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Abstract— Many practically relevant robot grasping prob-
lems feature a target object for which all grasps are occluded,
e.g., by the environment. Single-shot grasp planning invariably
fails in such scenarios. Instead, it is necessary to first manipulate
the object into a configuration that affords a grasp. We solve
this problem by learning a sequence of actions that utilize the
environment to change the object’s pose. Concretely, we employ
hierarchical reinforcement learning to combine a sequence of
learned parameterized manipulation primitives. By learning the
low-level manipulation policies, our approach can control the
object’s state through exploiting interactions between the object,
the gripper, and the environment. Designing such a complex
behavior analytically would be infeasible under uncontrolled
conditions, as an analytic approach requires accurate physical
modeling of the interaction and contact dynamics. In contrast,
we learn a hierarchical policy model that operates directly on
depth perception data, without the need for object detection,
pose estimation, or manual design of controllers. We evaluate
our approach on picking box-shaped objects of various weight,
shape, and friction properties from a constrained table-top
workspace. Our method transfers to a real robot and is able
to successfully complete the object picking task in 98% of
experimental trials.

I. INTRODUCTION

State-of-the-art robotic grasping systems [1], [2], [3]
function well in moderately cluttered scenes, but are fun-
damentally limited in assuming that objects are directly
graspable — that is, that there always exists a collision-
free grasp configuration within the reachability space of the
robot arm. In practice, this assumption is often violated: for
example, in cases when objects are tightly packed together,
or placed in configurations that obstruct all feasible grasps
(e.g., think of a book lying flat on a table). To address
such practically relevant scenarios the robot arm needs to
re-arrange objects in a non-prehensile manner, which poses
unique challenges to perception, planning, and control.

Current non-prehensile object re-arrangement approaches
aim to overcome the stochastic and unpredictable nature of
physical interaction through trial-and-error learning [4], [5],
[6], [7]. As reinforcement learning (RL) involving contact
dynamics has prohibitively high interaction sample complex-
ity, a common solution is to employ manually designed para-
metric controllers dubbed manipulation primitives [8], [9],
[10], [11]. However, this has two disadvantages compared
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Fig. 1. Top: In the initial pose, all feasible grasps on the target object are
occluded by the environment. Bottom (left to right): We learn to push the
object to a wall and exploit it as a pivot to flip the object up and finally
grasp it from the top.

to the more general end-to-end approaches: first, it limits
applicability to only tasks that can be solved by combining
the available primitives; and second, it necessitates expert
input in designing, implementing, and tuning the primitive
controllers. While some progress has recently been made
in alleviating the first shortcoming through e.g., the use
of atomic actions to “stitch” together primitives [11], the
need for expert input in primitive design still poses a major
challenge.

Instead of relying solely on manually-defined primitives or
resorting to costly end-to-end RL, we take a middle ground
and propose to learn hierarchical control policies whose
actions are a series of parametrized learned manipulation
primitives. This allows us to maintain the generality of
full-scale RL while improving learning efficiency through
the decomposition of tasks into several primitives, each
associated with lower-dimensional state-action spaces. We
apply our approach to solve a variation of the occluded
grasping task [5] in which a robot arm equipped with a
simple parallel jaw gripper needs to pick a flat object placed
on a table-top (see Fig. 1). As the object is only graspable
along approach directions that collide with the table, the
task can only be solved via non-prehensile manipulation and
interaction with the environment: the robot needs to push the
object against one of the four boundaries, pivot to flip and
finally grasp it from the top. However, successful execution
of these actions is challenging as even minor errors can
have significant negative consequences. For instance, a slight
misalignment or inappropriate force can cause the object
to tumble unpredictably during flipping. Manually designing
primitives for these intricate actions would be a difficult and
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error-prone task, further highlighting the need for a more
adaptive approach to addressing these challenges.

Agarwal et al. [12] proposed to first learn a set of primi-
tives and then a combination to address the task. However,
they only show results from simulation. They assume that
the object pose and velocity are known, which is strong
limitation for real-world applications. Instead, we use visual
input to train our approach in simulation through curriculum
learning [13] and apply Automatic Domain Randomiza-
tion [14] to enable zero-shot transfer to the real world,
achieving a picking success rate of 98% even when the object
is placed in a random initial location. Our main contributions
are thus: First, we propose a novel method for solving
the occluded grasping task using hierarchical reinforcement
learning. Second, we devise a curriculum learning strategy
that allows us to train the low-level agents before progressing
to high-level decision-making. Lastly, we demonstrate our
method trained in simulation and achieve zero-shot transfer
to a real-world robot experiment.

