (a; € R'7),
controlling position targets for a proportional-derivative con-
troller in each of the robot’s joints: thigh, calf, and hip joints
of the B1 robot as well as the first five joints of the arm.
The position targets are computed as o,a; + qger, Where
o, = 0.25 is a scaling factor, a; is the policy’s output, and
gdes denotes the default joint configuration, reflecting the
robot’s standard standing pose with its arm raised.

The observation, denoted as of, consists of the gravity
vector projected in the body frame g}, .. € R?, the feet clock
timings ctfeet € R* [37] , the joint positions, ¢¢ € R'7, the
joint velocities, ¢* € R!7, the actions, a* € R!7 and the
previous actions a'~! € R!7:

1 . —1 75
Ot+ = [gltjaseactfeetaqtaqtaataat ] € R (1)

The observation history olt=H:-t=1t] (H=30) is con-
catenated to the history of task-associated commands

tf;f’“’t*l’” as input to the policy.

B. Policy Architecture and Optimization

The policy itself includes the actor and state estimation
modules, while the entire system comprises three modules:
the actor network, the critic network, and the estimation
module. Following a common optimization technique in sim-
to-real learning [38], [39], we define a privileged state con-
sisting of quantities that may aid learning in simulation but
are not available from the real-world sensors. Our privileged

40

I Tracking Error
30 3 Estimation Error

20

Target Force [N] (z-axis)

Force Error [N]

Fig. 3: Simulated force control evaluation. Average force tracking
and estimation errors for target forces applied at 1000 setpoints
sampled across the full training workspace. The bars represent
the standard deviation. The accompanying illustration (right) shows
how the robot applies force at the gripper along the z-axis.

state includes the robot’s body velocity, the gripper position
in the body frame, and the external force on the gripper.
First, the state estimation module predicts an estimate é;
approximating the privileged state e; from the observation
history. This style of concurrent state estimation can improve
optimization performance [39]. Then, the actor-network in-
puts the observation history and the state estimate é; and
outputs the action. Separately, the critic network inputs the
observation history and the true privileged state e;. The
estimator, actor, and critic network are multilayer percep-
tions with elu nonlinearities and hidden layer dimensions
[256,128], [512,256,128], and [512, 256, 128], respectively.
The state estimator is simultaneously trained with a super-
vised loss while the actor and critic networks are optimized
using Proximal Policy Optimization [40] with 4096 parallel
environments. The maximum episode length is 20 seconds
which corresponds to 1000 timesteps. To speed up training,
episodes are terminated if the agent reaches a failure state.
The robot is deemed to fail if the gripper is in collision or
if the body height falls below 0.3 m.

C. Task Definition

The policy inputs t.,,q consisting of four commands:

« The desired force vector at the end effector ™ ¢ R3,
is defined in Cartesian coordinates in the world frame
and sampled between —70N and 70N for each axis.

e The desired end effector position in the body

frame is expressed in spherical coordinates: p™¢ =

(r,0,$)°™ € R3, sampled from ™ € [0.3, 0.9 m],
6™ € [-0.47 , 0.47 rad], ¢ € [-0.67 , 0.67 rad].

e The desired linear velocity in the body frame x- and
y- axes and the yaw angular velocity: vgmd € R? are
sampled from v, € [-1,1m/s|, v, € [-1,1m/s], w, €
[-1, 1rad/s]. To make teleoperation easier, when the
magnitude of the commanded base velocity falls below
0.1, the desired contact schedule for each foot is set to
zero, ensuring all feet remain grounded. This prevents
the robot from stepping in place, easing teleoperation.

o The binary input C/ indicates whether the robot is in
position or force tracking mode. This input is resampled
randomly twice within each episode so the environments
alternate between force and position tracking.

