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Decoupling SKkill Learning from Robotic Control for Generalizable
Object Manipulation

Kai Lu', Bo Yang?*, Bing Wang', Andrew Markham'

Abstract— Recent works in robotic manipulation through
reinforcement learning (RL) or imitation learning (IL) have
shown potential for tackling a range of tasks e.g., opening a
drawer or a cupboard. However, these techniques generalize
poorly to unseen objects. We conjecture that this is due to
the high-dimensional action space for joint control. In this
paper, we take an alternative approach and separate the task
of learning ‘what to do’ from ‘how to do it’ i.e., whole-body
control. We pose the RL problem as one of determining the skill
dynamics for a disembodied virtual manipulator interacting
with articulated objects. The whole-body robotic kinematic
control is optimized to execute the high-dimensional joint
motion to reach the goals in the workspace. It does so by solving
a quadratic programming (QP) model with robotic singularity
and kinematic constraints. Our experiments on manipulating
complex articulated objects show that the proposed approach
is more generalizable to unseen objects with large intra-class
variations, outperforming previous approaches. The evaluation
results indicate that our approach generates more compliant
robotic motion and outperforms the pure RL and IL baselines
in task success rates. Additional information and videos are
available at https://kl-research.github.io/decoupskill.

I. INTRODUCTION

Robotic manipulation has a broad range of applications,
such as industrial automation, healthcare, and domestic as-
sistance. For repetitive tasks in controlled environments,
e.g., automotive assembly, robotic manipulation has enjoyed
many years of success. However, commonly used methods,
such as model-predictive control and off-the-shelf planners,
typically require accurate physical models of objects and the
environment, which are largely unavailable in uncontrolled
settings ‘in-the-wild’. Learning-based methods have recently
been studied in household manipulation tasks [1]-[4], where
a visual control policy is learned either from interactions
via reinforcement learning (RL) or from demonstrations via
imitation learning (IL). However, a common concern of RL is
the unproductive exploration in the high-dimensional contin-
uous action space and state space of a whole-body robot. IL,
on the other hand, usually suffers from the distribution shift
problem due to the lack of high-quality demonstrations over
numerous scenarios [5]. Hence, it remains very challenging
for high-DoF robots to learn complex manipulation skills and
further generalize these skills to novel objects.

We note that humans and other animals can easily gener-
alize a learned skill from one object to another, and execute
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Fig. 1. Demonstration of decoupling skill dynamics. The left panel
shows how we use reinforcement learning to determine how to control a
disembodied or floating end-effector (‘what to do’). The right panel shows
how we use quadratic programming to realize a compliant trajectory and
set of joint-torque control signals (‘how to do it’). The bottom panel shows
how we can use this to generalize to different, previously unseen scenarios.

the skills even if a limb is injured or being constrained.
We take a preliminary step towards providing robots with
similar capabilities. To achieve this, we propose that the
complex yet low-DoF skill dynamics (i.e., what should be
done) can be decoupled from robot-specific kinematic control
(i.e., how this behavior needs to be implemented). The
skill dynamics themselves can be learned from manipulator-
object interactions, without being concerned with high-DoF
whole-body control. Whole-body control can be treated as
a classical inverse kinematics problem. We conjecture that
the robot could better learn generalizable manipulation skills
through this decoupling, by making the RL tasks simpler.
The most inspired works to ours are the action-primitive
methods. Dalal et al. [6] manually specify a library of robot
action primitives such as ‘lift’ and then learn an RL policy
to parameterize these primitives such as ‘lift to position
(x,y)’. Alternatively, Pertsch et al. [7] propose to learn a prior
over basic skills from offline agent experience, which allows
the robot to explore these skills with unequal probabilities.
These methods decompose the agent’s action space into high-
level policy and low-level predefined behaviors, leading to
improvement in learning efficiency and task performance.
However, a potential concern is that not all manipulation
skills can be represented as a series of action primitive [6].
In this paper, we do not expect that a robot needs to learn



manipulation skills by manually creating action libraries.

