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Fig. 1: CCGE is a general exploration method, which utilizes contact coverage over the target object to guide dexterous hands towards
under-explored object regions. CCGE achieves strong performance with training efficiency in diverse manipulation tasks.

Abstract—Deep Reinforcement learning (DRL) has achieved
remarkable success in domains with well-defined reward struc-
tures, such as Atari games and locomotion. In contrast, dexterous
manipulation lacks general-purpose reward formulations and
typically depends on task-specific, handcrafted priors to guide
hand-object interactions. We propose Contact Coverage-Guided
Exploration (CCGE), a general exploration method designed
for general-purpose dexterous manipulation tasks. CCGE rep-
resents contact state as the intersection between object surface
points and predefined hand keypoints, encouraging dexterous
hands to discover diverse and novel contact patterns, namely
which fingers contact which object regions. It maintains a
contact counter conditioned on discretized object states ob-
tained via learned hash codes, capturing how frequently each
finger interacts with different object regions. This counter is
leveraged in two complementary ways: (1) to assign a count-
based contact coverage reward that promotes exploration of
novel contact patterns, and (2) an energy-based reaching reward
that guides the agent toward under-explored contact regions.
We evaluate CCGE on a diverse set of dexterous manipulation
tasks, including cluttered object singulation, constrained object
retrieval, in-hand reorientation, and bimanual manipulation.
Experimental results show that CCGE substantially improves

training efficiency and success rates over existing exploration
methods, and that the contact patterns learned with CCGE
transfer robustly to real-world robotic systems. Project page is
https://contact-coverage-guided-exploration.github.io.

I. INTRODUCTION

Deep Reinforcement Learning (DRL) has proven effective
for complex robotic control by autonomously discovering con-
trol policies through large-scale interaction and exploration.
Its success is most evident in domains where a simple and
reusable learning signal is available. For example, Atari games
provide the game score as a direct reward [4], and robot
locomotion commonly relies on broadly applicable dense
objectives such as velocity tracking [23, 37] or reference kine-
matics imitation [30, 17]. These default reward formulations
have enabled rapid algorithmic progress, scalable training in
simulation, and transfer to real-world systems.

In contrast, dexterous manipulation lacks a canonical, plug-
and-play reward. Existing DRL approaches in dexterous ma-
nipulation rely heavily on task-specific reward shaping derived
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from task priors, which often fail to generalize across tasks.
For instance, in-hand reorientation rewards progress toward
a target pose, typically augmented with proximity or contact-
based shaping to stabilize finger—object interaction [1, 52, 33].
Cluttered object singulation frequently uses stage-structured
rewards to encourage approach, separation, and lifting [2,
49, 11]. For functional grasping, tool manipulation tasks,
and bimanual manipulation, rewards are frequently engineered
around task-specific state variables in addition to reaching and
grasping terms [35, 26, 31, 8, 9, 46, 16, 10, 24, 48]. While
effective in specific settings, these methods rely on strong
task- or embodiment-specific assumptions about how the hand
should interact with the object. As a result, their applicability
is often limited to particular tasks and does not naturally gen-
eralize across diverse dexterous manipulation scenarios.This
motivates a fundamental question: can we define a universal
default reward that supports learning across a wide range of
dexterous manipulation tasks?

A general-purpose reward for dexterous manipulation must
guide agents toward interaction strategies that are broadly
useful across tasks. This makes contact exploration a fun-
damental prerequisite: in the absence of task-specific priors,
an agent must first develop a rich repertoire of hand—object
interactions. Prior works in DRL with general exploration
rewards are often called intrinsic rewards, and they largely
fall into two categories. State novelty method encourages
visiting less-explored states [42, 43, 22, 6, 3, 45, 44], while
dynamics novelty method rewards high prediction error in
learned forward prediction models [41, 28, 29]. However,
encouraging exploration towards the less-visited state space
does not explicitly account for physical contact—the defining
characteristic of dexterous manipulation [12, 55]. As a result,
directly applying these methods often leads to task-irrelevant
behaviors, such as pushing objects away or moving the hand
freely in space without meaningful interaction.

Several works explicitly incorporate contact into explo-
ration. Some reward novelty in hand-object distance [39],
but this formulation does not incentivize contact itself, as
moving around an object without touching it can still yield
high novelty. Other works use haptics-based curiosity [34, 18],
using prediction error of contact forces to promote interaction
in gripper-based manipulation. However, contact forces in dex-
terous manipulation are often highly non-smooth, exhibiting
force spikes and velocity discontinuities, which makes force
prediction an unstable and unreliable exploration signal [20].
Effective exploration for dexterous manipulation therefore
requires explicitly reasoning about hand—object contact events.

We propose Contact Coverage-Guided Exploration (CCGE),
a contact-centric exploration framework that explicitly models
and incentivizes hand-object interaction on novel contact
patterns, namely which fingers contact which object regions.
CCGE abstracts objects into surface regions and tracks con-
tact coverage between fingers and object regions throughout
training (Figure 1). To address the sparsity of contact, CCGE
combines two complementary signals: a post-contact count-
based reward that encourages novel finger-region contacts,

and a pre-contact energy-based reaching reward that guides the
hand toward regions likely to yield new interactions. Together,
these signals ensure exploration is both contact-focused and
continuously guided.

Moreover, the utility of a contact pattern depends strongly
on the task phase and object configuration. A single global
contact counter would induce cross-state interference, sup-
pressing exploration in one configuration due to progress made
in another. To enable state-aware exploration, CCGE condi-
tions its contact counters on both the current and goal object
states. The high-dimensional state space is discretized using
learned hash codes, and an independent counter is maintained
for each cluster. This design allows the agent to rediscover
and reuse effective contact strategies across different task
configurations without interference. We evaluate CCGE on
a diverse suite of dexterous manipulation tasks, including
cluttered object singulation, constrained object retrieval, in-
hand reorientation, and bimanual manipulation. Across all
tasks, CCGE consistently achieves higher success rates and
faster convergence than existing exploration methods, and the
learned policies exhibit robust contact behaviors that transfer
effectively to real-world systems.

In summary, this work makes two key contributions.
First, we introduce CCGE, a contact coverage-guided explo-
ration reward that explicitly models and encourages diverse
hand—object contact patterns across task regions. Second,
through extensive quantitative and qualitative experiments both
in simulation and the real world, we demonstrate that CCGE
significantly improves training efficiency and final success
rates across a wide range of dexterous manipulation tasks.
More broadly, CCGE serves as a principled reward explo-
ration for general-purpose dexterous manipulation, providing a
general and task-agnostic exploration signal without reliance
on handcrafted heuristics or task-specific priors. By guiding
robots to systematically discover diverse and meaningful con-
tact patterns, CCGE enables efficient learning of interaction
strategies that underpin a wide range of manipulation tasks.
Our implementation and code will be made publicly available.