The reward is (r% +rg + r?)e” with separate terms for

the locomotion task (r’), gripper force control task (rg’c),
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gripper position control task (r?), and safety and smoothness
criteria (r;) (Table I). To encourage a smooth gait, the
locomotion task includes a contact schedule pattern for
trotting [37]. The exponential form from [39] ensures the
reward will remain positive by lifting the negative penalty
terms into the exponential.

During the force control task (C/ = 1), the position
commands p™ and position tracking rewards rJ are set to
zero. Conversely, during the end effector positioning task
(Cf = 0), the force commands F°™ and force tracking
rewards rfv are set to zero.

D. End Effector Force Task

To learn force control without learning grasping as a
prerequisite, we emulate the applied force on the gripper
using a soft contact model. To do so, we simulate an external
force F. € R3 that pulls on the gripper as a function
of its displacement from a force setpoint. The force is
modulated using a proportional-derivative control scheme
on the position and velocity difference between the gripper
position, x!, € R? and the setpoint x, € R®:

2

The chosen gains, K,, = 700, K; = 6, were tuned by
inspecting the behavior of the simulator to ensure that the
applied force is large enough to bring the gripper to the
setpoint but small enough to avoid extreme torques or os-
cillations. The setpoint is defined with respect to the robot’s
body frame and moves with the robot during locomotion.

If we initialize the force setpoint randomly, it may be un-
reachable or in collision with the robot’s body. To avoid this,
we instead initialize the force setpoint at the gripper’s initial
position when alternating between the position tracking task
and the force tracking task. As the robot learns to reach end
effector positions across a wide workspace, it simultaneously
acquires proficiency in exerting force across that workspace.

In terms of command sampling, we repeatedly sample the
force target F°™ and the duration of the force application
tr, which ranges between two and four seconds. The force
command undergoes linear interpolation from zero to the
sampled values in ¢y seconds. Then, they maintain these
values for a duration of 1.5 seconds, after which they are
linearly interpolated back to zero in ¢r seconds. To ensure
that fully compliant behavior is experienced frequently, each
time a force command is sampled, there is a 20% chance of
being a zero force target.

€

F! = Kp(xs — xg) + Kg(Xs — %,")

E. End Effector Positioning Task

The end effector position control mode is a stepping stone
towards our primary goal of forceful manipulation. This
mode (i) supports walking to objects and grasping them
(Section V-C), and (ii) generates diverse stable and collision-
free initialization poses for the force mode (IV-D). This mode
should have a wide workspace and intuitive teleoperation
interface for reaching any point in the environment. This
control mode reimplements elements from prior work [13]

Term Equation Weight

[ End Effector Position Control (IV-E) ]
rd: gripper position  exp{—|pee — pT2|/0.5} 5.0 x ~C7

l End Effector Force Control (IV-D) l
r: gripper force exp{—|F — F™|/20} 5.0 x C7

l Safety and Smoothness (r;) ]
collision penalty Leoltision =5.0
arm joint limit ]lqa>0_9*qzlnaman<0.9*q7am7” -3.0
leg joint limit ]l<11>0~9*‘1}'"”|\(11 <°~9*‘Ifmn —1.0
joint velocities l4)? —8e—4
joint acceleration ld)? —3e—T7
action smoothing lat—1 — a¢] —0.05
- lat—2 — 2ar—1 + at|? —0.02
arm torque limit ]lTa>0_8*‘T(7lna,m‘ —0.0015

l Locomotion (rz )

exp{—|vp, — vi™|/0.25} 1.0
Sroall = G ()] exp{—| £ |?/4} 0.9
Sl G ()] exp{—|viy|? /4} 4.0

body velocity
swing phase

stance phase

TABLE I: Reward terms for learning the whole-body policy.

with some adaptation to suit our robot’s specifications and
facilitate alternation with force training.

We adopt the command parameterization from [13], where
the end effector commands are defined within a frame
centered around the body and remain invariant to body
height, roll, or pitch changes. Each time a new position is
sampled, we linearly interpolate the position target from the
previous position command to the new one for four seconds.
The robot is initialized in a standing posture (shown in Fig.
5) with a small random perturbation to the joint angles.