To realize our approach, we learn the skill dynamics with
a ‘disembodied’ manipulator (effectively a free-floating end-
effector) via model-free RL and then control the actual
robot via QP optimization based on its full physical model.
The general idea is appealing since learning skill dynamics
from interactions enhances the robot’s understanding of its
surroundings and objects, leading to diverse manipulation
trajectories and generalizability to differing objects. With
regard to the RL agent, controlling a disembodied manip-
ulator greatly reduces the dimensionality and complexity of
the search space. In our approach, the whole-body controller
formulates a QP model with robotic singularity and kine-
matic constraints. The high-dimensional joint-space actions
are produced by: 1) predicting end-effector (EE) poses and
velocities from learned skill dynamics (i.e., the RL agent),
2) optimizing the joint velocities by a QP solver, 3) auto-
matically generating joint torques by inner PID controllers
of the simulator. Our method thus accelerates the RL process
and produces more compliant, smoother, and controllable
robot motions. In converse, using pure RL for controlling
whole robots can generate jerky or ‘locked’ motions due to
singularities, leading to a high task failure rate.

We evaluate this approach using the ManiSkill robotic
simulated environment [1] consisting of a 13-DoF Franka
robot, onboard RGB-D cameras for point cloud observations,
and a variety of articulated objects. Experiments show that
our approach can learn a generalizable skill policy over
different cabinets of the training set and the unseen test
set. We achieve an average success rate of 74% on training
cabinets and a 51% on test cabinets for the drawer opening
task, outperforming existing techniques in [1]. We show that
the generalization of our model is improved by increasing
the number of training objects. We also compare the robotic
motions produced by our method and pure RL, showing that
robotic singularities can be avoided by our method.

II. RELATED WORK

Robot learning for manipulation skills has been intensively
studied in recent years. The dominant methods are reinforce-
ment learning and imitation learning. An extensive survey
of existing methods can be found in Kroemer’s work [8].
However, robotic manipulation of complex objects through
controlling high-DoF robots remains a challenging problem.

Recent works have applied a variety of RL algorithms for
robotic manipulation [9]-[12]. However, productive explo-
ration has always been a challenge for robotic RL due to
the complex dynamics of high-DoF robots. To address this,
many works have looked into decomposing the action space
into higher-level policy and lower-level control. Exploiting
predefined action primitives (e.g., lift, move, slide) is a
convenient way to reduce the action space dimensions [6],
[71, [13], but it usually requires manual specification of
robotic behaviors. Another category of approaches looks into
operational space control (OSC) [14]-[16], which maps the
desired EE motions into joint torques but requires a precise
mass matrix. Martin et al. [17] compare OSC and other
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Fig. 2. Architecture of the proposed system. As shown in the yellow
block, we use two simple PointNet [20] ensembles to separately perceive
static (e.g., size of an object) and dynamic (e.g., current position of a
handle) states. These are inputs to a SAC RL framework to learn how
to control the disembodied end-effector, realizing a 6-DoF motion skill.
Through knowledge of the robot’s physical model, QP is used to optimize
control of the joint dynamics of the whole-body robot.
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control modes of EE space and joint space in the Robosuite
simulated environment [18]. While OSC-based RL methods
usually perform better than other control modes in contact-
rich tasks [17], they are highly sensitive to inaccuracies
in dynamics modeling [16], [19]. Our method shares a
similar motivation with OSC-based RL, but our agent is
a disembodied manipulator rather than a complete robot,
without the need for high-fidelity modeling of the mass
matrix during RL training. Furthermore, our work presents
category-level generalizability across various objects in the
ManiSkill environment, while tasks in Robosuite typically
focus on a single scene.

Imitation learning has usually been considered a more
sampling-efficient approach, but collecting high-quality
demonstrations that can be directly applied to the robot
motors is usually difficult [5]. Shen et al. [21] propose
a generative adversarial self-imitation learning method and
several techniques such as instance balancing expert buffer to
mitigate the issues in ManiSkill’s demonstration trajectories.
Imitation learning for manipulation policies using these tech-
niques has shown impressive improvements, but this work
focuses more on learning from interactions.