II. RELATED WORK
A. Primitive-based Robotic Manipulation

Reinforcement learning for robot manipulation poses a
significant challenge due to the difficulty of effectively
exploring the high-dimensional continuous action space and
the complexity of contact-based dynamics. To address these
problems, early works [8], [9], [15], [16], [17], [10] have
explored reinforcement learning for manipulation using pre-
defined primitives. Instead of exploring the high-dimensional
continuous action space, their policies learn to estimate the
appropriate primitive and its parameters, such as starting
pose, moving distance, or rotation angle. Recent work [11]
applies hierarchical reinforcement learning [18] for separat-
ing the primitive and the estimation of its parameters to
improve performance. They use an atomic primitive that
directly controls the end-effector pose to fill the missing gaps
that cannot be fulfilled by the available primitives.

Although these works demonstrate significant results in
using primitives for manipulation tasks, they all rely heavily
on manually designed primitives, which often requires hu-
man expertise and takes a significant amount of time and
effort. In contrast, we learn the behavior of an extrinsic
dexterity primitive for flipping flat objects by hierarchical
reinforcement learning without designing it manually.

B. Extrinsic Dexterity for Manipulation

In many practical applications, robots are equipped with
parallel jaw grippers that are simple, but limited in dexterity,
and thus often insufficient for accomplishing more complex
tasks. Extrinsic dexterity [19] is one strategy to mitigate this
issue by exploiting external resources such as gravity, exter-
nal contacts, or dynamic motions for assisting manipulation.
Early works [20], [21], [22] have proposed exploiting con-
straints imposed by the environment and manually designed
controllers to grasp objects by sliding and pushing against
a wall or sliding to the edge of a table. These approaches
are, however, limited to controlled conditions and known

environments. Current non-prehensile object re-arrangement
approaches [7], [6], [23], [24] utilize reinforcement learn-
ing to overcome the inherent unpredictability of physical
interactions. However, they often suffer from prohibitively
high interaction sample complexity and are constrained by
their reliance on precise knowledge of the object pose, or the
necessity for specialized policies for diverse objects. Recent
works [25], [26] learn a policy to grasp flat objects based
on visual information. However, they rely on simple visual
servoing to initiate grasping, assume the object position is
given, or need a specific gripper design. In contrast, we use
a standard parallel jaw gripper, based on visual information
and without a given object position or grasp pose.

Zhou and Held [5] are closely related to our work and also
address grasping objects placed in unfavorable configurations
through reinforcement learning. Their method focuses on
learning a controller that is able to flip an object and acquire
an initially occluded grasping configuration. However, the
approach presented has several limitations: the target object
needs to be placed very close to a wall, a target grasp
configuration needs to be available, and the object pose has
to be tracked through the interaction. In contrast, we combine
different primitives to overcome the constraint on object
and wall proximity and demonstrate our approach is able
to efficiently solve the problem without access to a target
grasp or object pose estimate.

III. METHOD

We address the occluded grasping task by employing a
variation of hierarchical Deep Q Networks (DQN) [18]. In
our approach (see Fig. 2), a high-level agent is responsible
for selecting a sequence of pose-parametrized manipulation
primitives, each of which is in turn assigned to a low-level
agent responsible for selecting appropriate primitive-specific
actions. The goal of the high-level agent is to learn a policy
that maps a sensor observation in the form of depth data
to an appropriate pose-parametrized manipulation primitive.
The low-level manipulation primitive constitutes a feedback
controller that is learned through interaction.

We use three manipulation primitives: a push primitive
that achieves in-plane object motion; a flip primitive that uses
contact with the environment to pivot an object, and a grasp
primitive that picks directly graspable objects. These three
primitives can be combined to solve the occluded grasping
task and demonstrate extrinsic dexterity manipulation. For
example, the high-level agent may first decide to use the
push primitive to push the object to the wall, then use the
flip primitive to pivot the object, and finally use the grasp
primitive to grasp it. In this paper, we employ a low-level
DQN agent to learn the complex flip primitive, while we
design the other two primitives manually.

