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Abstract— While many existing grasping models can be
highly reliable in picking objects in most cases, challenging
scenarios persist in industrial automation where objects are
difficult to grasp—such as when positioned in corners, occluded
by other items, or tightly clustered. These challenges are
prevalent in smart manufacturing and logistics systems, where
current robotic systems often require costly human intervention
for handling difficult cases. To address this automation gap,
we propose a multi-step manipulation approach that combines
non-prehensile and prehensile actions through two collaborative
policies: a main policy responsible for picking, and a supporting
policy that assists by rearranging the scene when the main
policy lacks confidence. In particular, we leverage equivariant
neural networks to encode SE(2) symmetries in both policies,
enabling sample-efficient reinforcement learning from visual
observations. Using a symmetry-aware DQN-based approach,
we first train the main policy, then train the supporting policy
to maximize the main policy’s confidence through a value-based
reward function. Our method significantly outperforms single-
policy approaches, achieving 1.3-2× better performance across
five manipulation tasks in simulation. Crucially, we demonstrate
efficient on-robot learning directly on hardware (1-2 hours) for
three tasks, showcasing the practical viability of our approach
for smart industry applications where rapid deployment and
adaptation are essential.

I. INTRODUCTION

Despite the remarkable success of many powerful grasp-
ing models [1]–[5] in relatively structured and uncluttered
settings, challenging real-world scenarios still exist where
safe and effective grasp poses are difficult or even impossi-
ble to predict. Prominent examples include picking heavily
occluded objects (completely hidden behind others or tightly
clustered together in bins) and corner-positioned objects
in confined workspaces where collision-free grasps are ex-
tremely hard to find due to geometric constraints imposed by
surrounding walls or neighboring items. This limitation has
significant practical implications: in warehouse fulfillment
centers and manufacturing production lines, current robotic
systems often fail on these difficult scenarios, necessitating
costly, time-consuming, and operationally disruptive human
intervention. Fortunately, additional preparatory actions—
such as pushes, drags, or intermediate picks—can strategi-
cally rearrange the scene and transform these initially un-
graspable configurations into graspable ones. This observa-
tion naturally motivates multi-step manipulation, where non-
prehensile and prehensile actions are sequentially combined
to enable successful grasping, ultimately automating cases
that currently require manual human handling.
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In this work, we propose a two-policy framework for
multi-step manipulation built upon visual DQN [6]. Both
policies leverage equivariant neural networks [7] that en-
code SE(2) symmetries (translation and rotation) directly
into the policy architecture, substantially improving sample
efficiency by reducing the effective action space and en-
hancing generalization across diverse scene configurations.
Within this framework, a main policy is responsible for
task completion and operates confidently in the majority
of scenarios. When its confidence drops below a prede-
fined threshold—indicating a potentially ungraspable scene,
a supporting policy is triggered to intervene and modify
the workspace layout, for example by rearranging cluttered
objects or dragging corner-trapped items toward open, more
accessible areas. Training follows a two-stage curriculum: the
main policy is trained first using sparse binary rewards (+1
for each successful pick), after which it is frozen and used
to supervise the training of the supporting policy. Specif-
ically, the supporting policy is optimized to maximize the
main policy’s post-intervention state value through a value-
based reward signal, thereby learning preparatory actions that
directly improve downstream grasp success.

Our main contributions are as follows: (1) A sequential
two-stage training framework for multi-step manipulation
that combines a main picking policy with a supporting rear-
rangement policy trained using reinforcement learning (RL)
via a value-based reward signal—demonstrating a practical
approach to automating challenging scenarios in smart man-
ufacturing systems. (2) Integration of equivariant neural net-
works encoding SE(2) symmetries directly into both policy
architectures, achieving superior sample efficiency compared
to conventional data augmentation approaches—enabling the
policies to generalize across diverse scene configurations
without requiring exhaustive training data. (3) Extensive
evaluation across five simulated and three real-world manu-
facturing scenarios, demonstrating 1.3–2× improvement of
dual-policy systems over single-policy baselines, and rapid
on-robot learning within just 1–2 hours of robot interaction—
validating the practical viability of the proposed framework
for smart industry applications where fast deployment and
minimal human supervision are essential.