II. RELATED WORK

A. Intrinsic Rewards in DRL for Dexterous Manipulation

Intrinsic rewards for exploration aim to improve learning
efficiency by encouraging novelty in the agent’s experience.
Such methods typically fall into two categories: state novelty
and dynamics novelty. State novelty approaches assign higher
intrinsic rewards to rarely visited states [42, 43, 22, 6, 3,
45, 44]. In dexterous manipulation, the effectiveness of state
novelty depends critically on how contact is represented.
A natural choice is to use contact forces as input; how-
ever, force spikes and discontinuities [20] make force-based
representations noisy and unstable, often leading to erratic
exploratory behavior. Alternatively, novelty can be defined
using hand—object distance [39], but this formulation does not
directly incentivize physical interaction, as high novelty can
be achieved without making contact.
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Fig. 2: Overview of CCGE. CCGE proposes a contact coverage-guided exploration method that explicitly models hand—object
interactions, consisting of three key components: a learned state hashing module that discretizes continuous object states into
compact state clusters, a contact coverage counter that records state-conditioned finger—region interactions, and a structured
exploration reward. The exploration reward is further decomposed into a contact coverage reward, which encourages exploration
of under-explored contact regions after contact occurs, and a pre-contact energy-based reaching reward, which guides the policy
toward unexplored object regions, facilitating efficient contact discovery before physical interaction occurs. The current object
state and the goal state are visualized as colored point clouds, with colors indicating different object surface regions.

In contrast, we define contact state as the intersection
between object surface points and predefined hand keypoints.
Compared to prior formulations based on force or distance,
this representation explicitly reflects physical contact for better
exploration. Compared to force- or distance-based formula-
tions, our representation explicitly captures physical contact
events and provides a more reliable, interaction-centric signal
for exploration in dexterous manipulation.

Another line of work focuses on dynamics novelty, which
encourages exploration by rewarding transitions that are diffi-
cult to predict under a learned dynamics model [41, 28, 29].
In robotic manipulation, HaC [34] predicts continuous contact
forces and uses prediction error as an intrinsic reward to
promote contact-rich behavior in parallel grippers. However,
in dexterous manipulation settings, contact forces are often
highly non-smooth, exhibiting force spikes and velocity dis-
continuities upon contact [20]. These characteristics make
force prediction unreliable and can induce task-irrelevant or
unstable interactions. To improve robustness, Huang et al.
[18] proposes a simplified contact representation based on
a gentleness metric that encourages low-force interactions
during manipulation. While effective in simple scenarios such
as gently touching an object, such coarse, hand-level metrics
lack the spatial resolution to support the diverse and complex
contact strategies required in general dexterous manipulation.

B. Task Priors in RL for Dexterous Manipulation

Beyond exploration strategies, prior work often introduces
explicit task priors to improve training efficiency in dexter-
ous manipulation. These approaches can be broadly catego-
rized into reaching guidance and prior knowledge injection.

Reaching guidance typically uses dense shaping rewards to
encourage the hand to move toward the object [54, 49, 11].
While effective for grasping-oriented tasks, such guidance is
often insufficient for more complex dexterous manipulation
that requires rich and diverse hand—object interactions. Other
approaches incorporate prior knowledge by explicitly encoding
assumptions about how the hand should interact with the ob-
ject. Examples include high-quality initialization [27, 13, 21],
manually engineered robot-centric rewards [31, 8, 9, 2, 46,
24, 49], grasp generation modules [48, 50], learning from
human videos [16], and expert demonstrations [35, 10, 26, 19].
Although effective in specific settings, these methods rely on
strong task- or embodiment-specific priors, which limits their
generalization across tasks and provides limited support for
structured exploration that can autonomously exploit contact
for dexterous manipulation.

III. THE CONTACT COVERAGE COUNTER DESIGN
A. Problem Formulation

We formulate dexterous manipulation as a Markov De-
cision Process (MDP), defined by the tuple M
{8, A, R, T, po,7}, where the state space S includes robot
proprioception and object state information, and the action
space A is the continuous low-level control commands for
the dexterous hand. The reward function R consists of a
task-specific reward that encourages task completion and an
exploration reward designed by this work to promote effec-
tive discovery of contact strategies. We use Proximal Policy
Optimization (PPO) [38] to solve this MDP for all tasks.

We introduce the contact coverage counter through three



steps. We first describe how the object and the dexterous
hand are represented by surface regions and robot hand fingers
respectively to characterize contact interactions. Based on the
object surface regions and hand fingers, we then formally
define the contact coverage counter, which records contact
occurrences at the level of finger—region pairs conditioned on
object states, and describe how the contact coverage counter
is updated. And finally, we describe how we divide the task
space into different clusters to avoid cross-state interference.

B. Object and Hand Representations

To represent contact interactions in a hand-object manip-
ulation, we first construct a discrete representation of the
object surface regions and the hand fingers. Specifically, we
uniformly sample M points {(P.., n,,)}2_, from the object
surface, where each point is associated with its position p,,
and surface normal n,,. These points are then clustered into
K surface regions based on their spatial locations and normal
directions, denoted as k = £(m).

For the hand, we represent the
hand as F' fingers, where each
finger is abstract using a set of
predefined surface keypoints and
corresponding normal {(p;,n;)}
on its finger links. As illustrated
in Figure 3, these keypoints are
attached to each finger link and
located on their palmar surfaces.
We select these specific hand key-
points because it has been ex-
tensively demonstrated in prior
literature [47] that a sparse set
of fingertip keypoints is sufficient
to represent contact information
across a wide range of tasks.

Fig. 3: Hand Keypoint
Representation. We rep-
resent the dexterous hand
fingers using a sparse set
of keypoints (visualized
as red spheres).

C. Object State Cluster via Learned Hashing

In dexterous manipulation, the same contact pattern may
be expected to be reused across various spatial locations
and time steps. If we only maintain a global counter, the
previously explored patterns may have already been counted.
This prevents the agent from seeking the same pattern under
different spatiotemporal configurations. Thus, in this work, we
use different counters in different object state, and want to use
some clustering algorithm to discover different object states
automatically during the training process.

To characterize the task-relevant configuration of the object,
we define the object state s = [s, 2] as the point-cloud-
based representation consisting of the object’s current and goal
configurations. Specifically, we represent the object using a
fixed set of M synthetic points pre-sampled on a canonical
object surface. The current state s and goal state s are
then formed by transforming this point cloud according to the
object’s current and target poses, respectively. Then, we want
to cluster the continuous and high-dimensional object states
of the whole task space into different clusters {s;}:_,, where

S is the total number of clusters, and assign an independent
contact counter to each cluster. During training, each detected
contact event increments only the counter corresponding to its
specific state cluster. This spatiotemporal decoupling of coun-
ters ensures their mutual independence, effectively alleviating
the exploration cross-state interference problem.

To this end, we follow Tang et al. [45] and employ an
autoencoder structure to compress and discretize the state
space into a finite set of clusters. The encoder maps s°® to a
D-dimensional latent code b € (0,1)”, which is regularized
toward binary values during training. The autoencoder is
trained using the following equation:

. P
£=[£0) =3+ 5 > min{(-0)% 87}, @)
i=1

where f(-) denotes the decoder, b; is the i-th latent dimension
of the latent code, and A is a hyperparameter. This first term
is a standard autoencoder reconstruction loss, and the second
term drives each dimension away from 0.5 to be closer to
either 0 or 1. We then binarize b via thresholding at 0.5 and
project it to a compact [-bit hash using SimHash [7] with a
fixed random projection matrix. The resulting hash is a discrete
state index s € {0,...,2% — 1}, enabling tractable tracking
of contact coverage across semantically similar object states
while preserving computational efficiency.

