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M A N I P U L AT I O N

Learning contact-rich whole-body manipulation with 
example-guided reinforcement learning
Jose A. Barreiros†, Aykut Özgün Önol†, Mengchao Zhang†, Sam Creasey, Aimee Goncalves, 
Andrew Beaulieu, Aditya Bhat, Kate M. Tsui, Alex Alspach*

Humans use diverse skills and strategies to effectively manipulate various objects, ranging from dexterous in-
hand manipulation (fine motor skills) to complex whole-body manipulation (gross motor skills). The latter involves 
full-body engagement and extensive contact with various body parts beyond just the hands, where the compli-
ance of our skin and muscles plays a crucial role in increasing contact stability and mitigating uncertainty. For 
robots, synthesizing these contact-rich behaviors has fundamental challenges because of the rapidly growing 
combinatorics inherent to this amount of contact, making explicit reasoning about all contact interactions intrac-
table. We explore the use of example-guided reinforcement learning to generate robust whole-body skills for the 
manipulation of large and unwieldy objects. Our method’s effectiveness is demonstrated on Toyota Research In-
stitute’s Punyo robot, a humanoid upper body with highly deformable, pressure-sensing skin. Training was con-
ducted in simulation with only a single example motion per object manipulation task, and policies were easily 
transferred to hardware owing to domain randomization and the robot’s compliance. The resulting agent can 
manipulate various everyday objects, such as a water jug and large boxes, in a similar fashion to the example mo-
tion. In addition, we show blind dexterous whole-body manipulation, relying solely on proprioceptive and tactile 
feedback without object pose tracking. Our analysis highlights the critical role of compliance in facilitating whole-
body manipulation with humanoid robots.

INTRODUCTION
Humans display an extraordinary ability to manipulate objects with 
wide-ranging sizes and shapes leveraging the dexterity of our end effec-
tors (hands), full-body engagement, and interactions with the environ-
ment such as bracing (1, 2). The taxonomy of human dexterity includes 
both fine and gross manipulation skills (3, 4). Although the former (fine 
dexterity) has been extensively studied in robotics, gross dexterity is a 
less explored domain. Gross motor skills in humans and other primates 
involve engaging the whole body through the activation of large muscle 
groups including the arms, trunk, and legs. These skills enable everyday 
functions for humans such as carrying grocery bags, moving a couch 
around a living room, reorienting heavy canisters, and holding a baby 
(even while climbing a tree in the case of orangutans).

In robotics, there has been a long-standing endeavor to replicate 
and integrate these dexterous human skills. To enable the whole-body 
manipulation of big and unwieldy objects, we developed a hardware 
platform named Punyo (5). Punyo is an upper-body humanoid robot 
with soft “flesh” over a hard dual-arm “skeleton.” Punyo’s end effectors, 
arms, and chest are covered with highly deformable, pressure-sensing 
materials so that it can feel contact and react appropriately. This soft-
ness is provided by passively compliant, air-filled bladders under a 
fabric cover, enabling Punyo to conform to the surfaces it touches. As 
a result, contact stability is enhanced through increased friction and 
more uniform force distribution. The latest version of Punyo intro-
duced here is also equipped with active compliance via a joint-level 
admittance controller that allows the robot to comply with general-
ized external forces.

The challenges of whole-body manipulation with Punyo are mul-
tifaceted. First, the deformable structures covering the robot are 

difficult to model. Second, the object properties, such as inertia and 
friction, are uncertain. Third, motivated by future downstream appli-
cations that include interacting with people, the Punyo robot needs to 
operate with human-like natural motion (6–8), also referred to as leg-
ible or interpretable motion in the related literature (8, 9), to align the 
robot’s behavior with human expectations and enhance the perceived 
and actual safety (9). Furthermore, minimal human supervision for 
skill acquisition is desirable for operating in open-world settings and 
rapidly accumulating new skills.

For instance, consider the scenario delineated in Movie 1, in which 
Punyo is tasked with moving a large box to a desired pose. For this 
purpose, the robot might first pull the box toward itself using both 
arms, then use one hand to pivot the box by bracing it against the torso, 
and lastly translate it until it reaches the desired configuration. Devis-
ing a framework to systematically plan and control such whole-body 
manipulation behaviors presents a formidable challenge, primarily be-
cause of the complexity of contact combinatorics.

Model-based planning methods face challenges in contact-rich 
domains, where contact events lead to stiff and discontinuous nu-
merics with numerous discrete modes, resulting in a nonconvex and 
disconnected search space. Nevertheless, planning through contact—
synthesizing complex, contact-rich behaviors from only a high-level 
goal—remains a compelling and actively pursued challenge. The 
seminal work by Mordatch et al. (10) introduced contact-invariant 
optimization to generate dexterous manipulation motions. Subse-
quent contact-implicit optimization techniques (11–13) expanded 
on this idea, reducing reliance on heuristics and improving generality 
for manipulation planning. More recently, sampling- (14) and graph-
based (15) methods have demonstrated strong scalability and effec-
tive exploration in high-dimensional spaces. Despite these advances, 
such approaches remain computationally intensive. Planning a single 
motion can take from several seconds to minutes, restricting these 
methods’ practicality to offline settings, especially when dealing 
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with complex contact sequences. Once a motion is generated, open-
loop execution remains sensitive to uncertainties in model parame-
ters and object pose (12). Achieving robust execution necessitates 
closing the loop via state feedback. Complementary to closed-loop 
control is the exploitation of physical intelligence enabled by body 
compliance, which has been shown to ease the control problem by 
increasing the contact stability mechanically, as demonstrated in 
(16), and offloading computation that would otherwise fall to a high-
level controller, such as the brain in animals.

Imitation learning (IL) has emerged as a promising pathway to 
tackle contact-rich manipulation, a prospect bolstered by recent 
progress in gradient-field learning methods (17–19). For instance, 
diffusion policy (DP) (17) exhibits great potential for learning com-
plex manipulation tasks. This approach has been shown to general-
ize well to scenarios that are difficult to model and estimate states 
for, such as peeling vegetables, rolling dough, and making pancakes 
(20). Yet, applying this strategy requires a considerable number of 
expert demonstrations, facing challenges at scale because of the 
limitations of teleoperation methodologies. Predominantly tailored 
for end-effector tracking, existing teleoperation techniques struggle 
to effectively demonstrate complex whole-body maneuvers, with no-
table recent exceptions that leverage learned human-to-humanoid 
retargeting models (21, 22). Even when resorting to whole-body 
teleoperation techniques, such as conventional kinematic retarget-
ing (23, 24), performing the same task repeatedly to train a profi-
cient policy may be tedious.