II. RELATED WORK
A. Learning Multi-step Manipulation

Learning multi-step manipulation policies with RL has
been explored extensively, primarily focusing on push-pick
synergy for grasping objects in clutter. Many studies [8]–
[19] investigate “singulation”—using pushing to separate
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closely positioned objects to facilitate picking. However,
these singulation actions may be suboptimal since they are
not explicitly optimized for subsequent grasping. Moreover,
prior work predominantly focuses on box-like objects and
learns in simulation with sim-to-real transfer, whereas we
address diverse object shapes, explore multiple manipulation
synergies (pick-place, drag-pick, push-pick), and enable di-
rect on-robot learning.

Prior approaches span heuristic methods [17], plan-
ning [8], [10], [14], [20]–[22], and deep RL [13], [23]–[25].
Among RL methods, VPG [13] and [24] are most related to
ours. While VPG trains two policies on-robot, [24] extends
VPG but only performs sim-to-real transfer. Our method
differs from VPG in several key aspects: (1) We use a pre-
trained main policy for stability rather than joint training.
(2) We encode symmetries directly via equivariant architec-
tures [26] rather than indirectly through data augmentation.
(3) We use value-based rewards, i.e., the change in the main
policy state value VM (st+1) − VM (st), to explicitly train
the supporting policy to create favorable grasp scenarios,
whereas VPG uses scene-change rewards for push actions to
optimize for the largest scene changes. Unlike [24], which
learns pushing from grasp quality without considering sym-
metry, our symmetry-aware approach is crucial for achieving
superior performance and sample efficiency.

B. Symmetry-aware Policy Learning for Robot Manipulation

Exploiting domain symmetries significantly improves sam-
ple efficiency, particularly for on-robot learning where data
collection is expensive. For top-down observations, symme-
try arises because rotating or translating the scene induces
corresponding transformations in the optimal action. Similar
to how CNNs [27] encode translation invariance, equivariant
networks [26], [28] can directly encode these symmetries
into RL agents. Pioneering work by Wang et al. [29]–[33]
demonstrates the effectiveness of this approach. While prior
works only consider a single policy, we leverage symmetry-
aware agents from [29] for both policies, enabling efficient
on-robot learning within 1-2 hours across all tasks.

III. BACKGROUND

A. Augmented State Representation (ASR)

Augmented State Representation (ASR) [29] factorizes
the action space to accelerate visuomotor policy learning
in DQN-based RL. Consider a top-down pick action a =
(x, y, ψ), where (x, y) specifies the pick location in the
pixel coordinate and ψ is the rotation around the Z-axis
(see Fig. 1). Instead of learning a complex joint Q-function
Q(s, (x, y, ψ)), ASR decomposes it into two simpler func-
tions: a spatial Q-function Q1(s, (x, y)) and a rotation Q-
function Q2(s, ψ|x, y), enabling greedy selection of both lo-
cation and rotation. As illustrated in Fig. 1, given a top-down
depth image, Q1 outputs a pick map with the same spatial
dimensions as the input, where each pixel value estimates
the picking quality at that location. The optimal pick location
(x∗, y∗) corresponds to the maximum value (brightest point)
in this map. Given (x∗, y∗), ASR then evaluates Q2 using a

local patch around (x∗, y∗) to select the optimal rotation ψ∗.
For top-down grasps, the grasp height z is determined from
the depth value at (x∗, y∗) to avoid collisions. For 6-DOF
grasps, ASR extends this framework with three additional
Q-functions Q3,4,5 to select z, ϕ (rotation around X), and θ
(rotation around Y) (see [29] for more details). Among our
five experimental tasks, four use the planar structure shown
in Fig. 1 (top-down grasps only), while one (Drag-Pick)
employs the 6-DOF extension.

Fig. 1: Illustration of augmented state representation
(ASR) [29]. Q1 selects the pick point (x∗, y∗), and Q2 selects
the Z-rotation ψ∗ based on a cropped image around (x∗, y∗).