Another highly related topic is robotic vision for articu-
lated object manipulation. Mo et al. [22] and Wu et al. [23]
utilize encoder-decoder networks to extract affordance maps
and predict actions or trajectory proposals attached to the
3D object representations. Eisner et al. [24] also develop a
neural network to predict potential point-wise motions of the
articulated objects from point cloud observations. Similarly,
Xu et al. [25] suggest predicting potential moving directions
and distances of the articulated parts but using a single
image as input. Alternatively, Mittal et al. [26] explicitly infer
the articulation properties such as joint states and part-wise
segmentation by giving object categories. These methods
are object-centric representation learning and more focus
on object articulation properties, usually leaving the next
manipulation stage in a simplified way (e.g., a perfect suction
cup in [25]), while our work learns an agent policy for
a disembodied hand to generate continuous and close-loop
actions and then performs whole-body control for the robot.
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Fig. 3.  Coordinate system of our method. During the manipulation
process, we optimize the joint-space actions of the robot to approximate its
end-effector (EE) motions to the disembodied manipulator’s trajectory. At
every time step, the ego-centric point cloud observation is obtained from
the three RGB-D cameras mounted on the robot.

III. REINFORCEMENT LEARNING FOR SKILL DYNAMICS

Fig. 2 shows the overall framework of our approach. We
first learn the control policy of a disembodied manipulator
as shown in the yellow block, and then compute the whole
robot’s high-dimensional joint actions by QP optimization as
illustrated in the light blue block. We shall discuss the RL
policy and visual perception in the current section, leaving
the discussion of the whole-body controller in section IV.

A. Problem Formulation

Robotic manipulation skill learning is usually formulated
as a Markov decision process (MDP), which is represented
as (S,A,R,T,7y), where S is the set of states, A is the set of
actions, R(s;,ay,s:+1) is the reward function, T (s;11|s;,a;) is
the transition function as a probability distribution, and 7y is
the discount factor for the future rewards. The agent policy
m(als) represents the action selecting probability under a
given state s. The goal of RL is to maximize the return under
the policy Gr = Ez[Y, Y'R(s;,ar,5,+1)]. In vision-based RL,
we usually need to estimate the task-relevant states from
observation O. This setting is viewed as a partially observ-
able Markov decision process (POMDP), and the policy is
regarded as 7(a|f(0)) where f(0) is the estimated states or
features from visual representations.

B. Disembodied Manipulator Environment

The agent for learning skill dynamics is a 6-DoF disem-
bodied (or floating/ flying) manipulator with two fingers (as
shown in Fig. 3). The DoF of the manipulator is realized
by three virtual prismatic joints and three virtual revolute
joints. Therefore, the action space is six desired velocities of
the virtual joints v, 4 € R® and two desired positions of the
finger joints g4 € R2. Following the settings in ManiSkill,
the action space is normalized to (—1,1) in RL training:

(D

The state space of a manipulation task contains the ma-
nipulator states s.. and the target object states s,:

a=[vha:qz.dl

2

For the cabinet environment of ManiSkill, we define s, =
[Scabs Stinks Shis Ssize), Where sqqp is the base link pose of the
loaded cabinet (note that the cabinet base is currently fixed to
the ground following the environment default setting), sy

§= [5075ee]

866

and spq; are the current poses and the full poses (i.e., the
poses when the drawer is fully opened) of the target drawer
link and the handle, and s, is the full length and the opening
length of the target drawer. The poses are all represented as
world frame coordinates and quaternions. And .. = [Syq, Sf]
is the agent states, where s,, is the positions and velocities
of the disembodied manipulator’s virtual joints, and s is the
world frame positions and velocities of the two fingers.