A. Manipulation with Parameterized Primitives

Observation and action spaces. The observation space
of the high-level agent is a depth map of the workspace.
The action space is composed of a pixel coordinate that
corresponds to samples of the state-action-value function Q.
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Fig. 2. Overview. Our ED-PMP method aims to break down complex tasks into sub-tasks and reduces the need for manual primitive design. It comprises
high-level and low-level agents. High-Level Agent (top): The high-level agent takes a height map as input to a DQN, implemented using an FCN model.
It then outputs pixel-wise maps of Q values, where each pixel corresponds to a starting pose and a primitive. Low-Level Agent (down): The low-level
agent combines the current end-effector pose and contact force as the state of a DQN model. It iteratively estimates a series of actions to accomplish the

sub-task within a designated number of iterations, denoted as 7.

Each pixel represents a starting pose (, y, 6;) and a primitive
id ¢, where (z,y) encodes the (x,y)-th pixel of the depth
image; 0; = 2mi/K encodes the i-th discrete end-effector
rotation of K possible directions around the Z-axis (K=16
in this paper); while ¢ is a categorical choice between a
group of primitives ®, with ||®|| = 3.

The policy estimates a separate Q map for each possible
primitive choice. The optimal action then corresponds to
the pixel with the maximum Q-value, potentially within a
masked region of interest as we discuss later on in this sec-
tion. Based on the action, the robot moves to the starting pose
and waits to execute the selected primitive. The height of the
starting pose is decided by the height in the corresponding
depth map (x, y)-th pixel.

Reward. We train the high-level agent using a sparse
reward for each primitive. Successful actions with the flip
primitive and the grasp primitive are rewarded by rfl =1
and rf{ ¢ = 1 respectfully. The reward of successful push
primitive actions is set to a value of TtH ? = 0.2 on success
and rf ? = 0.1 on a change in the workspace configuration.
The values are kept lower than the rewards for flipping and
grasping to discourage the agent from spending the entire
episode just pushing the object. Executing a flip primitive
is considered as success if the object is flipped up after
applying the primitive. The grasp primitive succeeds when
the target object is grasped at a certain position. Finally,
the push primitive is successful if the object is pushed to a
configuration near one of the four workspace walls. Because
the reward function of the high-level agent is decided by
the results of the primitive execution, we train the high-level
agent together with the low-level agent.

Primitive masks. We train the high-level agent with e-
greedy exploration and adopt the masking approach from

Ren et al. [9] to improve learning efficiency. As the initial
policy is likely to cause no change in the workspace state
(e.g., if the robot does not touch any object), we encourage
the agent to explore more widely by uniformly sampling an
action that corresponds to one of the top ten Q values. To
further improve learning efficiency, we apply primitive masks
to reduce the region that the agent needs to explore. The idea
is that the agent only has to explore pixels near the boundary
of the target object. Thus, we calculate the mask from the
height map: first, we calculate the grasp mask by checking
for pixels above a threshold Mj,; second, we devise the flip
and push masks by diffusing an area around the grasp mask.
With these optimizations, the high-level agent is ready to
choose and apply a low-level action primitive.

Model architecture. We use a Fully Convolutional Net-
work (FCN) [27] as our high-level agent model, inspired
by Ren et al. [9]. As indicated in Fig. 2, we pre-process the
input depth image to obtain the state space for our high-level
agent. First, we transform the depth image to a robot-centric
coordinate frame and project it to a height map relative to
the table surface. The height map is then rotated K times
for the angles #; = 2mi/K and concatenated as batches of
tensors that we pass through the FCN. The FCN outputs
three Q maps corresponding to the primitive choices for each
rotated height map. After applying primitive masks to the
corresponding Q maps, we sample the action by e-greedy.
Finally, the robot moves to the starting pose and waits to
execute the selected primitive.

B. Learning Behavior for A Contact-rich Primitive

Overview. A key distinguishing feature of our approach is
that we do not rely solely on expert-devised behavior primi-
tives, but rather learn low-level action policies in conjunction
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Fig. 3. The end-effector displacement (d, z,0,) corresponds to action
space of the low-level agent, where Ps is the starting pose and p,; is the
current end-effector task-space pose.

with the high-level agent from the previous section. In this
paper we train only one such low-level agent — for the
flipping primitive — though extensions to multiple learnable
low-level agents are in principle possible.