B. Leveraging Symmetries in Robot Manipulation

Robotic manipulation from visual input inherently ex-
hibits domain symmetries that can be exploited for sample-
efficient policy learning. For instance, if we rotate or translate
the scene in Fig. 1, the pick Q-map Q1(s, (x, y)) should
transform correspondingly—this is the equivariance prop-
erty of the Q-function under SE(2) transformations [32].
Incorporating such symmetry improves efficiency because
the Q-function automatically generalizes to rotated and trans-
lated configurations without requiring additional training
data. Prior work [30], [32] achieves symmetry-aware Q-
functions by first defining a discrete symmetry group to
approximate continuous SE(2) symmetry. A common choice
is the cyclic group C4 = {0◦, 90◦, 180◦, 270◦} ⊂ SE(2),
which offers a favorable trade-off between expressiveness
and computational cost. Given such a group, steerable con-
volution layers [26], [28] construct equivariant architectures
that explicitly encode these symmetries into the network
structure. While data augmentation with rotated and trans-
lated inputs can also induce symmetry awareness, it does
so only indirectly through the training distribution, resulting
in slower convergence and higher sample complexity [26],
[34]. This work leverages C4 symmetry to learn multi-step
manipulation in simulation and on real hardware via RL—
extending prior single-step demonstrations [7], [35], [36].

IV. PROPOSED METHOD

We propose learning two collaborative policies for ma-
nipulation tasks (Fig. 2): a main policy that outputs most
actions and a supporting policy that intervenes when the
main policy lacks confidence. The main policy acts whenever
it is confident in achieving the task goal. When confidence



drops below a threshold, the supporting policy is invoked to
modify the scene, restoring the main policy’s confidence. For
example, the supporting policy can drag corner-positioned
objects to open areas where the main policy can confidently
grasp them without fear of potential collisions.

A. Action and State Representations

Actions consist of motion primitives (Pick, Push, Place,
Drag) and pre-primitives (Pre-Push, Pre-Drag) that position
the arm for subsequent Push and Drag actions. Table I
defines the action sequence for each primitive. Specifically,
Pick and Place primitives move the end-effector to the target
pose, actuate the gripper (close for pick, open for place),
and return to a home position to avoid occluding a top-
down camera. Push and Drag use simplified planar motion,
moving only in XY while maintaining constant end-effector
orientation and height, then returning home. Pre-Push and
Pre-Drag move to the target pose and remain stationary.
States are top-down depth images augmented with binary
flags that enforce primitive sequencing: Pick → Place, Pre-
Drag → Drag, and Pre-Push → Push. After Pick, a flag
indicates whether an object is grasped, enabling Place only
after successful picks. For Pre-Drag, the flag is set upon
contact with an object; for Pre-Push, it is set after execution.
The flags are cleared after Place, Push, and Drag. Since
pre-primitives do not return home and occlude the camera,
we superimpose the gripper finger positions onto the pre-
vious depth image to create an occlusion-free observation
(see Fig. 3). This representation not only avoids occlusion
but also conveys the outcome of pre-primitives, informing
subsequent primitive endpoint selections (e.g., where to end
push or drag actions).

Primitive Definition of Action Sequences
Pick To desired pose → Open-Close gripper → �
Place To desired pose → Open gripper → �
Push, Drag To desired XY position → �
Pre-Push, Pre-Drag To desired pose and stay

Executed Primitive Components of Resultant State
Pick Top-down depth, Grasped an object?

Place, Push, Drag Top-down depth, 0

Pre-Drag Prev. obs. w/ super-imposed fingers
Made a contact w/ an object to drag?

Pre-Push Prev. obs. w/ super-imposed fingers, 1

TABLE I: Primitive definitions and the resultant states.