For more structured tasks that are possible to simulate, reinforce-
ment learning (RL) has been proven to yield notable outcomes (25–
28). These advancements frequently hinge on the availability of 

task-specific insights, either in the form of well-defined reward func-
tions or expert guidance. As a means to streamline the process of 
reward design, guided RL (29) capitalizes on pre-existing knowl-
edge inferred from data to improve the efficiency and efficacy of the 
RL process. In particular, example-guided RL (EGRL) aims to com-
bine motion imitation with task-based rewarding (standard RL) and 
has shown promise in aiding exploration by instilling a desired mo-
tion style, thus accelerating learning and easing reward shaping 
(30–40). As an example, generative adversarial imitation learning 
(GAIL) (41) effectively integrates a generative adversarial network 
(42), with RL incorporating a discriminator that evaluates the re-
semblance between the policy and example motions. However, GAIL’s 
direct applicability is limited to cases when the demonstrator’s ac-
tions are observable. Addressing this, a recent work introduced ad-
versarial motion priors (AMPs) (43), which leverages the GAIL 
framework to discern whether a state transition is a sample from the 
example motions or one generated by the agent. This approach does 
not require designing imitation objectives or motion selection mecha-
nisms, and it can automatically synthesize a policy that completes a 
desired high-level task given a set of example motions and a generic 
reward function. Owing to its promise to impose motion style on 
the RL policy without the burden of reward engineering, the AMP 
idea (originally proposed for character animation) has caught the 
attention of the robotics community and has led to impressive re-
sults for quadruped locomotion (44–48). AMP has been applied to 
generate whole-body motions for animated characters (49), such as 
kicking and striking, where the fidelity of physics and the manipula-
tion of objects are not critical constraints. This approach’s transla-
tion to manipulation tasks in the real world, which involves unique 

Movie 1. Hardware rollout of the cardboard-box-pivot-and-lift policy. 
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challenges arising from intricate contact interactions and constraints 
between the robot and the object, had not previously been explored 
in terms of its applicability and effectiveness.

In this Research Article, we demonstrate that our controller 
(Fig. 1A), based on AMP combined with Punyo’s passive and active 
compliance, tackles the aforementioned challenges in whole-body ma-
nipulation and enables robust execution of complex whole-body ma-
nipulation tasks on a humanoid robot. Leveraging the versatility of 
AMP’s formulation to accept any state-based trajectory as an example 
motion, we used both teleoperation data collected in simulation and, 
separately, motion plans from a model-based planner and evaluated 
the trade-offs of the choices of motion source. We show that a single 
teleoperated demonstration collected in simulation is sufficient to train 
policies for stylized, contact-rich motions. We further show that even a 
rough, dynamically infeasible motion plan can serve as an effective ex-
ample, allowing the method to scale beyond the constraints of teleop-
eration. Using an asymmetric actor-critic policy, we trained policies 
with privileged information that is readily available in simulation while 
relying only on proprioceptive and tactile inputs at inference time, en-
abling blind manipulation without the need for object pose tracking. 
The resulting policies successfully complete various real-world tasks 
(Fig. 2), including lifting a jug over the shoulder, flipping it upside 
down, and reorienting a large box. Last, we analyzed how the example 
motion quality affects learning performance and evaluated the influ-
ence of compliance and domain randomization (DR) on the resultant 
policies’ robustness, measured by success rate under randomized ini-
tial object pose. Movie 2 provides a visual summary of the results.

RESULTS
We conducted experiments on the Punyo robot (see the “Punyo” 
section in Materials and Methods) for the following manipulation 

tasks: plastic-box-hug-lift, plastic-box-paw-lift, cardboard-box-pivot-
and-lift, jug-over-shoulder, jug-rotate, and cube-lift (see the “Manip-
ulation tasks” section in Materials and Methods). For all experiments, 
task-specific policies for each manipulation scenario were trained 
separately, and unless explicitly stated otherwise, DR was used dur-
ing policy training, and the object pose was measured via an Opti-
Track (50) motion capture system with active markers.

Versatility in the source of example motions
The proposed EGRL formulation is agnostic to the source of exam-
ple motions, which are required only to be a sequence of robot states. 
In this work, we used example motions obtained by teleoperating 
the robot in simulation and motions generated by a model-based 
planner, named global quasidynamic planner (GQDP) (14). In the 
following paragraphs, we discuss the details of each example motion 
choice and a comparison.
Teleoperation data
A direct way to generate example motions is to teleoperate the ro-
bot. However, for whole-body manipulation, controlling both arms 
simultaneously presents a substantial challenge because of the map-
ping of the many degrees of freedom of the robot to a limited num-
ber of “knobs” that a human teleoperator can effectively handle, 
considering the precise timing and coordination that is needed for 
complex whole-body manipulation. Inspired by the concept of Ei-
gengrasp (51), we broke down whole-body motions into synergies 
(as described in the “Eigengrasp-based whole-body teleoperation” 
section in Materials and Methods) that were combined linearly and 
controlled via a standard game pad interface.

During teleoperation, we logged the robot’s configuration qa
t
 , the 

object’s configuration qu
t
 , and the position commands at issued to the 

robot. In addition, we recorded the pressure readings pt from the robot’s 
end effectors (paws) and all contact-pressure sensors along the robot’s 

arms. We collected teleoperation data in 
simulation using the high-fidelity hydro-
elastic contact model (52, 53) in Drake 
(54). This choice was motivated by the ease 
of initializing the simulated environment 
at any given state at reset time, which re-
quires manual effort in the real world.
Motion plans
Another approach to obtaining example 
motions is through motion planning. We 
selected GQDP because of its capabil-
ity for synthesizing long-horizon behav-
iors with multiple intermittent contacts. 
This approach assumes quasidynamic me-
chanics to reduce the problem into the 
configuration space, and it uses a contact 
smoothing scheme along with the locally 
linearized model to derive a reachability 
metric. As a result, the problem of plan-
ning through contact, given the initial and 
desired configurations of the object, can 
be effectively addressed using a sampling-
based planner, specifically rapidly explor-
ing random tree (RRT) (55).

The coarse path generated by RRT is 
then refined using trajectory optimiza-
tion to output a trajectory denoted as

Fig. 1. Dexterous whole-body manipulation with the Punyo robot. (A) Given an example motion, which can be either a 
teleoperation demonstration or a planned trajectory using a model-based planner, a feedback control policy is trained along 
with a discriminator in simulation using example-guided RL to allow the robot to perform dexterous whole-body manipula-
tion tasks that follow the prescribed motion style in the example motion. (B and C) Executions of the control policies trained 
using the method shown in (A) with the Punyo robot for the jug-over-shoulder task (B) and the plastic-box-hug-and-lift task 
(C); the policies are trained in simulation and transferred to the real world without any postprocessing.
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The refinement step eliminates nonphysical artifacts caused by 
contact smoothing and large time steps used for the search and 
improves the path that may be nonsmooth because of the random 
nature of RRT. In this context, qa

t
 and qu

t
 represent the configura-

tions of the actuated and unactuated degrees of freedom of the sys-
tem corresponding to the robot and the object, respectively. qa

cmd,t
 

denotes the robot position commands for a joint stiffness controller 
at each discrete time step t.