We follow the original design of the dense reward from
ManiSkill which is well-shaped and MPC-verified [1]. For
the cabinet drawer opening task, the reward is defined as:

Ryg+Ree, d > 0.01

Rstg + Ree + Riink, d < 0.01, Cop < 0.9
Rstg 4+ Ree + Ryink + Ryte, d < 0.01, Cop > 0.9

R= 3)

where Ry, increases from the first stage to the final and the
stage is defined by the distance between EE and the handle of
the target drawer d € R and the opening extent of the target
drawer ¢, € [0, 1]. More detailed definitions and coefficients
can be found in [1]. The reward R,, encourages the fingers
to get closer to the handle, R;;,; encourages the target drawer
link to be manipulated to its goal, and Ry expects the drawer
to be static after task completion.

C. Soft Actor-Critic Algorithm for Manipulation

In order to learn the skill dynamics, we adopt the model-
free soft actor-critic (SAC) [27] algorithm for policy learning,
where a Gaussian policy head is used for the continuous
action space. The actor and critic functions are approximated
by multi-layer perceptions (MLPs). The parameters of the
MLPs are updated as off-policy RL with the samples from
a replay buffer Dyepiay = {(5r,ar,71,541)[t = 0,1,2...}.

The learning curves of our RL agent of the disembodied
manipulator and the original SAC agent of the whole-body
robot by ManiSkill-Learn [1] are shown in Fig. 4a. For an
identical cabinet, both the robot and the manipulator success-
fully learn the specific skill, but the manipulator learns more
quickly. We notice that the whole-body robot finally obtains a
higher episode average reward than the manipulator, because
the robot’s EE can move much faster when the robot does
not fall into kinematic singularities, resulting in a shorter
episode length of task completion. However, the evaluation
results on multiple different cabinets in Fig. 4b show that
the whole-body robot with a high-dimensional action space
hardly succeeds to learn the required manipulation skill,
while our manipulator can still learn the skill dynamics over
a variety of objects with high task success rates.

D. 3D Visual Perception

The vision module of our work is regarded as a state
estimator, mapping the 3D observations to states s,. Similar
to the baselines in [1], we use PointNet [20] as the backbone
which takes masked point clouds as input. To achieve a more
stable state estimation, we adopt two separate ensembles of
PointNets for estimating static states (e.g., the size of draw-
ers) and dynamic states (e.g., the current pose of the handle)
respectively. In this work, we use single-frame prediction and
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Fig. 4. Comparing RL agents of the disembodied manipulator and the
whole-body robot. We compare the agents under two conditions: training
with a single cabinet or multiple (i.e., 15) different cabinets. While both
agents succeed in the single-cabinet environment, the disembodied manip-
ulator notably outperforms the robot in the multiple-cabinet environment.

fully-supervised learning for the vision module. We leave the
unsupervised visual representation learning from interactions
(LAT) [28]-[30] for future exploration.

The pairs of point clouds and states for training are
collected by synchronizing the robot’s EE and the disem-
bodied manipulator via inverse kinematics. Note that the
point clouds are partial observations of the cabinets, as they
are generated from the data captured by the three cameras
mounted on the robot. We also synchronize the cabinet states
in both the robot’s and the manipulator’s environments, then
we collect observations from the robot. The training set can
be represented as Dis = {(0pcassSos)|t = 0,1,2...}, where
Opedys are 1200 points observed at time step ¢ with colors
and point-level task-relevant masks (i.e., handle of the target
drawer, target drawer, and robot) following the ManiSkill
settings. Finally, the PointNets are followed by MLPs to
predict $,;, and the vision module is trained with an L2
loss between the ground truth s,; and the predicted §,;.