B. Learning Main Policy

We train the main policy as a DQN-based agent using
the equivariant architecture from [30] to leverage domain
symmetries for sample efficiency. The architecture employs
a 16-stride UNet [37] backbone with steerable convolution
layers [26] that encode SE(2) equivariance. The main pol-
icy’s Pick primitive is parameterized as (x, y, ψ, p) for planar
tasks, where (x, y) specifies the 2D grasp position, ψ is
the rotation angle, and p indicates the primitive type. In
these tasks, grasp height is automatically determined from

If Grasp Succeeded, 0 Otherwise

Action
Selector

Frozen Main Policy

Supporting Policy

Current State
Environment

Main Reward

Supporting Policy
Reward

Action Selector

Fig. 2: The main policy is pretrained and receives a binary
reward of 1 with a successful pick of an object of interest.
The supporting policy is trained with the main policy being
frozen, it is rewarded with the change in the main policy’s
value function and task-dependent bonus rewards.

the heightmap as the maximal z at the selected (x, y) loca-
tion to avoid collisions. For 6-DOF tasks requiring vertical
reasoning (Drag-Pick), we use the full parameterization
(x, y, z, ϕ, θ, ψ, p) with explicit height z and 3D orientation
(ϕ, θ, ψ). The main policy receives a binary reward: +1 for
successfully picking the target object, 0 otherwise. Follow-
ing [35], [38], [39], we adapt [30] to a bandit-like setting by
terminating episodes immediately after each pick attempt.

Z

Y

X

Occluded Depth Image

Non-occluded Depth Image w/
Super-imposed Fingers

Fig. 3: Simulation setup using PyBullet [40] with Kuka and
UR5 robots acting as the main and supporting policies. When
the view is obstructed by the robot’s pre-primitive actions
(e.g., Pre-Drag), we superimpose the robot’s fingers on the
previous observation to create a non-occluded observation
and to convey the outcome of the pre-primitive actions.

C. Learning Supporting Policy

The supporting policy uses the same network architecture
as the main policy but is trained to maximize the main



policy’s confidence. Primitives of the supporting policy fall
into two categories based on parameterization. Grasping
primitives (Pick, Place) use the same parameterization as the
main policy: (x, y, ψ, p) for 2D position, rotation, and prim-
itive type. Non-grasping primitives (Push, Pre-Push, Drag,
Pre-Drag) use simplified planar parameterization (x, y, p),
controlling only 2D position without rotation while main-
taining constant end-effector height during execution.

We quantify the main policy’s confidence using its state
value VM (s). Since the Q-function implicitly defines the
main policy, we use the value of the greedy policy: VM (s) =
maxaQ

M (s, a). For example, the main policy’s confidence
for the state in Fig. 1 corresponds to the maximum value (the
brightest point) in the pick Q-map. Given this confidence
measure, we define a dense reward function rSt (st, at, st+1)
for training the supporting policy:

rSt (st, at, st+1) = rvalue(st, st+1) + rbonus(st, st+1) (1)

rvalue(st, st+1) = VM (st+1)− VM (st) (2)
rbonus(st, st+1) = β 1{success(st, st+1)} (3)

The value-based component rvalue rewards actions that in-
crease the main policy’s confidence by transitioning to
higher-value states. The bonus component rbonus provides
task-dependent rewards for successful primitive execution,
such as grasping an object (for subsequent placement) or
making contact with an object (for subsequent dragging).
Task-specific reward details are provided in Table II.

Finally, supporting policy episodes span at least two prim-
itives (e.g., Pre-Drag → Drag), with termination occurring
after the second primitive completes. Episodes may extend
beyond two steps if the pre-primitive fails (e.g., Pre-Drag
fails to contact any object), allowing retry attempts.

Domain β Success Condition

Block-Pick 0.05 Pick success
Block-Push 0.05 Pick success
Drawer-Pick — —
Targeted-Pick — —
Drag-Pick 0.05 Contact with object

TABLE II: Bonus reward parameters (rbonus = β when
success condition met). — indicates value-based reward only.