Notably, despite the refinement, the resulting plan may exhibit 
physically infeasible artifacts because of the quasidynamic assump-
tion (14) breaking when the system moves at non-negligible speeds 
and a robot teleport issue, where the robot jumps in a single time 
step from one contact configuration with the object to another be-
cause of contact sampling. Given the robot teleport issue, the object 
is not guaranteed to be stable while the robot is transitioning be-
tween contact configurations. This implies that during the rollout of 
the planned trajectory, if the robot adheres to the planned waypoints 
qa
t
 , then the object may not remain at the corresponding qu

t
 , particu-

larly in tasks where the object is not in static equilibrium.

Comparison
Note that there are advantages and limi-
tations of the above two example mo-
tion sources. GQDP can generate motions 
that are potentially physically infeasi-
ble because of modeling simplifications. 
Moreover, the planning time can vary 
substantially, taking anywhere from sev-
eral seconds to minutes depending on 
the task’s complexity. In addition, with-
out heuristics, these plans may not align 
with human expectations regarding mo-
tion style, and the user only has control 
over the initial and final state. Neverthe-
less, this planner is capable of producing 
complex motions that might be challeng-
ing to achieve through teleoperation be-
cause of interface limitations, and they do 
so requiring minimal human supervision.

On the other hand, teleoperation en-
sures that the desired motion style is in-
corporated into the generated motions, 
with expert operators able to create ex-
amples within a short time frame. Using 
our simplified teleoperation interface, an 
expert demonstrator can repetitively suc-
ceed at the jug-over-shoulder task shown 
in Fig. 3A. Such a task requires extensive 
fine-tuning when the motion is synthe-
sized using GQDP. However, using the 
teleoperation interface may be tedious for 
the operator and require extensive train-
ing, especially for tasks demanding non-
trivial coordination between the robot’s 
arms, even with our simplified whole-
body teleoperation interface.  Figure  3B 

shows a task that could not be accomplished even by our most 
expert teleoperator.

Figure  3 (A and B) depicts a juxtaposition of the keyframes of 
example motion from teleoperation (Fig. 3A) and the model-based 
planner (Fig. 3B) and policy rollouts showing that the policy follows 
the style of each demonstration. Note that the overall style, such as 
the contact sequence, remains similar to the example motion with a 
few alterations that improve task performance and enable task com-
pletion because of the exploration capability of the RL process. A 
comparison of example motions generated by GQDP and teleopera-
tion for the cardboard-box-pivot-and-lift task is shown in the “Com-
parison between GQDP and teleoperation example motions” section 
in the Supplementary Materials.

The influence of example motion quality
Empirical evidence from previous work (46) and our own suggests 
that rough, partial demonstrations might be enough guidance to 
synthesize successful policies using EGRL. To understand the extent 
to which the demonstration quality matters in the training of an ef-
fective policy, we perturbed the robot’s configuration qa

t
 in the ex-

ample motions in two ways. The first involved injecting noise 
sampled from a Gaussian distribution with zero mean and varying 


� =

{(

qa
t
, qu

t
, qa

cmd,t

)

∣ t=0,… ,T

}

(1)

Fig. 2. Dexterous whole-body, bimanual manipulation of various large daily objects. Sequence of keyframes 
showing policy rollouts on the Punyo robot for (A) rotating a water jug 180°, jug-rotate; (B) lifting a water jug over its 
shoulder, jug-over-shoulder; (C) wrapping and lifting a plastic box with its arms, plastic-box-hug-lift; (D) lifting a 
plastic box using both hands, plastic-box-paw-lift; (E) lifting and pivoting a cardboard box, cardboard-box-pivot-and-
lift; and (F) lifting a plastic cube with the end effectors, cube-lift.
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SD. The second method entailed discarding intermediate configura-
tions along the trajectory, retaining only every kth waypoint, and 
performing linear interpolation for the intervening time steps. 
These disruptions were intended to emulate scenarios of noisy sen-
sor readings and signal loss. Figure 3C illustrates an example of each 
of these perturbations.

We tested the effect of the above perturbations on the training 
performance for three tasks: the jug-over-shoulder, cube-lift, and 
cardboard-box-pivot-and-lift tasks. The first two tasks used teleop-
eration demonstrations as example motions, whereas the cardboard-
box-pivot-and-lift task used a GQDP plan as the example motion. 
We conducted this experiment for both types of motion sources be-
cause there is an inherent quality difference between a teleoperated 
motion and a motion plan. That is, the teleoperation data were col-
lected by running a dynamic simulation using Drake’s high-fidelity 
physics, whereas the model-based plan was generated assuming 
quasidynamics and included discontinuous robot motions, as de-
tailed in the “Versatility in the source of example motions” section.

When introducing Gaussian noise, we used three different SD 
(

σnoise
)

 magnitudes of 0.01, 0.1, and 0.5 radians. For discarding in-
termediate configurations, we retained every 10th, 20th, and 50th 
waypoint. For the nominal case and each of the above scenarios, we 
trained policies using six different random seeds. The success rates 
achieved by the trained policies using various perturbed example 
motions are depicted in Fig. 3D. Overall, the EGRL method demon-
strated robustness to both types of perturbations, provided that the 
motion style remained consistent and was not substantially changed 
by the perturbations. In general, sparsely interpolating the example 
motion, such as every 50th waypoint, or introducing a large noise, 

such as σnoise = 0.5 radians, to the example motion degraded the 
performance of the trained policy. However, small noise or dense 
interpolation did not result in a notable performance change. Hence, 
the proposed method was not highly sensitive to example motion 
quality. This result opens the door for alternative, potentially easier, 
ways of example motion collection, such as kinesthetic teaching with 
only a few key waypoints.

The effect of compliance on task success
We hypothesized that physical compliance helped to increase the 
robustness of whole-body manipulation by adding damping to con-
tact interactions, increasing the stability of contacts at the various 
robot-object interfaces, and increasing the robot’s overall ability to 
obtain and maintain form closure around an object (56). We lever-
aged two forms of compliance when performing manipulation tasks 
with Punyo: surface-level passive compliance from Punyo’s soft out-
er covering (Fig.  4A) and joint-level active compliance from an 
optimization-based controller that altered the joint position com-
mands according to the estimated external joint torque (Fig. 4B).

To quantify the influences of compliance on whole-body manip-
ulation performance, first, we conducted hardware experiments 
comparing these two types of compliance on two different tasks. We 
considered the jug-over-shoulder and plastic-box-hug-lift tasks be-
cause of their contact-rich nature, where an object must be wrapped 
with multiple contacts across the robot’s body. An important differ-
ence between these tasks is the amount of contact and internal forc-
es. The jug-over-shoulder task uses only one arm, whereas the 
plastic-box-hug-lift uses both arms and the torso of the robot and 
hence produces larger internal forces.