Observation and action spaces. The action space for
the low-level agent is discrete. Each action corresponds
to a specific end-effector displacement (d, z, 6,), shown in
Fig. 3. In this context: d € {0,aq} encodes the forward
distance, z € {0,a.} encodes the vertical movement, and
6, € {—ry,0,r,} encodes the angular deviation along the
Y -axis relative to the primitive’s initial pose. The observation
space of the low-level agent is a combination of the end-
effector pose and the contact force. We formulate the state
as 81 = (Pat, fa, frmaz)> Where p,i € R? is the current end-
effector task-space pose; fy is the contact force along the d-
axis; and f,qz is the maximum of the current contact force.
To facilitate efficient training, we develop an observation
space designed to remain invariant to the starting pose of the
low-level agent, ensuring state consistency across different
initial poses.

Reward. To learn the low-level action policy, we could
in a straightforward manner define the reward sparsely on
successful flips. However, as sparse rewards result in less
efficient learning [28], we choose to instead design a reward
function that considers the contact force and end-effector
position:

"= rtHf +rk (H
min(o, #%) ,if f. >0

rk={ 1 LAt fe > frimit 2)
0 , otherwise

where f. is the current contact force, fi;n: is the maximum
safety contact force, z, is the current end-effector height,
and o and w are hyper-parameters that normalize the z, and
limit the upper bound of the reward. Based on this reward
function, we encourage the agent not only to flip up the
object but also to raise it up with contact and avoid applying
too much contact force. We find that without the penalty
for applying too much contact force, the robot may trigger
emergency stops in the real world, making the transfer of
policies learned in simulation more challenging.

Initial pose invariant state. To further improve the train-
ing efficiency, we ensure the low-level model doesn’t need to

adapt to various initial poses. We establish the starting pose
provided by the high-level agent as the reference base frame
for p,:. Consequently, p,: represents a projection of the end-
effector pose with respect to the forward direction, vertical
displacement, and rotation along the Y -axis, all based on the
initial pose frame.

Model architecture. For more details of our low-level
agent, we employ a multilayer perceptron (MLP) as the
underlying model. As indicated in Fig. 2, we combine p,:,
fa, and f, 4, as inputs to the MLP, which in turn outputs Q
values corresponding to a specific end-effector displacement
to control the robot. Once selected for execution, the low-
level agent controls the robot iteratively, taking a fixed
number of actions within a horizon 7.

C. Curriculum Learning and Domain Randomization

We follow a curriculum learning [13] approach to train our
high-level and low-level agents separately. Learning the high-
level agent is hard when the low-level agent is not competent
in its sub-task because the high-level reward is conditioned
on whether the low-level task is completed successfully. We
train the low-level agent first, devising progressively more
complex interaction scenarios and only include the high-level
model once the low-level policy can successfully flip objects.

To adapt to the domain shift between simulation and
the real world and perform zero-shot sim2real transfer, we
employ Automatic Domain Randomization [14] during the
simulation training. In each episode, we randomly sample
the object size, friction, and mass to make our method able
to address varied box-shaped objects. To overcome the noise
of the height map in the real world, we add Gaussian noise
and randomly block a few regions as fake reflections in the
simulated depth image.

IV. EXPERIMENTS
A. Setup and Evaluation Metrics

To demonstrate our model’s ability to learn extrinsic
dexterity, we use a Franka Emika Panda arm with a 2-
finger gripper that does not open wide enough to grasp the
target objects (shown in Table II) from above directly. For
the environmental setup, we use the inside of a 44.8 x 44.8
(cm) box as the robot’s workspace, with the four boundaries
serving as potential locations for performing an object pivot.
An overhead depth image is captured by a Kinect v2 camera
and transformed into a height map as input to the high-level
model. To avoid the robot occluding the workspace, we move
the robot to the bottom-left corner before acquiring a depth
image.

We use the completion rate as the evaluation metric and
test 10 episodes for each object. An episode is considered
successful if the robot picks up the object within a certain
number of primitive actions. Similarly to above, the success
rate for each primitive is the number of successful actions
divided by the total number of attempted actions with that
primitive, averaged over the 10 episodes. This metric does
not apply to the baseline algorithms that are not based on
manipulation primitives, and thus we omit it when discussing
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Fig. 4.

Testing curve of success rate versus training episodes of the high-level model in simulation. (a) The completion rate for full-task success

(successfully picking the object with 10 or fewer primitives). (b) The success rate for the grasp primitive. (c) The success rate for the flip primitive. Success

rates of the primitives are computed over the last 100 attempts.

the performance of those algorithms and only report the
overall task completion rate.