V. RESULTS

We evaluate the efficacy of the learned policy at end
effector force tracking for compliant and forceful tasks. We
also characterize the performance of end effector position
tracking and show that it is sufficient to complete our system
for forceful teleoperation.

A. Applying Large Forces

When lifting or pulling objects, an effective controller
should realize a large applied force without undesired tran-
sients or inefficient postures that would result in the motor
exceeding its safety limits. To evaluate this characteristic,
the average force tracking and estimation errors for target
forces applied at 1000 setpoints sampled across the full
training workspace are reported in Figure 3. The tracking
error represents the difference between the commanded and
actual force, while the estimation error denotes the difference
between the estimated and actual force. For z-axis force
control, the mean absolute tracking error is around 5N for
low force targets and remains below 10N across the entire
training range. The estimation error is generally equal to or
greater than the tracking error, suggesting that some errors
may result from a lack of observability in the policy input.

To evaluate the force control performance on the real
platform, we attach our robot’s end effector to a dynamome-
ter and gradually increase the downward force command
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Fig. 4: Real-world deployment. We deploy our policy in a variety of real-world scenarios: (A) water pouring in a kitchenette; (B)
tracking a long end effector trajectory with performance verified by motion capture; (C) outdoor whole-body reaching; (D, E) quantitative
measurement of the force application control by pulling down on a dynamometer; (F) lifting a 4 kg box while maintaining compliance in
the gripper, showcasing gravity compensation. In subfigure (D), each line represents the mean across five force setpoints, with the shaded

area indicating the standard deviation.

through the entire training range (0-70 N). The dynamometer
is used to record the applied force across five trials with
the gripper in high, low, left, right, and middle positions
(Figure 4-E). We found that the tracking error across these
five trials was within the range of 5-10 N which is similar to
the values observed in simulation. The estimated force tends
to overshoot, suggesting a moderate sim-to-real gap. Despite
significant discrepancies in force estimation, the force track-
ing performance remains notably proficient, suggesting that
the policy somewhat disregards the estimated force feedback.

To evaluate whether our policy can coordinate the body
with the legs to increase the applied force, we initialized the
arm directly in front of the robot and recorded the highest
pulling force we can achieve (Figure 1). The observed force
of 90N is greater than the arm’s rated payload of 36 N.
We also measured the force application across the reaching
workspace in simulation. We found that the policy can
track large forces across a large portion of the expanded
workspace, although it experiences higher errors at the
extreme limits of reaching.

B. Applications: Compliance and Kinesthetic Demonstra-
tions

1) Compliant end effector state: When the controller IV-
D is commanded to track zero force, this corresponds to a
fully compliant mode where the posture of the body and arm
coordinate to drive the gripper force application to zero in all
three axes. When released, the gripper remains suspended,
with the system exhibiting gravity compensation. Figure 1

and the supplementary video show an operator manipulating
the system to reach various points.

Our result supports that fully compliant behavior is pos-
sible using the standard reinforcement learning architecture,
which has not been previously shown. Realizing compliant
behavior in learned motor policies will likely improve the
safety of robots around humans and their robustness against
unexpected disturbances. For example, when the quadruped
walks in force control mode and bumps its gripper into a
wall or obstacle, we observe that the gripper complies and
moves out of the way, allowing the robot to continue walking
as desired. Compliance also facilitates data collection for
kinesthetic teaching, in which a human operator directly
manipulates a robot’s limbs to demonstrate a task without
writing code or learning to use a teleoperation interface. As
a proof of concept, we kinesthetically manipulated the robot
to insert a drill into its charging station.