Movie 2. Video summary of the methods. 
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For the surface-level (passive) compliance evaluation, we built 
rigid equivalents of Punyo’s deformable structures (namely, the arm 
air-filled chambers and soft paws; fig. S1) on the basis of geometry 
measured at nominal levels of inflation. We compared the success 
rate of a policy execution on hardware for the following conditions: 
only passive compliance (soft air-filled chambers, no compliant 
joint controller), only active compliance (rigid air-filled chamber 

stand-ins with the compliant joint controller), passive-and-active 
compliance (soft air-filled chambers with the compliant joint con-
troller), and no compliance (rigid air-filled chamber stand-ins, no 
compliant joint controller). Note that for all conditions, the manu-
facturer’s built-in joint controller was used (that is, the compliant 
controller was an additional component), and the robot was covered 
with the fabric sweater; thus, the surface friction remained the same.

Fig. 3. Visualization of example motions and results of the demonstration quality analysis. Keyframes from the example motions and policy rollouts for the (A) jug-
over-shoulder task using a teleoperation motion example and (B) jug-rotate task using a GQDP plan. (C) One-dimensional illustration of the noise injection and interpola-
tion of a demonstration used to evaluate the (D) influence of demonstration quality on the task success for policies trained across six different random seeds. Error bars 
indicate the SD across six seeds (±1 SD, n = 6).

Fig. 4. Visualization of the different types of compliance of the Punyo robot and their effect on policy performance. (A) Depiction of passive compliance enabled 
by the addition of soft covers and air-filled chambers; yellow circles highlight the deformation of the body of the robot during manipulation. (B) Depiction of active com-
pliance achieved through a compliant joint controller, with overlaid keyframes and waypoints (black circles) from times t1 to t4 of a video showing a robot commanded 
to stay still while responding to an upward push on its arm by a person. (C) The effect of active and passive compliance on the success of two whole-body manipulation 
tasks assessed by 25 hardware experiments per condition. Error bars indicate the 95% confidence intervals. (D) Effect of DR across varying body compliance levels on 
policy performance in simulation. Success rates are shown for policies trained with and without DR, which were evaluated in the Drake simulator under different compli-
ance conditions, parametrized by hydroelastic modulus. For each domain-randomization condition, we trained three policies with different random seeds. Error bars 
represent ±1 SD (n = 3).

D
ow

nloaded from
 https://w

w
w

.science.org on A
ugust 20, 2025



Barreiros et al., Sci. Robot. 10, eads6790 (2025)     20 August 2025

S c i e n c e  R o b o t i c s  |  R e s e ar  c h  A r t i c l e

7 of 14

Figure 4C shows the mean success rate over 25 hardware experi-
ments for each of the four conditions and each task. Given that these 
hardware experiments were conducted using a policy trained with a 
single random seed, the error bars show the confidence intervals for 
a Bernoulli distribution at a 95% confidence level. The results indi-
cate that adding any type of compliance (that is, passive, active, or 
both) is beneficial, showing an increase of 206% in the success rate, 
on average, compared with no compliance. We attributed this ben-
efit to the aforementioned effects of compliance, namely, more 
damped, stable, and grippy contact interactions.

The form closure effect gained by passive compliance boosted the 
success rate for the plastic-box-hug-lift task substantially, from 40% 
(no compliance) to 56%. Moreover, an improved success rate of 72% 
was obtained when combined with active compliance. For this task, 
active compliance did not provide any benefit over the no-compliance 
condition. For the jug-over-shoulder task, we could not draw a con-
clusion between the active, passive, and active and passive compli-
ance conditions because of highly overlapping confidence intervals. 
Nevertheless, the compliant modes yielded a 316% higher success 
rate, on average, compared with no compliance for this task.

Joints actively conforming with the external force (using the com-
pliant controller; see the “Compliant joint controller” section in Ma-
terials and Methods) were helpful regardless of whether the robot was 
outfitted with soft or rigid contact bodies. Active compliance enabled 
the highest success rate for the jug-over-shoulder task, showing the 
efficacy of joint-level admittance when the contacts were contained 
within one arm. For the plastic-box-hug-lift task, on the other hand, 
active compliance alone did not help to increase the success rate. 
However, it provided another substantial advantage over no compli-
ance in terms of robot safety. That is, with no compliance, robot 
torque-outs (joint torques exceeding rated limits) occurred in 14 of 
the 15 failed executions as a result of excessive contact forces being 
exerted by the robot. Both active and passive compliance were effec-
tive in preventing these torque-outs and, therefore, protecting the 
robot from potential damage due to overexerting the actuators.
Passive compliance versus DR
Another method used to improve the policy robustness during train-
ing was DR. We attributed our ability to deploy the simulation-
trained policies directly on the hardware to both DR and robot 
compliance. However, their relative contribution in enabling the di-
rect transfer from simulation to hardware remained unclear.

To quantify the effect of DR and compliance on the task success, 
we ran simulation experiments with varying stiffness for robot con-
tact geometries using the high-fidelity hydroelastic contact model 
(52, 53) in Drake (54) as a way to emulate different levels of passive 
compliance. We trained policies with and without DR for three dif-
ferent random seeds per condition (see the “Domain randomization” 
section in Materials and Methods) for the jug-over-shoulder task. 
We then evaluated the success rates of these policies for various levels 
of compliance by changing the hydroelastic modulus in the simula-
tor—a parameter that serves as a proxy for Young’s modulus. Higher 
hydroelastic values corresponded to stiffer contact interactions.

We ran 50 simulation experiments per policy (totaling 150 simu-
lation rollouts per domain-randomization condition) with random 
initialization of the jug’s position with respect to the table within a 
10-cm square around the nominal pose. The average success rate 
along with the SD is shown in Fig. 4D. The results show that, for the 
same level of compliance, the policy trained with DR is substantially 
more robust to object pose uncertainty compared with the policy 

trained without DR. The compliance, due to a lower hydroelastic 
modulus, increased the tolerance of both policies to the jug placement 
uncertainty, which was consistent with the finding of the aforemen-
tioned hardware experiments, concluding that passive compliance 
enhanced the robustness. Yet, the success rate of the policy trained 
with DR was less sensitive to the change in compliance, achieving an 
almost perfect success rate except for in the highest hydroelastic mod-
ulus (stiffest) condition. This suggests that DR may be able to over-
come some of the shortcomings of stiff contact interactions.

Whole-body manipulation without exteroceptive 
object tracking
A limiting factor in our pipeline was the use of exteroceptive sen-
sors, which in our case was a motion capture system, to track the 
object pose during policy rollouts. Motion capture was restrictive 
for two reasons: The robot had to operate in a certain area covered 
by sensors, and the use of markers, such as infrared light-emitting 
diodes or reflective dots, was difficult to track because of heavy oc-
clusions that occurred during whole-body manipulation.