The autoencoder is trained end-to-end alongside the PPO
update. Whenever a contact event occurs, we first compute
the object state’s hash code to identify its cluster index s, then
update the corresponding contact counter Cg ¢, as specified
in Section III-D.

D. Contact Coverage Counter

We aim to record the interactions between fingers and the
object surface regions, encouraging the robot to explore novel
contact patterns defined by unique pairings of specific fingers
and unexplored surface regions. To achieve this, we maintain
a contact coverage counter C € R¥*F*K Each entry Cs s,
records the number of contact occurrences between finger f
and surface region k under state cluster s. Contact is detected
at the finger level: if any keypoint on finger f contacts the
object, the entire finger is considered in contact. This merged
counter design empirically outperforms maintaining separate
counters per keypoint.

During training, contact detection operates at the level of
hand keypoints and object surface points. For each finger f,
we identify the closest interacting pair:

(lf,my) = argmin||p; — pm||2, (2)
lefinger f
meEobject
where [y is the finger keypoint nearest to the object and m
is its closest object surface point. To avoid false positives
from transient geometric proximity in simulation, finger-level
contact is registered only when both geometric proximity and
sufficient physical interaction are satisfied:

) = 1{[[pt, ol < da] T[IF, l2 > dronc] 3)



where F;, is the contact force measured at keypoint Iy, and
Odist> Oforce are small thresholds. Point my is mapped to its
surface region k = £(m). The procedure including Equation 2
and Equation 3, which computes I*"**'(f), k¢, and py,,
is referred to as CONTACTMATCH in Algorithm 1. When
[eontact( f) = 1, the counter Cs s is incremented by one. This
discrete approximation avoids expensive fine-grained collision
detection while remaining robust to simulation noise. Counters
persist throughout RL training and are never reset.

IV. CONTACT COVERAGE-GUIDED EXPLORATION

Contact events are inherently sparse during manipulation:
rewarding only novel contacts provides no guidance for motion
in free space, while rewarding generic state novelty encour-
ages manipulation-irrelevant behaviors (e.g., arbitrary hand
motions unconnected to the object). To address this, CCGE
decomposes exploration into two complementary signals de-
rived from the same contact coverage statistics. The post-
contact signal provides a sparse, interaction-focused reward
that rewards only contact-relevant exploration. The pre-contact
signal provides dense, continuous guidance by shaping motion
toward spatial regions likely to yield novel contacts. Together,
they deliver structured exploration during the training process.
An overview of our pipeline is illustrated in Figure 2.

A. Contact Coverage Reward

To ensure exploration remains focused on interaction-
relevant events, we provide exploration rewards only upon
physical contact. At timestep t, for each finger f that contacts
the object (I$°™*'(f) = 1), we map the contacted point to its
surface region k£ under the current state cluster s, and assign
a count-based reward:

F
1
Rcontact(t) = f E Hiomam(f) 'g(cs,f,k)7 (4)
f=1

where g(c) = 1/4/c+ 1 is a monotonically decreasing func-
tion. This reward explicitly incentivizes novel finger-region
interactions while ignoring manipulation-irrelevant state vari-
ations in free space.

B. Energy-Based Reaching Reward

While the contact coverage reward directly encourages
exploration after contact occurs, relying solely on post-contact
rewards can be sample-inefficient since there is no guidance
before the contact is made, thus the robot can only rely on
random noise to discover novel contacts. To provide guidance
in a pre-contact form, we design an energy-based reaching
reward that encourages the policy to move toward under-
explored contact regions before physical contact is established.

For each finger f, we define a contact energy function that
measures how close the finger is to object surface regions that
have low contact coverage of the current object state cluster:

p — Pm
;= g(Curem) exp —Hlf5||2>v (5)

m

where 0 controls the spatial decay. Intuitively, this energy term
measures the distance between the selected finger keypoint ¢
and all points on the object surface, with a contact-count-based
weight assigned for each hand-object contact to increase the
weight for contacts with fewer counts.

The overall energy-based reaching reward is obtained by
averaging over all fingers:

F
1
Renergy(t) = f Z (bf- 6)
f=1

C. Prevent Premature Convergence

Although the abovementioned two rewards can guide the
robot to make novel contacts, in DRL, during the training
process, the agent may get stuck in a previously explored path,
continuing go further on that path and never trying other ways
besides it. This is well-known as the detachment [14, 56] and
short-sighted [6] behaviors. To mitigate this phenomenon, in
this work, we revise the above two rewards to make them only
reward those steps that achieve higher rewards than previous
steps in an episode. Specifically, the contact reward becomes:

sz)?llgil(t) = a[Reontact(t) — Reontact) + (7

where o is a scaling coefficient, R¢i%. denotes the episodic
cumulative maximum value and [z]; = max(x,0) denotes
the positive part operator.. Similarly, we change the reaching

energy-based reaching reward to:
Rinery (t) = BlRencrgy (1) — Renerey |+ (3)

where (3 is a scaling coefficient and R 5% denotes an episodic
cumulative maximal value. This formulation rewards only
forward progress toward novel contact regions, suppresses
oscillatory behavior around previously explored areas.
Together, these two components enable efficient exploration
across both pre-contact and post-contact phases of dexterous

manipulation. The algorithm is summarized in Algorithm 1.

V. EXPERIMENTS

In this section, we evaluate CCGE on a diverse set of
dexterous manipulation tasks both in simulation and real-world
environments to answer the following key questions:

e Q1 Does CCGE improve task performance and sample
efficiency compared to existing intrinsic motivation meth-
ods across diverse kinds of manipulation tasks?

e Q2 Does CCGE outperform RL methods that rely on task
prior knowledge?

¢ Q3 How does the proposed object state cluster alleviate
the exploration saturation? What object state clusters does
CCGE learn during the training process?

e Q4 How do the two individual reward components pro-
posed in CCGE contribute to the overall performance?

e Q5 Can the contact patterns learned by CCGE in simu-
lation be transferred to real-world robotic manipulation?

e Q6 Can CCGE be applied to different dexterous robot
hands and different hand keypoint selection mechanisms?
(See Supp.)
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where baselines fail.

Algorithm 1 Contact Coverage-Guided Exploration (CCGE)

Require: Surface regions {py}X_,, encoder E, decoder f,
policy , value V; g(c) = \/cl-Tl’ decay 9, scales «, f3,
task reward R.

1: Initialize per-cluster counters C, € R¥*K « 0 for all
discovered clusters s.

2: while not converged do

3 for each interaction step ¢ do

4 s < SimHash(I[E([s2, s2°"]) > 0.5]).

5: for each finger f =1,..., F do

6:

7

8

9

(Ieomet (), kg, pr, ) 4 CONTACTMATCH(f).
if 1o £) = 1 then
Cst»ﬁkf A Cst7f,k7f + 1.