B. Evaluation in Simulation

We use Isaac Sim to build a simulation for a variation of
the occluded grasping task to train our model. The hyper-
parameters of the low-level model’s actions are set to aq =
0.5 cm, a; = 0.5 cm, and 7, = 2 degrees. The maximum
terminal step 7" in the low-level model is 35. In the reward
function Equation 2, we set 0 = 0.2 and w = 0.1.

We train our method in simulation using flat objects of
random friction, weight, and size. We randomly place an
object in the workspace and evaluate whether the robot can
pick it up, applying 10 primitives or less. Fig 4 shows
the learning curve of success rate versus training episodes.
We measure the grasp success rate over the last 100 grasp
attempts and use the same way to measure the flip success
rate and full-task completion rate. In this experiment, we
start to test the model after 500 episodes.

We compare the training regime indicated above for
our method (ED-PMP) with two baselines: SAC [29] and
Rainbow DQN [30]. Additionally, we introduce an ablation
— ED-PMP-MD — where the learned flip primitive is
replaced by a manually designed version. To adapt the two
baselines to our task, we set their action spaces as 6D end-
effector movements, with SAC using a continuous version
and Rainbow DQN employing a discrete variant. We also
increase the maximum episode length from 10 to 40 steps
for both baselines. Regarding ED-PMP-MD, the manually
designed flip primitive comprises three stages. First, the grip-
per moves forward until contact is established. Next, it moves
diagonally upward at a 45-degree angle while maintaining
the contact force between 8 to 10 N by adjusting the upward
and forward movements. Finally, it moves forward while
adjusting the upward movement to maintain contact with a
force of less than 10 N.

As shown in Fig 4, both SAC and Rainbow DQN struggle
to achieve successful object picking with such a limited
number of samples. Comparing our method to ED-PMP-
MD, both approaches attain an 80% task completion rate
within 800 episodes. However, when analyzing the individual
primitive success rates for the grasping (Fig. 4 (b)) and

Q maps of primitives

Flip Grasp Push

(57

“

Grasp
-

\ :
Fig. 5. An example sequence of picking up a flat object (in simulation).
From top to bottom, each row represents a sequence of decisions made by
the high-level agent. The left column shows the current observation in the
form of a height map, while the right column contains the estimated Q
maps for each of the three primitives across 16 orientations. The maximum
Q value and corresponding height map pixel in each step are marked with
red arrows.

flipping (Fig. 4 (c)) primitives, we note that in both cases
our full method results in higher success rates. Thus, while
in simulation the overall performance of the two methods
is comparable, for ED-PMP-MD this comes at the cost
of repeated trials: the agent relying on a fixed flipping
primitive needs more steps to complete the task. We also
note that despite the two agents using an identical grasping
primitive implementation, ED-PMP achieves substantially
higher grasping success rates. We speculate that this is due
to the learned flipping primitive manipulating the object into
configurations that better afford top-down grasps: a synergy
that arises thanks to the simultaneous learning at different
hierarchical levels.

To analyze how our agent makes a decision in the current
state, we visualize the high-level model’s Q maps in Fig 5 for
three consecutive actions executed in simulation. As the first
action (Fig 5 top row), the robot moves the object against
the right workspace boundary by rotating the gripper —22.5°
around the z-axis and applying the push primitive. After
pushing (middle row), the robot executes the flip primitive
to pivot the object using the right workspace boundary as
support. Finally, the robot rotates the gripper 67.5° around
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TABLE I
REAL ROBOT EXPERIMENTS WITH 5 OBJECTS IN DIFFERENT SCENES ACROSS 10 EPISODES

Method Scene Box-0 (209g) Box-0 (368g) Box-1 Box-2 Box-3 | Average | Meantstd.dev.
Zhou and Held [5] close 7/10 5/10 8/10 6/10 9/10 70% 7.0£1.41
Zhou and Held [5] random 4/10 1/10 3/10 3/10 5/10 32% 3.2+1.33
ED-PMP-MD close 9/10 9/10 9/10 9/10 10/10 92% 9.2+0.40
ED-PMP-MD random 9/10 7/10 10/10 9/10 9/10 88% 8.8+0.98
ED-PMP (ours) close 9/10 9/10 10/10 10/10 10/10 96 % 9.6:£0.49
ED-PMP (ours) random 10/10 9/10 10/10 10/10 10/10 98 % 9.8+£0.40
TABLE II TABLE III