IV. QP-BASED WHOLE-BODY CONTROLLER

The second phase of our framework is to calculate the
joint-space actions for whole-body control based on the
robot’s physical model. Our goal is to control the robot’s
EE to execute the learned skill dynamics in the same way
as the disembodied manipulator. The poses and velocities
of the manipulator are accurately calculated via forward
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kinematics (FK), and then we synchronize the robot’s EE
to approximate the trajectory which can be viewed as an
inverse kinematics (IK) problem. However, the robot in
our environment consists of a movable base and the off-
the-shelf IK solver usually returns solutions such that the
EE displacement is mainly contributed by the base joints.
Moving the base instead of the arm is usually slower and
more energy-consuming. To decrease the base motion while
avoiding robotic singularities, we introduce QP optimization
to calculate the desired joint velocities for controlling the
EE’s motion. In this work, we use Klampt [31] for robotic
kinematics calculations and qpOASES [32] as the QP solver.

According to forward kinematics, the robot’s EE pose
Xee € R™ can be represented by the robot’s current configu-
ration ¢ (i.e., joint positions):

Xee :p(q),qGRn “4)

The Jacobian matrix of EE in the current configuration
indicates the influences of each joint’s motion to EE:

ap1/dq Ip1/9qn

J(q) (&)

9pm/dq OPm/9qn

where m is the DoF of the robot’s workspace and n is the
DoF of the joint space. Then the velocity is:

(6)

The task of approximating the EE motion to the disem-
bodied manipulator can be written as:

Xee = J(q)q

(7

where X 4 is the EE’s desired velocity. As the whole-body
robot’s EE is represented as the Panda hand in our setting,
the fingers will not be considered in the QP optimization.
The finger actions will directly follow the learned RL policy.
Thus, we can regard g as the 11-DoF of the robot in this
section, excluding the 2-DoF of the fingers. At time step ¢,
we use the trajectory of the disembodied manipulator {x;, }
to obtain the desired pose change of EE:

Toe = J(‘I)q _xee,d

Axee,d o (xh,tJrAt _xee,t)
At ANt

The reason for not directly using the predicted action vy 4
from the RL policy to compute X, 4 is that v, 4 represents the
target joint velocity commands for the manipulator’s virtual
joints so it does not indicate the actual desired pose change.

Robotic singularity refers to degenerate joint configura-
tions that cause the rank of the Jacobian matrix to reduce.
If rank(J,.) drops below the workspace dimension, the
robot cannot move instantaneously in a certain workspace
dimension. It is dangerous when robots are in singular or
near-singular configurations, as these usually cause extreme
joint accelerations. To avoid these conditions, we expect that
the robot should be able to move the EE flexibly in the
current configuration. We attempt to parameterize this by
imposing kinematic constraints on the robot’s workspace,

()

xee,d =



regarded as the robot’s capability of moving the EE to the
desired pose after k steps while the base is fixed, using the
weight matrix Cy, of the QP’s cost function:

nxn (9)
where Cpyse, Carm are the weight coefficient and Ipgge, Lyrm
are the identity matrix. We use the learned RL policy to
predict the desired EE’s pose after k steps as fc kA

and then perform IK via Klampt. We obtain z,.g, §;1inr =
Sik (Gt Reer+kne) Where Zyes = 1,4 ns 7 0 When IK is solved,
and zyes = 0,G;411nr = @ when the numerical solver fails
to find a feasible configuration, which indicates that EE is
unable to reach the goal pose %, ;1xa; after k steps if the
base remains static during this period. Thus, we can define:

CA}Q’ - [Cbaselbasea Carmlarm] eR

Chase = 01 Zres + 0-)2(1 - Zres) (10)
Carm = M Zres + M) (1 - Zres)

QP is then applied to optimize desired joint velocities ¢,:

minimize ¢} Cseda
4d
subject to  J(q)qq = Xee.a

qmin < C}d < C}max

(1)

where @; > @», the QP tends to encourage base motion
when the robot’s EE cannot move to £,.;.;a, With its base
fixed (i.e., ¢4rm = @1, Cpase = @ under this condition), which
accordingly avoids robotic singularities in most cases. In our
experiment, we set k = 10, @; = 20, @, = 0.1 for the QP.

V. EXPERIMENTS

In this section, we evaluate our method in three aspects:
model improvements during interactions, policy generaliz-
ability to novel objects compared to baselines, and motion
compliance of the whole-body robot.