: end if
10: (I)f - ng(cs,f,kf) exp(i lef 7pmH2/5)
11: end for
12: Reontact < % Zf ]Ifoma“(f) g(Cst’f)kf)
13: Renergy < + 25 5

14: R(t) + Rux(t) + R (t)
15:  end for

16:  Update 7, V with PPO using R(t); update f via Eq. (1).
17: end while

+ Reery (1)-

A. Experimental Setup

For Q1, we conduct extensive experiments on four simu-
lated dexterous manipulation tasks designed to cover a wide
range of contact-rich manipulation scenarios, including:
o Cluttered Object Singulation: The robot needs to extract
a single book from a densely packed row on a bookshelf.

¢ Constrained Object Retrieval: The robot must retrieve
a cube from a top-opening box by sliding it along the
interior walls. This constraint stems from the narrow
clearance between the cube and the box opening, which
restricts feasible manipulation motions.

« In-Hand Reorientation: The robotic hand is tasked with
rotating an object to a specified target orientation, with
objects chosen from ContactDB [5] dataset.

« Bimanual Manipulation: Two robotic hands must coor-
dinately flip open the hinged lid of a waffle iron, or open
a box from ARCTIC [15] dataset.

We use a UFactory xArm robotic arm integrated with a
16-DOF LEAP Hand [40] for all experiments except for
Q6. The task settings are visualized in Figure 1, and more
task details can be found in Supp. For the PPO policy, the
observation space comprises robot proprioceptive information,
object states, goal states, and binary contact signals for each
link of the dexterous hand. The action space consists of delta
end-effector poses for the robotic arm and delta joint angles
for the dexterous hand, except for In-Hand Reorientation (see
Supp. for details), with all joints operating under position
control. The simulation experiments are performed in Isaac
Gym [25], which provides GPU-accelerated, large-scale par-
allel simulation for reinforcement learning. We use MLP to
implement the PPO actor and critic, and the autoencoder for
the state clustering.

B. Comparison with Intrinsic Exploration Baselines

To answer Q1, we compare the learning efficiency and
final performance of CCGE against four baseline methods that
incorporate intrinsic exploration rewards, evaluated across four
challenging dexterous manipulation tasks mentioned above.
These methods include:

o TR (Task Reward): Reinforcement learning with only
task reward, without any exploration guidance.

e LHCC (Learned-Hash-Codes Count): A count-based
exploration method that encourages visitation of novel
states using learned hash codes [45, 53]

o HaC (Haptics Curiosity): An intrinsic reward based
on prediction error over haptic signals [34], encouraging
exploration through unexpected dynamics feedback.

« RND-Dist (Random Network Distillation with Hand-
Object Distance): A curiosity-based exploration reward
used in general RL that applies random network distilla-
tion using hand-object distance as the curiosity state [39].

All methods use identical policy architectures, observation
spaces, and training budgets to ensure a fair comparison.
Performance is evaluated using task success rates and learning
curves as a function of environment steps.

Table I reports final success rates and sample efficiency
measured by the number of environment steps required to
reach a 70% success rate. If a method does not reach 70%,



we use the maximum training steps for that task (e.g., 8.0
for Constrained Object Retrieval). Figure 4 presents learning
curves across 4 challenging dexterous manipulation tasks.

Across all tasks, CCGE consistently outperforms all base-
line methods in both learning efficiency and final task per-
formance, significantly improving average success rates.
Notably, in the Constrained Object Retrieval task, CCGE is
the only method that achieves successful task completion,
attaining an average success rate of 88%, whereas all baseline
methods fail to achieve any successful outcomes. This result
highlights CCGE’s ability to drive meaningful exploration in
tasks with strong contact constraints.

Moreover, CCGE explicitly promotes exploration of diverse
and under-explored object—finger contact patterns, resulting
in more structured and task-relevant exploration. As a result,
CCGE exhibits the lowest variance across random seeds
among all compared methods, as reported in Table I, indi-
cating more stable and reliable learning behavior.

In terms of sample efficiency, Figure 4 shows that CCGE
achieves substantially faster learning speed. In Cluttered
Singulation and In-hand Reorientation, CCGE (the blue line)
reaches over 80% success within approximately 3M ~ 9M
environment steps , whereas baseline methods require signif-
icantly more interaction or plateau at lower performance. As
presented in Table I, CCGE requires the fewest environment
steps to reach 70% success across all tasks, reducing sam-
ple complexity by up to 2-3x compared to intrinsic-reward
baselines such as LHCC, HaC, and RND-Dist.

C. Comparison with Task-Specific Prior Knowledge

To answer Q2, we evaluate whether CCGE reduces reliance
on task-specific priors that are commonly used to facilitate
exploration in dexterous manipulation. We focus on the Object
Retrieval task and compare CCGE against two baselines: Task
Reward (TR) and TR-PrePose (augment TR with a carefully
designed pre-contact hand initialization).

Table II shows the results. Without any prior, TR completely
fails to solve the task, resulting in 0% success. Introducing
a carefully designed pre-contact hand initialization in TR-
PrePose enables partial task completion, yielding an average
success rate of 33%. In contrast, CCGE achieves a substan-
tially higher success rate of 88% without relying on any task-
specific initialization.

(a) Default Initialization (b) Pre-Contact Initialization ~ (c) Pre-Contact Initialization

(A Zoomed-in Side View)
Fig. 5: Visualization of default initialization and pre-
contact initialization in Constrained Object Retrieval.

Beyond final performance, CCGE also demonstrates signif-

icantly improved learning efficiency. CCGE reaches the 30%
success threshold in 2.0 x 32M environment steps, which
is nearly 3x faster than TR-PrePose. These results show
that CCGE not only outperforms methods that depend on
strong hand-engineered task-specific priors, but also learns
more efficiently and consistently. Overall, this indicates that
CCGE can effectively replace manually designed priors that
are typically required for constrained manipulation tasks. By
autonomously discovering effective contact patterns, CCGE
enables reliable learning from canonical initial states.

D. Object State Clustering Ablation
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Fig. 6: Push Box Task. (a) The box is initialized at either end
of the wall. (b) The actuated ball pushes the box to the goal
(right initialization is used as an example). (c) Visualization
of two learned object state clusters (state ID O and 1).

To answer Q3, we investigate whether conditioning explo-
ration on object state is necessary for CCGE and whether
it mitigates exploration saturation. To isolate this effect, we
design a simple yet diagnostic task, termed Box Push.

In the Box Push task, a simplified point-mass agent
is required to push a box—initialized at either end of a
wall—toward a central goal location (Figure 6). Successful
task execution requires state-dependent contact strategies: the
agent must push from the left when the box is initialized on the
left side, and from the right when the box is initialized on the
right. This task provides a controlled setting in which to ex-
amine whether exploration mechanisms can adapt to different
object configurations. We use two methods for experiments:

« Single-State: A global contact coverage counter that does

not distinguish between different object states.

¢ CCGE (Ours): A contact coverage counter conditioned

on learned object state clusters.