With the motivation of eliminating the reliance on motion capture, 
we explored a privileged learning approach. A simple and effective op-
tion for this purpose was the choice of an asymmetric actor-critic 
policy architecture, which is favorable when training in a simulation 
environment where privileged information that may not be accessible 
in the real world is available (57, 58), such as the object pose. We im-
plemented a version of asymmetric actor-critic learning where the ac-
tor observes a subset of the critic’s observations. The motivation is to 
leverage the privileged information that is readily available in simula-
tion while training and to rely solely on the easy-to-access information 
during inference.

We conducted an ablation study to compare policies trained and 
tested using a set of privileged observations for the critic (robot and 
object poses, binary floatie and paw contact state, and actions from 
the previous time step) and various sets of unprivileged observations 
for the actor: previous actions (O1); robot pose (O2); robot pose and 
previous actions (O3); robot pose and binary contact state (O4); and 
robot pose, binary contact state, and previous actions (O5). For com-
parison, we also provided the full set of observations including object 
pose (privileged) in addition to those of O5 (O6). For each condition, 
we trained three policies with different seeds for the plastic-box-paw-
lift, plastic-box-hug-lift, jug-over-shoulder, and jug-rotate tasks. For 
each task, success rates during training aggregated by seed are visual-
ized in Fig. 5A.

As one may anticipate, observing only the previous actions is not 
sufficient to learn a meaningful policy. All of the other partial obser-
vation configurations, however, have enough information to implic-
itly deduce the object pose to learn a policy that can complete the 
task, except for the jug-rotate task. Tactile feedback, in addition to 
proprioception (measured joint positions), provides a substantial 
advantage over proprioception only for all of the tasks. Moreover, 
tactile-and-proprioceptive feedback (O4) is the only actor observa-
tion configuration that achieves a nonzero task success for our most 
complex task, jug-rotate. Including the previous actions did not nec-
essarily improve the performance.

The influences of including the tactile feedback along with the 
proprioception on the training performance became more evident 
as the uncertainty in the object pose increased. Figure 5B shows a 
comparison of these two configurations averaged across three seeds 
for a longer training period and an enlarged range of initial object 
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poses (the object was initialized within a 50-cm square of the nomi-
nal pose instead of a 10-cm square) for the jug-over-shoulder 
task. Movie 3 shows the hardware rollout of this policy. The tactile 
feedback not only accelerated the learning process but also enabled 
substantially higher task performance with more training.
Low-fidelity tactile feedback
For ease of transferability of the tactile signals from simulation to 
real, we used binary contact states instead of the continuous pres-
sure signals produced by the sensor hardware. As discussed in (59), 
it is difficult to align the contact force measurement between the 
simulation and real even for near-rigid tactile sensors. Transferring 
the exact force feedback would be even more challenging for the 
Punyo robot because the tactile sensors are highly deformable and 
difficult to simulate. Checking the existence of a contact in simula-
tion is equivalent to a collision query, whereas continuous signals 
depend on the accuracy of contact modeling and, therefore, are sub-
stantially more difficult to transfer. Moreover, given that we assumed 
rigid-body dynamics to model our deformable robot, we relied on 
collision filtering to prevent artificially constraining the motions of 
the arms (for example, when joint-adjacent sensors inside the elbow 
collide with one another). Despite these aspects, for the whole-body 

manipulation skills targeted in this study, we found binary tactile 
feedback to be sufficient.

On hardware, we selected a pressure threshold over which the 
continuous pressure signals from our inflatable sensors would be 
considered a binary in-contact state. This threshold effectively filters 
noisy readings and zero-force-baseline fluctuations due to tempera-
ture changes (see the “Floatie characterization” section in the Sup-
plementary Materials). To calibrate the sensors, before each set of 
experiments, we zeroed the pressure readings of the tactile sensors. 
The low-fidelity simulation of tactile sensors can cause mismatches 
in binary contact signals between simulation and real, as displayed 
in Fig. 5C. Figure 5C(i) shows the simulated binary contact states for 
the seven air-filled chambers and the paw on the left while executing 
a proprioception-and-tactile jug-over-shoulder policy, where the 
activation in simulation is determined on the basis of a geometric 
collision query. Figure 5C (ii to iv) shows the binary contact states 
for hardware runs with pressure thresholds of 1, 5, and 10 hPa, re-
spectively, over the no-contact floatie pressure (roughly 1013 hPa or 
1 atm). It is noteworthy that taxels that are active (shown in Fig. 5C 
in white) at a lower pressure threshold (1 hPa) are not necessarily 
active at a higher threshold (5 and 10 hPa). This relationship is not 

Fig. 5. Results of the analysis of the effect of privileged learning and the sim-to-real gap of low-fidelity tactile feedback. (A) Success rate during training for the (i) 
plastic-box-paw-lift, (ii) plastic-box-hug-lift, (iii) jug-over-shoulder, and (iv) jug-rotate tasks with the object initialized within a 10-cm square, averaged across three seeds 
with various actor observation sets (O1 to O6). The x axis corresponds to gradient steps. (B) Plot of the success rate during training for the jug-over-shoulder task with jug 
initialized within a 50-cm square averaged across three seeds showing a comparison of two sets of unprivileged observations: proprioception only (O2) and proprioception-
and-tactile (O4). (C) Visualization of the binary contact states for the left arm during jug-over-shoulder policy executions in simulation (i) and on hardware (ii to iv) with 
pressure thresholds, pthreshold , of 1, 5, and 10 hPa above atmospheric pressure. White represents in-contact state, and black represents not-in-contact. In (A) and (B), 
shaded regions indicate the SD across three random seeds (±1 SD, n = 3).
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as straightforward as in an open-loop fashion because in closed-
loop control (via the policy), current changes in tactile readings due 
to different thresholds affect future contact sequences and hence 
future tactile readings. Another peculiarity is that when a floatie is 
in contact in hardware, its lateral expansion often triggers the longi-
tudinally adjacent air-filled chambers, especially when the pressure 
threshold is low. When testing these pressure thresholds, only 5 hPa 
resulted in a successful task execution and in a closer tactile signa-
ture to simulation, as shown in  Fig.  5C (iii). Hence, we used this 
value for the rest of the experiments. In the hardware experiments, 
we observed that the robot applied very light contact force for the 
lowest threshold of 5 hPa and, conversely, exerted more force as the 
pressure threshold was increased. This pressure threshold can there-
fore be used to tune contact forces over a task.