2) Compliant manipulation of heavy objects: By modu-
lating the force application command in the z-axis, the com-
pliant mode can be extended to the scenario where the robot
is lifting an object with its arm (Figure 4-F). We tested the
compliant mode with payloads of 0 kg, 2 kg, 4kg, 6 kg. With
a zero force command along the z-axis, nonzero payloads
cause the gripper to sink to the ground, which is expected
since it should not apply a resistive force. In this case, it takes
substantial force for the human to lift the gripper with the
object in grasp because the gripper will not apply any lifting
force to the grasped object. Next, we increased the vertical
force command to match the payload weight. For payloads
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Fig. 5: Expanded workspace. (A-B) The whole-body policy (red)
enlarges the fixed arm workspace (green) by 59%. (C) The position
error distribution shows the tracking accuracy while standing in
place, evaluated across 1000 end effector positions sampled from
the training distribution.

up to 4kg, this restored gravity compensation against the
payload and compliance in all axes. With the highest payload
of 6 kg, the gripper is less compliant and drifts to the center
of the robot when released to the side.

C. Applications: Walking, Reaching, and Grasping

The end effector position control mode serves to establish
an initial grasp or contact with the force application target.
To manipulate objects that are higher or lower than the
robot’s body, we would like to achieve a large manipulation
workspace through coordination of the body and arm.

To measure the workspace of the position reaching, we
send a sequence of commands at the limit of the training
distribution and record the actual gripper positions achieved.
As a baseline, we measure the workspace of the arm while
the base is fixed in place by randomly sampling 3000 arm
configurations and recording the resulting gripper positions.
To characterize the workspace in each scenario, we fit a
convex hull to the reached points and compute its volume.
The whole-body policy enlarges the workspace volume by
59 %, demonstrating the significant benefit of whole-body
coordination (Figure 5).

To grasp objects for manipulation, the end effector position
tracking mode should also be accurate. We measure the
distribution of error between the end effector position and
the target position across a set of 1000 end effector position
commands, uniformly sampled from the training distribution.
The mean error is 4.6 cm in the x-axis, 4.8 cm in the y-axis,
5.5cm in the z-axis.

The end effector tracking performance is evaluated on
hardware by teleoperating the arm across a variety of
commands within the training distribution. We record the
trajectory of commands as well as the trajectory of end
effector positions captured via a motion-tracking system.
The path, expressed in Cartesian coordinates, can be seen

in Figure 4-B. As shown, the commanded and actual end ef-
fector positions align closely. For this trajectory, the average
positional errors on the z, y, and z axes are 4.42 cm, 5.37
cm, and 6.86 cm, respectively. These values being similar
to the ones observed in simulation, the disparity between
simulation and real-world performance in the position mode
is minimal. In a series of qualitative experiments, we suc-
cessfully teleoperated the end effector positioning mode for
door opening (Figure 1) and water pouring (Figure 4-A).

VI. DISCUSSION

We have demonstrated that learned whole-body manip-
ulation policies can acquire a degree of compliance and
perform force control at the end effector using only the
minimal sensor configuration of joint encoders and body
IMU. The force tracking performance is sufficient for some
force-controlled tasks, including collecting demonstrations
for kinesthetic teaching with a weight and whole-body
pulling. In quantitative experiments, we demonstrate good
accuracy of a learned force estimator and the force applica-
tion command tracking. We also characterize the sim-to-real
gap in our system. Because the policy can walk, grasp, and
apply forces, our work provides a teleoperation framework
suitable for teleoperation and data collection for kinesthetic
teaching of forceful loco-manipulation tasks. In the future,
it will be promising to explore imitation learning pipelines
where the robot learns to accomplish compliant and forceful
behaviors autonomously from demonstrations.

Our approach differs from some successful classical meth-
ods by realizing force control through a low-frequency neural
network policy and without any force-torque sensor at the
end effector. Although we showed that our policy can realize
desired forces and positions, the achieved tracking accuracy
of around 5cm for position and 5N for force commands
may be insufficient for highly precise tasks. It is unknown
whether this performance represents a limit of the hardware,
optimization method, or choice of policy architecture. Future
work could explore incorporating kinematic and dynamic
models to guide the policy to a better solution.
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