As shown in Table III, the Single-State achieves a lower
success rate and typically converges to a policy that solves
the task from only one initial configuration. We attribute
this behavior to cross-state counter interference. For example,
under the left initialization, the task reward encourages the
ball to preferentially explore pushing the box from the right
surface, quickly accumulating contact counts in that region.
Once the task reward is no longer obtainable, the policy
becomes less inclined to explore the right surface due to
the high count values. However, for the right initialization,
pushing from the right is a natural and effective solution. This



TABLE I: Quantitative Results on Four Dexterous Manipulation Tasks.

| Success Rate (%) 1

‘ Steps (x32M) Needed to Achieve 70% Success Rate|

Method
‘ Singulation  Retrieval InHand  Bimanual ‘ Avg. ‘ Singulation  Retrieval ~ InHand Bimanual
TR T7+33 0+0 79+9 92+5 62412 2.442.3 8.0+0.0 3.441.3 2.34+2.0
LHCC T7+17 0+0 81+7 90+7 62+8 5.4+1.6 8.0+0.0 3.1+1.2 3.5+1.8
HaC 68+28 0+0 8048 85+14 58+13 6.0+1.3 8.0+0.0 3.241.2 4.5+3.4
RND-Dist 91+7 0+0 78+11 89+11 65+7 3.0£1.7 8.0+0.0 2.941.2 4.143.7
CCGE (Ours) \ 94+1 8846 88+s5 9543 \ 91+4 \ 1.6+08 2.6+2.7 1.8+0.9 1.7+11

TABLE II: Comparison with Task-Specific Prior.

Setting Success Rate (%) 1 Steps (x32M) at 30% SR|
TR O+o 8.0+0.0
TR-PrePose 33+40 5.643.0
CCGE (Ours) 8816 2.0+2.0

TABLE III: Ablation of Object-State Conditioning.

Variant Success Rate (%) 1
Single-State 18 + 11
CCGE (Ours) 100 L+ o

mismatch leads to suppressed exploration in a configuration
where the same contact pattern is actually beneficial, resulting
in cross-state counter interference.

In contrast, CCGE achieves high success across both
initializations. By maintaining independent contact coverage
counters for each learned object state cluster, CCGE enables
state-specific exploration and prevents premature saturation of
the exploration signal. Figure 6¢ visualizes the learned ob-
ject state clusters, showing that the hash-based representation
partitions the state space into meaningful and task-relevant
configurations automatically.

E. Ablation Studies

To answer Q4, we conduct ablation studies to analyze the
contribution of individual components in CCGE. We focus on
two aspects: (i) the design of the exploration reward, and (ii)
the configuration of the learned object state representation. All
ablation experiments use the same training setup as in the main
results. Ablations related to the object state representation are
put to Supp.

Here, we consider ablations that isolate the roles of the post-
contact and pre-contact exploration signals:

o CCGE-Energy: removing the post-contact contact cov-
erage reward while retaining the energy-based reaching
reward Repergy-

o CCGE-Contact: removing the pre-contact energy-based
reaching reward while retaining the contact coverage
reward Rcontact-

Table IV reports the results on Cluttered Object Singulation
task. While both partial variants outperform the task-reward-
only baseline, neither matches the success rate of the complete
method. The full CCGE achieves consistently strong results
across two tasks, indicating that both exploration components
are essential to the overall performance.

TABLE IV: Reward Ablation Studies

Method Success Rate (%) 1
TR 71
CCGE-Contact 89
CCGE-Energy 91
CCGE (Ours) 9

(a) In-Hand Reorientation (b) Cluttered Object Singulation

Fig. 7: Real-World Experiment Setup.

F. Real-World Experiments

To answer QS, we validate sim-to-real transfer on a platform
comprising a uFactory xArm and a 16-DoF LEAP Hand [40],
with two RealSense D435 cameras for sensing (Fig. 7). We
focus on two representative real-world dexterous manipulation
tasks: In-Hand Manipulation, which evaluates the policy’s
ability to perform precise, contact-rich object reconfiguration
within the hand, and Cluttered Singulation, which tests robust
exploration and interaction under multi-object interference.
These tasks are selected to stress complementary aspects of
CCGE, including fine-grained contact control and structured
exploration in complex environments. We distill the privileged-
state teacher into a student policy that operates on raw point
clouds and proprioception. Detailed metrics and qualitative
results are provided in the Supplementary.

VI. LIMITATIONS AND CONCLUSION

Despite its effectiveness, CCGE has several limitations that
point to promising directions for future work. One important
direction is to incorporate additional sensing modalities, such
as force—torque or tactile sensing, to further enrich the explo-
ration signal. In addition, while CCGE demonstrates promis-
ing transfer to real-world systems, most evaluations in this
work are conducted in simulation. Accelerating reinforcement



learning directly on real-world robotic systems remains an
important avenue for future investigation. In this work, we
introduce Contact Coverage-Guided Exploration (CCGE),
a general exploration reward that explicitly incentivizes struc-
tured hand—object interactions for dexterous manipulation. By
modeling contact coverage between fingers and object regions
and combining sparse post-contact rewards with dense pre-
contact guidance, CCGE enables efficient, task-agnostic ex-
ploration across diverse manipulation tasks without relying on
handcrafted shaping. Extensive experimental results demon-
strate that CCGE consistently improves learning efficiency and
robustness, positioning it as a principled default reward for
general-purpose dexterous manipulation.
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A. Implementation Details

1) Object and Hand Representations: We represent the ma-
nipulated object by a canonical surface point cloud {p,, }M_,
with associated outward normals {n,, }}/_,. To obtain discrete
surface regions used by our contact coverage counter, we
cluster the canonical points into K regions using farthest-point
sampling (FPS) initialization followed by K-means clustering.
Point-to-center assignment uses a weighted combination of
positional distance and normal disagreement:

d(m, k) = (1= A) [P — pgll2 + A(1 = n5),
where p;, and nj are the position and mean normal of region
k, and X corresponds to the normal weight. This yields a region
label £(m) € {1,..., K} for each surface point.

2) Contact Coverage Counter: Because Isaac Gym does
not provide rigid-body pairwise contact queries at keypoint
granularity, we approximate keypoint contact using a dis-
tance—force criterion. For keypoint ¢, we compute the distance
7 to the nearest object surface point and the net contact force
magnitude |F¢||2. A contact is registered if r; < dgisx and
IF ¢ll2 > force, Where dgise = 0.5 cm and dgoree = 0.01N. This
binary signal updates the per-keypoint coverage counters over
surface regions &(m).

3) Energy-Based Reaching Reward: To encourage phys-
ically feasible approach directions, we weight each object
surface point m by a directional term computed from the
surface normal n,,, the keypoint position p;,, and the keypoint
normal direction n;,. Let v, ,, = pi, — pm denote the line
from surface point m to keypoint [;. We first suppress back-
facing points using

.
. v n

obj obj Lym_ ™

Lo = Leos(O77,)] l|vlf,m||||nm1

and further prefer palm-facing configurations via

dﬁnm
1z [FHlnm ]l ]

where [-]; = min(max(-,0),1). The final directional weight
is the product w?“ o= m ;(eygi”m Our energy-based
reaching reward for keypomt fo is then computed by summing
energy over surface points, modulated by this directional

weight and an exponential distance kernel:

Piy —Pm
®r =2 9(Capetm) wifm exp <—HH‘5H2> ’

keypoint __ [
l fm

— cos(@ﬁ?fim)]Jr = [_

m

with J the kernel scale.