D. Action Selection

We employ a simple threshold-based action selector to
determine policy control. The main policy acts whenever
its confidence (state value) exceeds a threshold σ ∈ (0, 1).
When confidence drops below σ, the supporting policy
takes control and continues acting until the main policy’s
confidence recovers above σ. We select σ ∈ {0.5, 0.6, 0.7}
for each task by analyzing the pre-trained main policy’s value
distribution during rollouts. Our threshold-based selection is
simpler than the Q-value comparison approach used in [13]
and [24], which selects whichever policy has higher state
value at each step. That strategy can trigger redundant sup-
porting actions—for example, executing an unnecessary push

Domain σ Main Policy Supporting Policy

Block-Pick 0.5 Pick (JP) Pick (JP)→Place (JP)
Block-Push 0.5 Pick (JP) Pre-Push (JP)→Push (JP)
Drawer-Pick 0.5 Pick (S) Pre-Push (JP)→Push (JP)
Targeted-Pick 0.7 Pick (JP) Pre-Push (JP)→Push (JP)
Drag-Pick 0.6 Pick (JP) Pre-Drag (S)→Drag (S)

TABLE III: Task-specific threshold σ to select actions and
primitives with gripper types (JP: jaw-parallel, S: suction).

simply because the pushing policy’s value exceeds the pick-
ing policy’s value, even when picking could succeed directly.
We use a fixed threshold rather than learning it for three
reasons: (1) Simplicity and interpretability—the threshold
has clear semantics as the minimum confidence for reliable
task completion. (2) Training stability—a fixed threshold
avoids the meta-learning problem of simultaneously learning
the supporting policy and when to invoke it. (3) Avoiding
degenerate solutions—learning the threshold could lead to
always preferring one policy. The fixed threshold, calibrated
from the converged main policy’s value distribution, provides
a stable signal throughout supporting policy training.

V. LEARNING IN SIMULATION

We conduct simulation experiments using PyBullet [40]
across five tabletop multi-step manipulation domains
(see Fig. 4) built upon the BulletArm [41] suite. Depending
on the task, we employ parallel-jaw (JP) and suction (S)
grippers for different primitives (see Table III). All domains
use top-down planar actions except Drag-Pick, which
features 6-DOF actions.
Block-Pick: The main policy must pick a block that can
lie outside its reachable workspace (black region in Fig. 4a)
50% of the time. When the block falls in the green region,
the supporting policy must pick and relocate it to the black
region where the main policy can grasp it. The main policy
uses Pick actions; the supporting policy uses Pick and Place.
Block-Push: Similar to Block-Pick, but the block when
in the green region must be pushed toward the black region.
The supporting policy uses Pre-Push and Push actions.
Drawer-Pick: The agent must open a drawer to pick an
object inside. The drawer is initially closed 50% of the time.
The supporting policy uses Pre-Push and Push to open closed
drawers, while the main policy uses Pick actions.
Targeted-Pick: A target block (red) must be picked. During
initialization, it is buried among distractor objects (randomly
selected from 86 objects in GraspNet-1B [42]) 50% of
the time. This scenario simulates order-based picking in
fulfillment systems, where a specific item must be retrieved
regardless of surrounding clutter. The supporting policy uses
Pre-Push and Push to separate the target from distractors,
enabling reliable picking by the main policy’s Pick actions.
Drag-Pick: All objects (also from GraspNet-1B) must be
picked. While most objects can be directly grasped, four
red blocks positioned at corners require dragging to avoid
collisions first. This scenario simulates a common industrial
challenge in bin clearing, where corner-trapped items are
difficult to grasp and often necessitate costly human inter-



(a) Block-Pick (b) Block-Push (c) Drawer-Pick (d) Targeted-Pick (e) Drag-Pick

Fig. 4: Robot manipulation domains for experiments in simulation. Domains in red are also used real-robot experiments.
The poses of all objects are randomized when starting each episode. In Drag-Pick, the four red blocks are initialized at
the four corners. All domains use top-down actions, except for Drag-Pick, which features 6-DoF actions.