DISCUSSION
In this work, we present a holistic approach that combines software 
(mind) and hardware (body) solutions to enable humanoid robots to 
use their entire bodies to carry and manipulate large and unwieldy 
objects more effectively and efficiently than grasping only with out-
stretched hands. We showed that example-guided RL is capable of 
learning whole-body manipulation skills with complex contact se-
quences in a similar style to a human demonstrator when using tele-
operation and with minimal human supervision when using global 
planners, even when the plan produced is physically infeasible. The 
ability to learn from a single, infeasible plan is noteworthy because it 
can enable scaling up the proposed framework through automatic 
generation of plans for arbitrary start and goal poses. We emphasized 

that our framework is independent from the source of example 
motions and can directly benefit from advancements in planning 
through contact. In addition, we demonstrated that DR as well as ac-
tive (via admittance control) and passive (via soft bodies) compliance 
are desirable to robustly execute learned policies on hardware. Fur-
thermore, we showed that privileged learning allows us to use more 
accessible (unprivileged) feedback modalities during inference. We 
found, for instance, tactile sensing to be sufficient as the only extero-
ceptive observation to perform the whole-body manipulation tasks 
investigated in this study.

These characteristics are a step forward in whole-body manipula-
tion, yet our system can be further improved. For fast prototyping, 
we used the motion-capture system to track the manipulated object’s 
pose. To make our system more deployable in the real world, we could 
rely on advancements in computer vision, particularly in object pose 
estimation and tracking. FoundationPose (60), for instance, can ro-
bustly estimate and track the six-dimensional (6D) pose for even nov-
el objects. Such methods can be integrated with our EGRL framework 
to eliminate the dependency on motion tracking and facilitate its ap-
plication beyond laboratory settings. A drawback of our privileged 
learning approach (asymmetric actor-critic) for blind manipulation is 
the reduced training efficiency, as shown in Fig. 5A. More sophisti-
cated privileged learning methods, such as (61, 62), could mitigate this 
issue. We binarized the continuous tactile signal into active and inac-
tive contact states to minimize the gap between simulation and reality 
and to enable the transfer of learned policies. Although effective, we 
expect binary tactile signals to be restrictive for tasks that require fine 
and dynamic regulation of contact forces. Similar to the actuator net-
work (63) that uses function approximators trained on real-world data 

Movie 3. Hardware rollout of the blind (no object pose tracking, only proprioceptive-and-tactile feedback), jug-over-shoulder policy. 
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to represent complex actuators in simulation, we envision using a sen-
sor network that substitutes hard-to-model aspects in our simulation, 
such as Punyo’s soft pressure sensors. This would allow the use of 
higher-fidelity tactile signals. When resorting to binary tactile signals, 
actively changing the pressure threshold could offer a way of regulat-
ing contact forces. Compared with behavior cloning methods, such as 
diffusion policy, which can work directly with output feedback, for 
example, raw camera images, our approach is limited by the need for 
modeling. Transferring policies from simulation to real depends on 
the quality of the models of the robot, the object(s), and the environ-
ment. Hence, it is not straightforward to extend our framework to 
arbitrary tasks, such as more objects in terms of both quantity and 
complexity. Moreover, our approach hinges on the capability of paral-
lelized simulators to model contact mechanics and deformable bodies 
accurately and efficiently. However, owing to the minimum human 
supervision required, our method could allow for policy generation 
pipelines that feed policy rollout data to supervised learning methods 
such as DP. Our demonstrations are limited to tasks that can be ac-
complished with a nonmobile upper torso humanoid; however, be-
cause of the generality of the formulation of the manipulation problem, 
we could expand the method to a mobile version by appending the 
extra states, such as the mobile base position, to the current states of 
the system (arm joint angles and object positions). Nevertheless, we 
hypothesized that our method would be challenged by longer-horizon 
tasks such as those likely to be targeted for a mobile Punyo. We defer 
these points to future work. Although our real-world experiments are 
extensive, they were conducted over a few days of continuous robot 
execution, and the degradation of performance due to distribution 
shift caused by hardware changes was not evidenced. Mitigating such 
distribution shift is an active area of research, with notable methods 
including automatic calibration, active adaptation (64), and online 
fine-tuning (65, 66), among others (67, 68).

We believe that systems, such as Punyo, that combine mechanical 
and computational intelligence could allow humanoids to go beyond 
existing robotic capabilities. We showed that with such systems, one 
can leverage well-studied methods—such as teleoperation, model-
based planning, RL, soft sensing, and admittance control—to pave 
the way toward a future where robots and people collaborate safely, 
productively, and happily, side by side.

MATERIALS AND METHODS
Punyo the hardware platform
With Punyo-1 (5), we introduced an upper-body system that outfits 
off-the-shelf robot arms with soft, air-filled contact pressure sen-
sors. This provided a low-cost and flexible solution for achieving 
robust whole-body maneuvers and grasps. Given Punyo-1, we im-
proved on this system with a higher spatial density of contact sens-
ing (see “Improvements on the Punyo-1 hardware platform” and 
“Punyo components and dimensions” in the Supplementary Materi-
als). Similar to the first generation, Punyo was still built upon two 
Kinova Jaco Gen2 arms with inflatable bubble chambers that are 
used for sensing, a custom chest surface, and soft-bubble–based (69) 
pressure-sensing “paws” as end effectors. These air-filled chambers 
were connected pneumatically to air pressure sensors. The air pres-
sure change was measured and used as an indicator of imparted 
force. With further engineering improvements, these air chambers 
were meant to work for a long time without the need for reinflation, 
as has been shown in everyday commercial products such as vehicle 

tires. Such improvements could include the use of a robust material 
with low tensile degradation and a low coefficient of thermal expan-
sion [for example, polyimide α ~ 4 × 10−5 mm/(mm °C)] and more 
leak-proof fittings.

The bubble-shaped sensors approximate an expanded boundary 
around the roughly cylindrical arms to create a mechanical compliance 
envelope around the hard parts of the robot. The sweater that wraps 
around the compliant bubbles and rigid robot has added friction fea-
tures on the inside and outside (fig. S2). The inside features were added 
to prevent slipping along the underlying robot and inflatable struc-
tures. The outside features were added to improve grasp friction on the 
objects with which the robot interacts. The Punyo system here is a hu-
manoid upper body and is bolted at the waist to a support surface with 
a workspace in front of it where it manipulates objects.