Additionally, we account for line-of-sight occlusions be-
tween keypoints [y and object point m. Let wOJfC € {0,1}
be a binary visibility mask that equals 1 only if the segment
along v; sm =Pl; —Pm is not blocked by any obstacle. In the
implementation, w;’fccm is computed via a ray—box intersection
test against an oriented bounding box: we cast a ray from
pi, toward py, (treating the surface point as the endpoint at
t = 1) and set wy%,, = 0 if any valid intersection occurs
for t € (0,1); otherwise wy’,, = 1. We apply this by
multiplicatively masking the distance kernel, yielding

Pi; — Pm
Py = ZQ(Cs,f,g(m)) w?}rm wg’;cm exp (_HZJ"(SH2> )

m

This occlusion handling is necessary in cluttered object sin-
gulation and constrained object retrieval tasks, where nearby
geometry should not contribute to the energy-based reaching
reward if it is not directly reachable along the approach line.

B. Simulation Experiments Details

All simulation experiments are conducted with 2048 par-
allel environments using Isaac Gym [25]. Policy updates are
performed every 16 environment steps. For each task, results
are reported as the mean and standard deviation over 5
random seeds.

1) Cluttered Object Singulation: In this task, the robot is
required to extract a single target object from a densely packed
shelf. Each scene consists of 5 upright objects of the same
size arranged in a single row. At the beginning of simulation
creation, the position of the entire book grid is randomized
along the edge of the shelf, and the target object is randomly



TABLE V: Ablation of CCGE Reward Scale on Constrained
Object Retrieval.

TABLE VII: Qualitative Results of using Allegro Hand.

Success Rate (%) T | Steps (x32M) at 70% SR|

Method ‘

Setting Success Rate (%) T Steps (x32M) at 70% SR|
a =50.0,8=0.32 17+35 7.0+2.0
a =100.0,8 = 0.64 52+42 5.2+2.5
a = 400.0, 8 = 2.56 89-+4 2.8+1.6
a = 800.0,8 = 5.12 45456 5.2+2.4
a = 200.0, 3 = 1.28 (Ours) 8846 2.0+2.0

TABLE VI: Ablation of Learning Parameter for State
Clustering on Constrained Object Retrieval.

| Singulation Retrieval | Singulation Retrieval
TR 87+5 0+o0 3.2+04 8.0+0.0
LHCC 72418 0+o0 3.84+0.4 8.0+0.0
HaC 8+16 0+o0 4.040.0 8.0+0.0
RND-Dist 55445 0+o0 3.4+0.8 8.0+0.0
CCGE (Ours) | 93-+4 894 | 2.2x10 3.8+1.0

TABLE VIII: Sensitivity Analysis of Hand Keypoint Selec-

tion on Constrained Object Retrieval.

Setting Success Rate (%) 1 Steps (x32M) at 70% SR
H=4,X=05 90+2 2.8+1.5
H=4,X=1.0 85+6 3.2+42.2
H=4,X=20 52443 4.243.1
H=5X=05 73436 3.0+2.6
H=5X=20 72436 3.0+2.6
H=6,\=0.5 64+35 4.6+2.2
H=6,\=1.0 71+36 4.0+£2.4
H=6,\=2.0 91+4 2.8+1.3
H =5\ =1.0 (Ours) 88+6 2.0+2.0

selected among all the books. All non-target books remain
fixed, while only the target book is movable. The observation
space includes hand root poses and velocities; fingertip poses
and velocities; target object positions and velocities; non-target
object positions; relative hand—object poses; binary tactile
signals at each hand link; and the previous action. The action
space consists of delta end-effector poses for the robotic
arm and delta joint angles for the dexterous hand, with all
joints operating under position control. The task is considered
successful when the target book sufficiently reaches the goal
position.

2) Constrained Object Retrieval: In this task, the robot
must retrieve a cube from a top-opening box by sliding it
along the interior walls. The cube is lower than the top rim of
the box, and the initial gap between the cube and the box is
insufficient for inserting the LEAP Hand fingers, making direct
grasping infeasible. As a result, successful retrieval requires
contact-rich, constrained motions guided by interactions with
the box interior. The observation, action spaces and control
mode are identical to those used in Cluttered Object Sin-
gulation. The task is considered successful when the cube
sufficiently reaches the goal position.

3) In-Hand Reorientation: In this task, the robotic hand is
required to rotate an object to a specified target orientation.
The task is evaluated under two settings: up-facing and down-
facing. In the up-facing setting, objects includes the elephant,
mug, bunny, duck, mouse, and teapot from ContactDB [5]
dataset, as well as the letter R and letter S. In the down-
facing setting, we use the elephant, mug, bunny, duck, mouse,
and teapot, together with a slender cuboid (16 cm x 3 cm X
3 cm). To enable stable learning in the down-facing setting,
we rescale the 6 ContactDB objects and assign each object
a fixed initial pose and hand joint configuration, such that
the object is initially grasped. For all episodes, the object

Setting Success Rate (%) T Steps (x32M) at 70% SR
Low-Level Noise 87+3 4.4+1.2
High-Level Noise 86+3 2.2+0.4
Predefined Keypoints (Ours) 88+6 2.0+2.0

initial pose (except for down-facing) and the goal orientation
are randomly sampled. The observation includes hand joint
positions, velocities, and forces; object poses and velocities;
goal orientation and distance; and the previous action. The
action space consists of absolute joint angles for the dexterous
hand, with all joints operating under position control. The task
is considered successful when the object sufficiently reaches
the goal orientation.

The results of the default upfacing setting are shown in
Table I, and the results of the down-facing setting are shown
in Table X.

4) Bimanual Manipulation: In this task, two robotic hands
must coordinately manipulate articulated objects, including
flipping open the hinged lid of a waffle iron or opening a box
from the ARCTIC [15] dataset. Successful execution requires
synchronized bimanual control to stabilize the object while
actuating its articulated parts. The observation includes hand
root poses and velocities for both hands; hand joint positions
and velocities; object and articulated-part poses and velocities;
relative hand—object and hand—hand poses; fingertip poses and
velocities; binary tactile signals; and the previous action. The
action space consists of delta end-effector poses for both arms
and delta joint angles for both hands, with all joints operating
under position control. The task is considered successful when
the articulated joint sufficiently reaches the goal position.

C. Real-World Experiments Details

To answer QS5, we evaluate the policies on a real-world
Cluttered Object Singulation task. Since the teacher policy
is trained in simulation with privileged state information, we
distill it into a vision-based student policy that conditions on
proprioceptive inputs and fused point clouds.

For real-world deployment, we reconstruct point clouds
from two RGB-D cameras to mitigate occlusions. For each
camera c, depth pixels are back-projected into a camera-frame
point cloud using the camera intrinsics, then transformed into
the robot base frame using calibrated extrinsics. Points from
all views are subsequently concatenated. We then apply a
fixed axis-aligned workspace crop and remove invalid depth



TABLE IX: In-Hand Reorientation (Up-Facing) Experiments.