The experiments are performed in the ManiSkill simulated
environment [1] built on SAPIEN [33]. In particular, we
apply our approach to the cabinet drawer opening task, where
the success condition is opening the target drawer’s joint to
90% of its extent. The task is episodic with a time limit of
200 steps. The agents for manipulation are the disembodied
manipulator and the default single-arm robot that consists of
a movable dummy base, a Franka arm, and a Panda gripper.
The initial pose of agents and the selection of cabinets are
randomized by seeds at the start of every episode.

Based on the public-available 25 cabinets verified for the
drawer opening task, we randomly split them into a training
set of 15 cabinets and a test set of 10 cabinets. The agent
will not interact with or see the test cabinets during training.

A. Model Performance with Varying Training Set Sizes

We demonstrate our RL models improving during inter-
actions with more cabinets in the environment (as shown
in Fig. 5) by varying training set sizes (i.e., the number of
different cabinets for training). We notice that RL training
converges faster with smaller training sets, but such models
lack generalizability to novel cabinets and the worst case
can be completely unsuccessful. With more cabinets seen in
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Fig. 5. Average success rates on unseen cabinets using RL models with
varying training set sizes. We show a 95% confidence interval of the mean
performance on test cabinets across three random seeds (100 episodes per
seed). The training set size is the number of cabinets for training.
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(a) Failure, step = 200, (b) Success, step = 164, (c) Success, step = 50,

training size = 5.

Fig. 6. Visualization of trajectories on an unseen cabinet using RL
models with varying training set sizes. By interacting with more cabinets,
the RL model shows a better understanding of the skill dynamics, resulting
in smoother and more reasonable motions.

training size = 10. training size = 15.

training, the policy model achieves higher task success rates
on the test set. The quantitative results in Fig. 5 indicate a
continuously evolving process of the RL model learning a
generalizable manipulation skill policy.

Fig. 6 shows the qualitative results by visualizing the
trajectories of the disembodied hand on a test cabinet. The
policy models for generating these trajectories are trained
with different numbers of cabinets. We observe that models
with fewer training cabinets show worse skill dynamics. For
example, the RL agent trained with five cabinets can move
forward in the correct direction to the target link, but it
either produces confusing motions near the handle or pulls
the drawer back and forth, while the other models present
more reasonable motions and shorter episode lengths.

TABLE I
TASK SUCCESS RATES OF DIFFERENT APPROACHES

Metric Average Success Rate Episode Average Length

Split Train Test Train Test
BC-robot 0.38 0.13 137 178
BCQ-robot 0.25 0.11 166 184
SAC-robot 0.08 0.03 189 195
Ours-ee-s 0.86 0.63 77 101
Ours-robot-s 0.83 0.61 90 114
Ours-ee-v 0.78 0.55 93 119
Ours-robot-v 0.74 0.51 95 129

B. Generalizability Comparison with ManiSkill Baselines

We compare our method with the original RL and IL
baselines in ManiSkill [1] via two metrics: Average Success



Rate and Episode Average Length. The average success rate
is calculated from three runnings on the test set, where
each running uses a different random seed to initialize 100
episodes, and all the models are trained to 3M steps.

Our baselines include Behavior Cloning (BC), Batch-
Constrained Q-Learning (BCQ), and SAC for whole robot
control (SAC-robot). These methods directly predict the
joint-space actions to control robots, where BC and BCQ
utilize a PointNet+Transformer architecture and SAC uses
MLPs. We compare different combinations of modules of our
method, where ‘ee’ and ‘robot’ represent the disembodied
manipulator or the full robot, ‘s’ and ‘v’ represent using
states or point clouds as input, respectively.

Table I shows that our method significantly outperforms
the baselines, indicating better generalizability over novel ob-
jects. Our state-based disembodied manipulator achieves the
best performance on training and test cabinets, which indi-
cates an upper bound of the proposed framework. As for our
vision-based agents, they show slightly lower performance
by adding the whole-body controller and the vision module.
However, the overall results still surpass the baselines. These
demonstrate that the decoupling approach is more suitable
for generalizable skill learning than the baselines.