Manipulation tasks
We define “task” as a sequence of state/action pairs to accomplish a 
goal that is specified in terms of a desired object pose. The object 
dimensions and weights are shown in table S1. Figure 2 shows a de-
piction of a policy rollout for each task (table S2 includes the full set 
of observations of each policy).
Cube-lift
The robot was tasked with relocating a cube to a desired pose, which 
was 32.5 cm higher than the table surface, using its two end effec-
tors. An inverse kinematics (IK)–based coupled end-effector tele-
operation was used to generate the example motion for this task. 
Although this does not require whole-body engagement, it serves as 
a test for our method in a canonical end-effector bimanual task.
Plastic-box-paw-lift
Similar to the cube-lift task, the robot was tasked with lifting a plas-
tic box to a desired pose, which was 13 cm higher than the table 
surface, using its two end effectors. Teleoperation data collected with 
the IK-based coupled end-effector teleoperation were used as the 
example motion for this task as well. Similar to the cube-lift task, 
this is a canonical end-effector bimanual task.
Plastic-box-hug-lift
Similar to the plastic-box-paw-lift task, the robot was tasked with 
relocating a plastic box to a desired pose, which was 13 cm higher 
than the table surface and 21.5 cm closer to its torso, using the 
robot’s whole body, resulting in multiple contacts along the arms 
and the torso. Teleoperation data collected in simulation using our 
Eigengrasp-based whole-body teleoperation method were used as 
the example motion for this task.
Cardboard-box-pivot-and-lift
The robot was tasked with relocating a large box to a different pose, 
which involved a 90° clockwise rotation around the world y axis 
(x+  pointing toward the front of the robot and z+  above it) while 
maintaining the box at a certain height to prevent it from touching 
the table. A plan generated by the GQDP planner was used as the 
example motion for this task. In the demonstration, the robot used 
one paw to pivot the box against its torso then used the other paw 
to stabilize the box and prevent it from falling.
Jug-over-shoulder
The robot was tasked with relocating a water jug using only one of 
its arms from the table onto its shoulder. Teleoperation data col-
lected with Eigengrasp in simulation were used as the example mo-
tion for this task. The task required the robot to initially wrap the 
arm around the water jug and push it against its torso and then use 
the wrapping contact to move the jug onto its shoulder.
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Jug-rotate
The robot was tasked with rotating a water jug by 180° using its two 
arms. A plan generated by the GQDP planner was used as the ex-
ample motion for this task. In the demonstration, the robot coordi-
nated the movements of its two arms, consistently using one arm to 
hold the jug while using the other arm to rotate it. In addition, the 
torso of the robot was actively engaged throughout the entire pro-
cess to stabilize the water jug.

Hardware control pipeline
The controls pipeline (fig.  S3) relied on a policy that outputs the 
desired change in joint positions at in radians. at was then fed into an 
action integrator that calculates the desired joint position qa

cmd
 . We 

used the built-in joint velocity controller of the Kinova Jaco Gen2 
arms using the default control parameters along with an outer velocity 
proportional-derivative (PD) loop that converts desired joint posi-
tions qa

cmd
 to velocity references for the built-in joint velocity con-

troller such that

As a result, we virtually control the joint positions and, therefore, 
model the actuators as PD position–controlled degrees of freedom 
in our simulation such that τ = kp(q−qcmd) + kd(q̇) where τ is the 
output torque and kp and kd are joint stiffness and damping, respec-
tively. We estimated the equivalent joint stiffness and damping values 
for the position controller in simulation as kp = 500 and kd = 180 
through system identification experiments. Optionally, a compliant 
controller can be integrated into our control pipeline (in between 
the action integrator and the outer PD loop) to enable joint-space 
admittance control, as illustrated in fig. S3 and detailed below.
Action integration
In training, we integrated at to obtain a joint position command qa

cmd

where ⊙ denotes element-wise product, sa is a scalar action scale, 
q̇a
lim

 is the vector of joint speed limits, t  subscript indicates the time 
step, and Δt is the time step size. Note that the relative change is 
added to the previous position command as a feedforward term.

When executing a policy on hardware, this scheme often causes ex-
cessive joint torques, especially for contact-rich tasks with high inter-
nal forces. This is mainly caused by the high stiffness of the built-in 
joint controller that is necessary to compensate for the missing feedfor-
ward inverse dynamics terms, including the generalized gravitational 
forces. This could be addressed by incorporating such a feedforward 
term and reducing the joint stiffness when using a torque-controlled 
robot. However, our robot does not allow torque control; thus, we re-
sorted to a blending scheme that emulates such a low-stiffness effect. 
That is, we applied the relative changes to a weighted average of the 
feedforward and feedback joint position terms

where β ∈ [0, 1] is the blending factor and qa is the measured joint 
pose. We nominally used β = 0.95 in our experiments. The feedback 
term helped dampen the robot motions and prevented command-
ing overpenetrating positions and the resulting high forces between 

the robot and objects. In the case of zero action, this ad hoc strategy 
was equivalent to reducing the stiffness of the robot by a factor of β . 
We found this to be more effective than directly lowering the joint 
position controller’s proportional gain because it avoided compro-
mising the motion tracking accuracy, which was an issue that would 
arise because of the absence of any compensation for inverse dy-
namics, such as gravity, in the built-in controller.
Compliant joint controller
For the active compliance experiments, we devised an optimization-
based joint-space admittance controller. Our objective was to enable 
a position-controlled robot to comply with external forces. Hence, 
we formulated the following numerical program that minimized the 
deviation of the joint position commands from the desired joint po-
sitions, qdes , while respecting the joint torque limit τlim and incorpo-
rating the estimated control and external torques, τ̂ctrl and τ̂ext

The external torque was estimated and reported by the internal 
torque sensors of the Jaco Gen2 arms. We estimated the control 
torque on the basis of the current joint state, the desired joint posi-
tions, and the estimated proportional-derivative gains of the built-in 
position controller, Kp and Kd

Using this formulation, the amount of admittance can be adjusted 
via the joint torque limit. In our implementation, we used Kp = 480 , 
Kd = 90 , and τlim = [24.2, 18, 19, 23, 20, 20, 20] N·m. Torque limits 
were adjusted experimentally to values that minimized exceeding 
joint torque limits that compromised the robot integrity (for exam-
ple, joint torque-outs or blown fuses).

Eigengrasp-based whole-body teleoperation
To generate human-guided example motions for whole-body ma-
nipulation, we developed a teleoperation strategy inspired by Eigen-
grasp (51), which was based on the concept of grasp synergies. In 
this approach, we grouped joints to create arm motion primitives 
such that whole-body motions could be controlled through a 
lower-dimensional interface. We used a standard gamepad interface 
to control the activation of these primitives, which were defined in 
terms of joint displacements (as detailed in the “Eigengrasp primi-
tives” and “Teleoperators” sections in the Supplementary Materials).

GQDP
We used a version of the code provided in (14) to generate plans. We 
further refined the motion plans obtained from this framework for 
two reasons: to prevent undesirable robot-object collisions and to sta-
bilize the object using a task-specific heuristic that made the idle arm 
support the object when moving between segments (via regrasps). 
For preventing undesirable robot-object collisions, the kinematic 
trajectory optimization method in Drake (54) was used with mini-
mum distance constraints.