Method ‘

Success Rate (%) 1T

Steps (x32M) at 70% SR}

| Elephant ~ Mug ~ Bunny Duck Mouse Teapot Letter R Letter S | Avg. | Elephant Mug Bunny Duck Mouse Teapot ~ Letter R Letter S |  Avg.
TR 8045 82:+2 80+4 9441 T3+8 68+9 T3+4 79+2 79+9 3.8+0.8  3.0+0.6 3.2+1.0 1L0+00 4.4+0.8 4.6+05 4.8+2.8 3.0+0.0 | 3.4+1.3
LHCC 84+3 80+7 78+2 9442 8243 T2+4 79+3 83+2 81+7 2.6+1.0 3.4+10 3.6+0.5 1.2+0.4 3.4+0.5 4.4+02 5.1+29 24+05 | 3.1+1.2
HaC 80+5 81+3 T9+2 93+2  T7+11 T2+4 TT+8 83+2 80+8 3.2+0.8  3.2+0.4 3.44+05 1.6+0.8 3.840.8 4.6+0.5 4.9+2.6 2.0+0.0 3.2+1.2
RND-Dist 85+6 76+11  T8+10 9245  T2+14 Tl+9 T7+10 78+13 78+11 1.2+04  3.0+0.6 3.0+0.6 1.2+0.4 4.2+0.8 4.2+0.4 5.1+28 2.240.8 | 2.9+1.2
CCGE (Ours) | 931 89+1 88+3 96+1 83+3 81+2 8843 85+2 | 88+s5 | 1.0+00 10400 1.6+038 10400 3.2+04 2.4+05 2.0-£0.7 2.0+07 | 1.8+09

TABLE X: In-Hand Reorientation (Down-Facing) Experiments.

Method | Success Rate (%) 1 | Steps (x32M) at 70% SR|

| Elephant ~ Mug  Bunny Duck Mouse Teapot Cube (16x3x3) | Avg. | Elephant Mug Bunny Duck Mouse Teapot ~ Cube (16x3x3) |  Avg.
TR 80+4 90+8  T1+3 6147 8045 9241 58+10 76+14 | 3.2+1.0 3.6+24 6.8+1.5 8.0+0.0 3.6+1.7  1.0+00 7.6+0.8 4.8+2.8
LHCC 75+6 88+8  Tl+3 54+3 80+7 9242 63+6 75+14 | 5.4+25 4.2+20 6.0+£1.7 8.0+0.0 3.2+26 1.2+0.4 8.0+0.0 5.1+2.9
HaC T5+4 92+1  70+6  52+7  83+3 89+2 61+7 75+14 | 52+15  3.2+04 6.2+2.2 8.0+0.0 22+08 1.8+0.4 8.0+0.0 4.9+2.6
RND-Dist T6+8 93+2  67+4 6244 8243 91+2 5948 76+14 | 4.6+1.9 3.2+04 8.0+0.0 8.0+0.0 24+08 1.4+0.5 8.0+0.0 5.1+2.8
CCGE (Ours) \ 95+1 94+4 7949 65+2 T6+10  98+0 76+4 \ 83+9 \ 2.2+08 2.8+12 5.0+2.2 6.4+16  3.44+2.0  1.0+0.0 4.8+18 \ 37424
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(a) Low-Level Noise (b) High-Level Noise

Fig. 8: Two Levels of Perturbation on Hand Keypoints.

(a) Top-View Point Clouds

(b) Side-View Point Clouds

Fig. 9: Visualization of point clouds in simulation (blue) and
real world (real).

points. Finally, the fused point cloud is downsampled to a fixed
size using farthest point sampling (FPS) without replacement.
A comparison between the reconstructed point clouds in
simulation and in the real world is shown in Fig. 9.

To provide target awareness, we apply SAM2 [36] on the
RGB streams to obtain per-view target masks. Each point
is augmented with a binary mask indicator and represented
as a 4D vector (x,y,z,m), where m € {0,1} indicates
whether the point belongs to the target. The masked point
cloud is processed by a PointNet encoder [32] to extract a
permutation-invariant feature, which is concatenated with the
proprioceptive observations and fed into the student policy.
The student policy takes a two-step observation history as
input. The complete observation space is summarized in
Table XI. The action space is identical to the teacher policy,
consisting of relative commands for a 6-DoF end-effector and
16 hand joints.

We use the teacher policies as oracles to provide supervision
for student training. We roll out the teacher policy to collect
1,000 successful trajectories with randomly sampled target

Top-Down View

Side View

Fig. 10: Real-world Policy Execution. We show a temporal
sequence (left to right) of the policy executing the shelf object
singulation task.

objects. The student policy is then trained via behavior cloning
to predict the teacher’s actions from proprioceptive inputs
and point cloud observations, using an L1 loss between the
predicted actions and the teacher actions. The real-world
execution of the distilled student policy is shown in Fig. 10.

TABLE XI: Observation space for student policies.

Name Dimension
Point Cloud 2 %1024 x 4
Proprioceptive
Arm Joint Position 2xT7
Hand Joint Position 2 x 16

For the in-hand reorientation task, we evaluate sim-to-real
consistency via open-loop trajectory replay. Specifically, we
execute in the real world the action sequences generated by
the privileged teacher policy in simulation, with the initial
object pose and hand configuration aligned to their simulated
counterparts. As shown in Fig. 11, real-world rollouts exhibit
object pose changes consistent with simulation, suggesting that
the manipulation behaviors learned by CCGE in simulation
can transfer to the real world.

D. Additional Experiment Results

1) Reward Scale Ablation Studies: We study the effect of
the CCGE reward scale on the Constrained Object Retrieval
task by varying the contact coverage reward scale a in
Equation 7 and the energy-based reaching reward scale 3 in
Equation 8, as reported in Table V. The results show that an



Fig. 11: Real-World Trajectory Replay. Simulated action se-
quences achieve consistent 90° z-axis rotations when replayed
in the real world.

appropriate reward scale is crucial for both final performance
and learning efficiency. Small reward scales lead to insufficient
exploration and low success rates, while excessively large
scales degrade performance and introduce training instability.
Our chosen setting (o« = 200.0, 5 = 1.28) achieves a high
final success rate while converging fastest to the 70% success
threshold, demonstrating a favorable balance between explo-
ration strength and training stability. Under this setting, the
per-step exploration reward remains approximately 2 orders of
magnitude smaller than the task reward, which we empirically
find to be the most effective scale. We observe a consistent
trend when tuning other exploration baselines. Therefore, in
Table I of the main paper, we apply the same reward scale
across all methods to ensure a fair comparison.

2) Learning Parameter Ablation Studies for Object State
Clustering: We analyze the impact of the learning parameters
in the object state clustering module by varying the binary
regularization weight A and the hash length H, which jointly
determine the discretization behavior of the learned state
representation. As shown in Equation 1, the regularization term
controlled by A encourages each binary code element b; to
approach either O or 1, while the hash length H defines the
total number of object state clusters, i.e., s € {0,...,20 —1}.
Specifically, H defines an upper bound on the number of state
clusters, while X implicitly controls the number of clusters that
are effectively utilized by encouraging binarization [45].