Domain Main Policy Supporting Policy

Block-Pick xyψ: 1282 × 16 xy: 1282

Block-Push xyψ: 1282 × 16 xy: 1282

Drawer-Pick xyψ: 1282 × 16 xy: 1282

Targeted-Pick xyψ: 1282 × 16 xy: 1282

Drag-Pick xyzϕθψ: 1282 × 36× 163 xy: 1282

TABLE IV: Action space discretization for main and sup-
porting policies across all tasks.

vention to fully empty the bin. The main policy uses Pick
actions; the supporting one uses Pre-Drag and Drag.
Action Discretization: Action spaces are discretized as
shown in Table IV. For planar domains, the main policy
operates over a 128 × 128 pixel heightmap with 16 equal
rotation bins spanning [0, π]. For 6-DOF Drag-Pick,
we additionally discretize height into 36 equal bins over
[0.02m, 0.20m] and use three rotation axes, each with 16 bins
over [0, π]. The supporting policy’s non-grasping primitives
(Push, Pre-Push, Drag, Pre-Drag) use only planar control
(128× 128 pixels) without rotation discretization.

A. Setup

We use two robot embodiments in simulation: a Kuka
with a parallel-jaw gripper representing the main policy,
and a UR5 with a suction gripper representing the sup-
porting policy (see Fig. 3). Both robots are co-located in
the same workspace with inter-robot collision detection dis-
abled. This dual-robot setup enables seamless exploration of
primitives with fundamentally different manipulation modes
(e.g., parallel-jaw grasping vs. suction-based manipulation)
without requiring complex hybrid gripper designs or intricate
control mechanisms needed for a single-robot embodiment.

B. Baselines

We compare our proposed M-S-Equi agent against several
baselines in Table V. Methods using both main and support-
ing policies are shown in red. M-Equi and M-Norm-Aug
are pre-trained main policies only (5k steps, sufficient for
convergence for all tasks), serving as initialization for M-
S-Equi and M-S-Norm-Aug, respectively. M-Norm-Aug re-
places equivariant networks with standard CNNs and 8× data
augmentation (4 rotations at 90° intervals and 2 flips); M-S-
Norm-Aug follows a similar approach to [24]. For ablation,
M-S-Equi-Scene substitutes our value-based reward with

Method Sequential Data Aug ∆ Scene Reward
M-S-Equi (Ours) ✓
M-S-Norm-Aug ✓ ✓
M-S-Equi-Scene ✓ ✓
VPG-Equi∗ ✓

M-Equi —
M-Norm-Aug — ✓ —

TABLE V: Baseline comparison. Methods in red use both
main and supporting policies. Sequential: supporting policy
trained after main policy is pre-trained. M-Equi and M-
Norm-Aug are the pre-trained main policies for M-S-Equi
and M-S-Norm-Aug, respectively. Data Aug: uses 8× data
augmentation. ∆ Scene Reward: uses scene-change reward
(otherwise uses value-based reward). — indicates feature not
applicable. ∗VPG-Equi trains both policies in parallel and is
given 2x more training time for a fair comparison.

scene-change reward (0.5 if
∑

(st+1 − st) exceeds a thresh-
old). VPG-Equi is an equivariant adaptation of VPG [13]
that trains both policies in parallel using scene-change re-
wards and selects actions by comparing Q-values across
primitives (e.g., push vs. pick), unlike our simpler threshold-
based selection. Sequential training methods (M-S-*) first
pre-train the main policy, then train the supporting policy
using the frozen main policy’s value function. Since VPG-
Equi trains in parallel while our methods train sequentially,
we allocate it with twice the training samples for fair compar-
ison. We did not explore parallel training for M-S-Equi, as
preliminary experiments showed poor performance—likely
because our value-based reward requires a well-trained main
policy value function to provide meaningful learning signals.