TARGET OBJECTS FOR THE REAL-WORLD EXPERIMENTS

AVERAGE PERFORMANCE IN THE REAL-WORLD EXPERIMENTS

. Gras Fli Action
Method Scene | Completion Succel;s Succgss Efficiency
ED-PMP-MD | close 0.92 0.921 0.622 3.18
- ED-PMP-MD | random 0.88 0.937 0.408 5.84
Object-ID Box-0 Box-1 ED-PMP close 0.96 0.967 0.648 2.86
Weight (g) 209 / 368 283 ED-PMP random 0.98 0.964 0.602 4.58
Length (cm) 14.2 19.9
Width (cm) 91 112 N
High (cm) T T Whether the object is placed close to a wall or randomly

the z-axis and executes a grasp primitive to pick up the
object. When determining the second action (second row in
Fig. 5), we note that there are very distinct peaks in the
Q maps for the flip primitive. The majority of alternative
actions for the flip primitive are valued at a uniform low
level, indicating that there are only a limited set of primitive
parameters that are likely to result in a successful flipping.
A similar pattern can be observed for the grasping primitive
selected as the third action (third row in the figure). In
contrast, the Q maps for the push primitive at all three
decision points consistently exhibit more uniformly bright
pixels. This is due to the agent’s ability to easily acquire
rewards by pushing the object and re-arranging the scene.

C. Real-world Experiments

To evaluate our method, we test it with zero-shot transfer
from simulation to a real-world setup using the box-shaped
objects in Table II. We use four different boxes (Box-0 to
Box-3) but consider two configurations of Box-0 (with and
without additional contents to make it heavier), which means
we have five object types. We consider two setups: close,
where the object is placed next to one random wall of the
box; and random where the object is placed randomly near
the center of the workspace. The results are shown in Table I.

We compare with Zhou and Held [5] as our baseline.
Their method focuses on learning a controller that is able
to flip an object and acquire an initially occluded grasp-
ing configuration. Their method achieves completion rates
of 70% and 32% in the close and random setup scenes,
respectively. It’s worth noting that their method encoun-
ters significant challenges when the object is not in close
proximity to the wall, indicating limitations in its ability to
handle such scenarios effectively. In contrast, our approach
with the manually designed flipping primitive (ED-PMP-
MD) demonstrates 92% and 88% completion rates in the
close and random setup, respectively. Further more, Our
method with the learned low-level flipping primitive (ED-
PMP) clearly outperforms the manually designed variant.

within the workspace, our method consistently attains high
completion rates, ranging from 96% to 98%.

We further evaluate our proposed method ED-PMP and
ED-PMP-MD considering grasp success rate, flip success
rate, and full completion separately. As shown in Table III,
the method relying on a learned flipping primitive can
achieve better performances in terms of completion rate,
grasp success rate, and flip success rate in both setups.
Comparing the action efficiency between ED-PMP and ED-
PMP-MD, the former requires on average 2.86 and 4.58
primitives to finish the task (in close and random, respec-
tively) and the latter needs 3.18 and 5.84 primitives. The
number of required primitives is significantly less in the
close setup for both methods since the target object is
already placed in a configuration amenable to flipping. One
interesting observation is that, although the random setup is
more difficult than close one, our method achieves a slightly
better completion rate in the random setup. We infer the
reason is that randomly placing the object in the workspace,
as opposed to placing it close to the wall, enables the agent
to move the object to a position where it has a higher chance
of successfully picking it up.

V. CONCLUSION

In this paper, we propose an approach for solving the oc-
cluded grasping task by learning hierarchical control policies
that decompose the problem in two steps: choosing a se-
quence of parametrized manipulation primitives; and learning
low-level control policies. To enhance learning efficiency, we
devise a curriculum learning strategy to train the low- and
the high-level agents sequentially. Our method transfers zero-
shot to the real world and achieves a 98% task completion
rate with varied box-shaped objects and a wide range of
configurations in the real environment. Notably, compared
to the state-of-the-art, we do not require the object to be
placed near a supporting wall. With increasingly complex
tasks, designing reward functions for numerous learned pa-
rameterized primitives can be challenging. Thus, a potential
future direction is to remove the need for engineering reward
functions when training the low-level agent.
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