C. Visualization of Robot Motion Compliance

In addition to category-level generalization to objects, our
approach naturally produces compliant and controllable robot
motions. It is essential for high-DoF collaborative robots to
ensure motion compliance, interpretability, and safety. Fig.
7 shows exemplar traces of robots in singular configurations
manipulating objects. Due to the decreasing rank of the EE’s
Jacobian matrix, the robot joints are required to accelerate
to an extremely high velocity to perform the workspace
behaviors. The red balls show the correlated joint velocities
hit the limits (7 rad /s in our case). A reason for this problem
is that high-dimensional actions are challenging to learn by
RL e.g., robots in Fig. 7 (top) are controlled by a BCQ policy.
Therefore, the policy may tend to reduce the whole-body
DoF causing ‘stretching’ or ‘curling’ motions.

Our approach takes advantage of the robotic physical
model and the established optimization solver. The whole-
body actions are well-controlled while the EE follows the
learned policy of the disembodied manipulator. Fig. 7 (bot-
tom) shows that our robot applies much lower joint velocities
than BCQ but completes the task with higher success rates.

D. Ablation Study on Random Splits

We perform an ablation study on random splits of train-
ing and test set. Table II shows the average success rate
and episode average length of the disembodied manipulator
model on three different splits. The overall performances are
similar, which demonstrates that our approach is robust to
the randomly splitting manner.

E. Limitations and Future Work

While we present that decoupling policy learning from
robot-specific control is effective for generalizable object
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Typical robot motions generated by BCQ (top) and our
method (bottom), colored by joint velocities. Note how BCQ exhibits far
higher joint velocities. The BCQ method learns a direct policy to predict
the desired joint velocities for robot control, while our method decouples
the policy learning and controls the whole-body joints by QP optimization.

Fig. 7.

TABLE II
TASK SUCCESS RATES WITH RANDOM TRAINING AND TEST SPLITS

Metric Average Success Rate Episode Average Length
Split Train Test Train Test
Set 1-s 0.93 0.59 66 124
Set 2-s 0.86 0.63 77 101
Set 3-s 0.87 0.60 74 115
Set 1-v 0.82 0.54 85 118
Set 2-v 0.78 0.55 93 119
Set 3-v 0.79 0.52 88 125

manipulation, there are several limitations we need to address
in future work. One concern is that the evaluation is limited
to a single drawer opening task and pure RL and IL baselines.
As robot learning for manipulating complex 3D objects is
a highly challenging area, we choose this representative
task i.e., opening a drawer or cupboard as a starting point,
and we notice that there are many concurrent works [6],
[21]-[25] presented. We will incorporate these methods as
baselines and evaluate more tasks in the future. Another
potential issue is that sim-to-real transfer usually requires
non-trivial efforts. In our approach, since the robot learns the
skill policy by interacting with various objects, we believe it
would be robust when facing the domain gap. Furthermore,
we would like to explore both object-level and robot-level
generalizability, i.e., generalizing the learned policy to robots
with joint injured or being constrained, in our future work.

VI. CONCLUSION

The paper proposed a manipulation skill learning method
for high-DoF robots where the skill dynamics are decoupled
from robot-specific kinematic control. In the first stage, a
model-free RL policy of the disembodied manipulator is
learned from interacting with articulated objects. The QP-
based controller then optimizes the high-dimensional joint-
space actions to approximate the learned skill dynamics by
synchronizing trajectories of the robot’s end-effector and
the disembodied manipulator. We evaluate the category-level
generalizability of the learned skill policy over objects and
achieve an average success rate of 74% on the training set
and 51% on the test set. For future work, we would like
to extend the generalizability of our method to more chal-
lenging conditions, including more complex tasks and robots
with constraints or inaccuracies in dynamics modeling.
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