EGRL
Given a dataset of example motions and a task objective defined by a 
reward function, EGRL synthesizes a control policy that enables the 
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agent to achieve the specified task objective while adopting behaviors 
that mimic the style of the example motion dataset. The process com-
mences with the acquisition of an example motion dataset, M , gener-
ated through the use of a model-based planner or teleoperation. The 
objective of EGRL was to train a policy, π , capable of completing a 
desired manipulation task while adhering to the motion style defined 
in the example motions of dataset M . Note that in this work, M con-
tained only one example motion. For this purpose, the framework 
trained the policy along with a discriminator. The discriminator was 
designed to learn an imitation reward such that the agent used the 
demonstrated motion style while simultaneously learning how to ac-
complish the task.

In manipulation, a motion style can be considered a particular 
sequence of states by which a manipulation task is performed. In an 
example motion, the system experiences a sequence of states, de-
noted as Texample =

[

s1, s2,… s
n

]

 . Given a control policy π( ⋅ ) , which 
at each time step t  perceives the state st ∈ S of the system and sam-
ples an action at ∈ A , adhering to the probabilistic distribution 
a
t
∼
(

a
t
∣s
t

)

 . Then starting from the same initial state s1 and follow-
ing the actions produced by the policy, the system will experience a 
sequence of states, denoted Tπ =

[

s1, s
�
1,… , s�

n

]

 . The state transi-
tions 

(

st , st+1
)

 from both Texample and Tπ can be viewed as samples 
from two different distributions, Dexample and Dπ . Then, the style 
imitation can be achieved by seeking a policy π that could minimize 
the difference between the distributions Dexample and Dπ.

The policy was modeled as a neural network that maps a given 
state to a Gaussian distribution over actions. This distribution fea-
tures a mean dependent on the input and a fixed diagonal covari-
ance matrix. The mean is determined by a fully connected network 
with hidden layers and a linear output layer.

The agent receives a scalar reward rt = r
(

st , at , st+1
)

 after execut-
ing the action at produced by the policy at time t  . As in the AMP 
algorithm (43), we formulated the reward function as a weighted 
average of two distinct components: the task reward rT that quanti-
fies the degree of task accomplishment, which encourages the policy 
to perform the task in hand, and the style reward rS that assesses the 
resemblance between the robot’s motion and the example motion(s), 
which guides the policy on how to perform the task

where λ ∈ [0, 1] determines the task reward weight with respect to 
the imitation reward weight. Obtaining the ideal behavior for a spe-
cific task may require tuning. A too-large λ could result in the robot 
focusing only on finishing the task without respecting the motion 
style, whereas a too-small λ could cause the robot to focus only on 
mimicking the motion style without accomplishing the task. We 
chose the ideal λ by running a parameter sweep over a grid of values 
for each task. We found that the behaviors were not very sensitive to 
this parameter and chose λ = 0.7 for all of the tasks except for the jug-
rotate task, which uses a physically infeasible motion example coming 
from a planner.

To minimize reward shaping, we chose to use a simple and ge-
neric task reward function rT = rkp + p , where rkp depends on the 
distance between a set of keypoints on the object and their corre-
sponding positions when the object is in the goal pose and p encom-
passes conventional penalty components often adopted for RL, such 
as penalties for actions and velocities, early termination, and a suc-
cess bonus.

The detailed task reward is defined as follows

The first term incentivizes task completion by penalizing the distance 
of the keypoints from their desired positions, dkp(·). The following 
terms impose penalties on the squared L2 norms of the robot’s ac-
tions, at ; the change in actions, Δat ≜ at − at−1 ; joint torques, τt ; and 
the object’s translational and rotational velocities, q̇u

t,lin
 and q̇u

t,rot
 . The 

final two terms impose a penalty upon the activation of termination 
conditions and a bonus upon the completion of success criteria. The 
weight parameters wkp, wa, wda, wτ, wlin, wrot, wterm, and wsucc deter-
mine the relative importance of these terms in the overall reward. 
We used the same weights across all experiments, as specified in 
table S3. The functions 1term(⋅) and 1succ(⋅) are activation functions 
based on termination and success conditions (table S4). The termina-
tion conditions are triggered if the object goes out of the workspace 
limits (table S5), whereas the success criteria are based on the devia-
tion of the object pose from the goal and the linear and angular object 
velocity terms.

The style reward rS is decided by the discriminator D , which dis-
criminates whether a state transition belongs to the example motion 
distribution. It is trained together with the policy from scratch, and 
the discriminator learns to assign a score of 1 to samples from the 
example motion dataset M and 0 to samples in the policy’s rollout 
buffer B . This is trained by solving the least squares regression prob-
lem with loss defined as follows

where � denotes the expected value operator, Φ(⋅) extracts desired 
imitation features from the system state  s, and the final term is a 
gradient penalty term with coefficient wgp , which penalizes nonzero 
gradients on samples from the example motions, resulting in im-
proved stability of the training (70).

At each time step during training, the latest state transition is 
used to calculate the style reward rS , which is defined as follows

As detailed in (43), the discriminator’s role in specifying re-
wards for policy training underscores the importance of select-
ing appropriate input features for its discrimination tasks. This 
selection is critical to providing the policy with constructive feed-
back. Therefore, the observation map Φ

(

st
)

 is used to extract 
features that could represent example motions effectively from the 
system state st instead of directly feeding a state transition into 
the discriminator.

Simulation
We trained our policies in simulation using rigid-body dynam-
ics parallelized over a graphical processing unit (GPU) using 
Isaac Gym (71). For policy learning, we used the proximal policy 

r
(

st , at , st+1
)

= λrT
(
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)
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)
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optimization (PPO) algorithm (72). Particularly, we used the 
PPO implementation in (73) and built upon the AMP implemen-
tation in (74).

The learning networks and algorithms were implemented in Py-
Torch 1.8.1 with CUDA 12.0. The training procedure encompassed 
the collection of experiences from 4096 agents simulated in parallel. 
The entirety of the experimental work was executed on a desktop 
equipped with an NVIDIA GeForce RTX 3090 GPU. A single run 
comprising 2000 epochs, adhering to the aforementioned computa-
tional settings and device specifications, was accomplished within 
~2 hours. The network architectures and training parameters that 
we used in this study are given in tables S6 and S7, respectively.

Domain randomization
We incorporated DR (75) to enhance robustness to uncertainties in 
the model parameters and the initial object pose and to enable sim-
to-real transfer. This involved applying a disturbance sampled from 
a distribution (as specified in table S8) to the nominal value of each 
randomization parameter. Nominal initial and goal object positions 
are shown in table S9.

Statistical analysis
For all quantitative results, performance metrics such as success rate 
were computed by averaging across n independently trained policies 
initialized with different random seeds. Shaded regions and error 
bars in training and simulation evaluation plots represent the SD 
across these seeds.

For real-world experiments, policies trained with a single seed 
were evaluated per each condition. Error bars represent 95% confi-
dence intervals based on the Bernoulli distribution of success rates 
defined as follows

where p is the proportion of successes, n is the sample size, and z is 
the z score for the desired confidence level α.
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