C. Results

We evaluate the declutter rate ( #grasped objects
#total objects ) of all agents

in Fig. 5, averaged over five random seeds. Since VPG-
Equi trains both policies in parallel with twice the training
samples, we report the performance of its final check-
point as a single point. Several key observations emerge
from the results. First, two-policy agents (M-S-Norm-Aug
and M-S-Equi) achieve 1.3-2× better performance than
their single-policy counterparts (M-Norm-Aug and M-Equi),
demonstrating the effectiveness of policy collaboration. Note
that two-policy methods start at high performance due to
the pre-trained main policy (5k steps). Second, comparing
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Fig. 5: Declutter rate ( #grasped objects
#total objects ) averaged over five seeds. Shaded areas show standard deviation. Block-Pick and

Block-Push share the same main policy. VPG-Equi (horizontal line) trains both policies in parallel with 2× samples;
only final performance shown.

symmetry-aware and augmentation-based approaches reveals
that M-S-Norm-Aug matches M-S-Equi only in simple do-
mains (Block-Pick and Block-Push), while M-S-Equi
significantly outperforms in complex tasks, highlighting the
superiority of encoding geometric priors over data augmenta-
tion. Third, joint performance correlates strongly with main
policy quality, which is expected since the main policy
executes most actions. Our method (M-S-Equi) consistently
outperforms both VPG-Equi [13] and M-S-Norm-Aug [24]
across all domains. Finally, the ablation study shows that
scene-change reward (M-S-Equi-Scene) yields inferior per-
formance compared to our value-based reward function,
validating our reward design.

Main's Confidence Level = 1.066 Main's Confidence Level = 0.02
Supporting Evoked & Decides Object to Drag

Supporting Made Contact & Decides End of DragSupporting Dragged
Main's Confidence Level 0.934

Main Chooses to Pick Again

a
b

cd

Fig. 6: The main and supporting collaborate in Drag-Pick.
The supporting policy acts to drag a block at the bottom right
corner out so that the main policy can pick successfully.

We illustrate the collaboration between the main and
supporting policies in Drag-Pick in Fig. 6. For objects
away from the four corners, the main policy exhibits high
confidence (up to 1.066 in Fig. 6a) to execute successful
picks. However, when only corner-positioned objects remain
(Fig. 6b), the confidence drops dramatically to 0.02—a
result of repeated failed pick attempts during training that
taught the policy to have low confidence. At this point, the
supporting policy is invoked and selects the block at the
bottom-right corner for dragging, as indicated by the peak
Q-value in its Q-map (Fig. 6b). After establishing contact
with the block, the policy determines the drag endpoint.
Interestingly, the Q-map in Fig. 6c reveals that the chosen

endpoint is the bottom-left corner rather than an open area
as one might expect. This counterintuitive strategy emerges
because empty regions lack salient visual features for the
agent to attend to. Instead, the policy targets the feature-rich
corner, exploiting the physics of the drag motion: the block
bounces off the container wall and settles in an open area.
This emergent behavior proves effective—after the drag, the
block relocates to a position where the main policy can grasp
it with high confidence (0.934 at the peak Q-value in Fig. 6d).

VI. LEARNING DIRECTLY ON HARDWARE

For hardware experiments, we perform learning
on hardware for Block-Pick, Block-Push, and
Targeted-Pick, mimicking the same tasks in simulation.

A. Workspace Setup

Hardware Setup. As shown in Fig. 7, our system com-
prises a UR5e robot with a Robotiq 2F-140 gripper and a
top-mounted Zivid 2+ M130 camera that captures RGB-D
images and point clouds. To generate depth observations,
we transform the point cloud to world coordinates, filter
points outside a cubic working space of 0.4m×0.4m×0.2m,
and orthogonally project the filtered points onto the table
surface to create a 128 × 128 depth image. Gripper state
(open/closed) is queried via the RTDE driver for UR robots.
For Block-Push and Targeted-Pick, after executing a
Pre-Push action, we superimpose the gripper fingers onto the
depth image using the end-effector pose and gripper opening
ratio obtained from the RTDE driver.
Object Configurations. Block-Pick and Block-Push
use a single block in the workspace. For Targeted-Pick,
we maintain separate training and testing object sets, each
containing 12 objects (see Fig. 9). Both sets include the same
green plastic block (similar to the red block in Fig. 4d) as
the target object that must be grasped for task completion.

B. Autonomous Reset and Success Determination

Autonomous Reset Mechanism. On-robot learning re-
quires autonomous episode resets to minimize human in-
tervention for continuous learning. In Block-Pick and
Block-Push, we compute the block’s centroid from the
depth image, autonomously grasp it, and place it at a random
location to initialize the next episode. In Targeted-Pick,
any held object is placed randomly. However, training



Fig. 7: Hardware setup for robot experiments.

the supporting policy in Targeted-Pick requires occa-
sional manual resets to create challenging configurations
where the target object is buried or surrounded by dis-
tractors—scenarios where the main policy’s low confidence
necessitates supporting actions.
Success Determination. Task completion is detected through
gripper status queries in Block-Pick and Block-Push.
For Targeted-Pick, we verify that the correct target
(green block) is grasped using a color-based filter applied
to RGB images captured from a side-mounted camera that
constantly look at the gripper at the home position.

C. Results
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Fig. 8: Hardware results using four random seeds. Shaded
areas are standard deviations around the mean. The main
policy is shared between Block-Pick and Block-Push.

As shown in Fig. 8, the supporting policy converges
rapidly across all domains, requiring only 200-300 en-
vironment steps (45 minutes to 1.3 hours of on-robot
training), demonstrating the sample efficiency enabled by
our symmetry-aware approach. Both Block-Pick and
Block-Push share the same pre-trained main policy, which
achieves only 50% success when blocks are positioned inside
the inner black square region shown in Fig. 7, motivating the
need for supporting actions.
Block-Pick. The joint performance reaches nearly 100%,
demonstrating effective policy coordination. When the block
falls inside the black square region, the supporting policy
picks it up and relocates it outside this region where the main
policy can grasp it reliably. Through training, the supporting
policy discovers preferred placement locations—typically at
workspace corners—where the main policy exhibits high
confidence, and consistently commits to these locations.

Fig. 9: Training/testing objects in Targeted-Pick.

Block-Push. The supporting policy exhibits different emer-
gent behaviors between simulation and hardware. In simula-
tion, the policy learns a conventional side-pushing strategy,
directly pushing the block from its edges. On hardware,
however, the policy adapts to a more cautious contact-based
approach: resting one or both fingers on the block before
executing a push. This strategy ensures reliable contact
but occasionally triggers robot safety mechanisms due to
collision detection, limiting joint performance to 80%. This
issue is absent in simulation, where the same policy can
achieve higher without safety-related interruptions.
Targeted-Pick. The joint success rate improves to 80%
compared to the main policy’s 60%, evaluated on the object
sets shown in Fig. 9. The supporting policy exhibits diverse
emergent behaviors: it performs long pushes to separate
tightly clustered objects, and more frequently executes gentle
pushes on the target block or nearby objects to improve
target visibility and orientation. The primary failure mode
occurs when pushes are sometimes too forceful, inadvertently
ejecting the targeted object from the workspace. This issue is
minimized in simulation, where objects are contained within
bin-like enclosures that naturally prevent most ejections.
However, applying this approach in real robot experiments
would require additional collision checks, which we opted
to avoid in our current implementation.

VII. CONCLUSIONS AND FUTURE WORK

We present a sample-efficient framework for learning
multi-step manipulation in challenging industrial grasping
scenarios. Our dual-policy architecture demonstrates that
complex tasks involving occluded and corner-trapped ob-
jects can be effectively automated without manual reward
engineering or task-specific heuristics. The integration of C4

equivariant networks enables rapid on-robot learning within
1-2 hours, representing a practical step toward deployable
smart manufacturing systems. The framework’s modular
design also naturally supports extensibility: new primitives
or additional supporting policies can be incorporated without
retraining the main policy.

Despite these strengths, several limitations suggest direc-
tions for future work. Our method requires a well-trained
main policy to provide reliable value-based rewards for the
supporting policy. Another limitation is that while symmetry
incorporation significantly improves efficiency, real-world
tasks may exhibit only partial symmetries. However, encour-
agingly, recent work [33], [43], [44] demonstrates that equiv-
ariant models still outperform non-equivariant alternatives.
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