As shown in Table VI, we observe that the original upper
bound (H = 5, corresponding to 2° clusters) is relatively
generous for most of the tasks including Constrained Object
Retrieval. Reducing the upper bound to H = 4 still yields
strong performance, and further decreasing A (e.g., H = 4,
A = 0.5) improves both success rate and sample efficiency by
allowing a larger number of effective state clusters to be used.
In contrast, increasing A overly constrains the representation,
causing diverse object states to collapse into fewer clusters
and leading to degraded performance. A similar trade-off
is observed when increasing the cluster upper bound. For
larger H, a stronger regularization is required to prevent over-
clustering of the state space. For example, when H = 6,
increasing A to 2.0 effectively limits the number of active
clusters and restores performance. These results highlight
the importance of jointly tuning H and A\ to balance state
discrimination and sample efficiency.

3) Cross-Embodiment Experiments: To answer Q6, we
conduct cross-embodiment experiments using the Allegro
Hand on the Cluttered Object Singulation and Constrained

TABLE XII: Bimanual Manipulation Experiemnts.

‘ Success Rate (%) 1 ‘ Steps (x32M) at 70% SR

Method

‘ Waffle Iron Box ‘ Avg. ‘ Waffle Iron Box ‘ Avg.
TR 8815 95+4 9215 3.4+2.3 1.2+0.4 | 2.3+2.0
LHCC 86+6 95+3 90+7 3.8+1.2 3.2+2.2 | 3.5+1.8
HaC 83+12 87+12 | 85+14 7.6+1.6 1.4+0.8 | 4.5+3.4
RND-Dist 80+10 97+1 | 89+11 7.242.8 1.0+00 | 4.143.7
CCGE (Ours) | 93+3 97+2 | 9543 | 24x12 1000 | L7+11

(a) Camera (b) Drill (c) Mug

(d) Grasping Setup

Fig. 12: Objects and Setup in the Grasping Task.

Object Retrieval tasks. All other settings, including observation
and action spaces, training procedures, and hyperparameters,
remain identical to those used with the LEAP Hand.

As shown in Table VII, CCGE consistently improves per-
formance over all baselines on both tasks when transferring to
the Allegro Hand. Notably, CCGE achieves substantial gains
in success rate for object retrieval, where several baselines fail
to solve the task under the same training budget. Meanwhile,
CCGE also reduces the number of interaction steps required
to reach the success threshold, indicating improved learning
efficiency across embodiments. These results suggest that the
contact exploration encouraged by CCGE remains effective
under changes in different hands, supporting its robustness in
cross-embodiment dexterous manipulation.

4) Sensitivity Analysis of Keypoint Selection: Our current
hand keypoints are predefined on the palmar face of each
hand link. To evaluate the robustness of CCGE to keypoint
selection, we perturb the predefined keypoints and recompute
new keypoints by projecting each perturbed point onto the
nearest point on the corresponding link surface. We consider
two levels of perturbation shown in Figure 8. For low-level
noise, noises are sampled from a spherical shell of radius
[0, 1.0] cm, resulting into keypoints largely remain on the
palmar face. For high-level noise, the shell radius is expanded
to [1.0, 2.0] cm, which may cause the resulting keypoints to
shift to the side face of the link. Performance under these
settings is reported in Table VIII.

As shown in Table VIII, CCGE maintains stable perfor-
mance under both low- and high-level perturbations, with
only minor variations in success rate and learning efficiency.
Notably, even when keypoints shift away from the palmar
face, the performance degradation remains limited. These
results indicate that CCGE does not rely on precise keypoint
placement, but instead benefits from the overall structure of
contact coverage, demonstrating robustness to moderate spatial
variations in keypoint definition.



TABLE XIII: Grasping Experiemnts.

Success Rate (%) 1 ‘ Steps (x32M) at 60% SR|

Method ‘

‘ Camera  Mug Drill ‘ Avg. ‘ Camera Mug Drill ‘ Avg.
TR Tl+7  76+2 57433 | 68+21 | 8.3£2.0 2.0£0.7 6.3+2.3 | 5.0+3.2
LHCC T1+s  Thx2  T0+2 7244 | 7.0+£1.6 3.0+1.2 6.3+0.5 | 5.2+2.2
HaC Tl+2  54+2 6548 | 63+16 | 6.0+0.8 6.8+3.4  9.0+0.8 | 7.2+2.6
RND-Dist 49434  75+2 4349 | 58+24 | 8.0+1.4 3.3+0.4 10.0+0.0 | 6.7+3.0

CCGE (Ours) | 75+4 7742 84x2 | 79+s | 58+38  15x09  23z08 | 3.2+30

5) In-Hand Reorientation: Table I shows the average re-
sults on the up-facing setting over different objects introduced
in Section B. The detailed results of each object are shown
in Table IX. Table X reports additional results on the down-
facing in-hand reorientation setting. Compared with extrinsic
exploration baselines, CCGE consistently achieves higher suc-
cess rates across most object categories, while also reaching
the 70% success threshold with fewer interaction steps on
average. Notably, CCGE maintains strong performance on
geometrically complex objects such as the elephant and teapot,
and also shows clear advantages on the slender cube, indi-
cating its effectiveness in handling contact-rich reorientation
that requires maintaining stable contacts against gravity. These
results further demonstrate the robustness of CCGE in chal-
lenging in-hand manipulation scenarios where stable contact
exploration is critical.

6) Bimanual Manipulation: Table 1 shows the average
results over 2 different objects introduced in Section B. The
detailed results of each object are shown in Table XII.

As shown in Table XII, CCGE achieves the most notable
improvement on the geometrically more complex waffle iron,
where coordinated bimanual interaction and structured contact
exploration are more critical for successful manipulation. In
contrast, on the simpler box object, CCGE maintains perfor-
mance comparable to or better than existing baselines. These
results suggest that CCGE is particularly beneficial in contact-
rich and geometrically challenging bimanual scenarios.

7) Grasping: Grasping is a fundamental dexterous manipu-
lation task in which excessive exploration can be detrimental to
task performance. We additionally evaluate CCGE on a grasp-
ing task using the rescaled camera, mug, and drill objects from
the OaklInk [51] dataset. For all episodes, the object initial pose
is randomly sampled. The observation space, action space,
and control mode follow the same design as the preceding
manipulation tasks. The task is considered successful when
the object reaches the specified goal position.

As shown in Table XIII, several exploration-based baselines
exhibit degraded performance compared to the task-reward-
only (TR) baseline, suggesting that overly aggressive explo-
ration may interfere with stable grasp acquisition. In particular,
RND-Dist encourages novelty in hand—object distance even
in free space, which guides the policy toward exploring non-
contact behaviors and conflicts with the prolonged, surface-
enveloping finger contact required for stable grasping. In
contrast, CCGE consistently improves both success rate and
sample efficiency across all objects, demonstrating its ability
to encourage structured contact exploration without disrupting

TABLE XIV: Real-world shelf object singulation results.
We report the success rates across 30 trials.

Method Singulation Success T  Task Success (Grasp) 1
TR Baseline 36.7% 3.3%
Ours (CCGE) 76.7 % 33.3%

task execution.

8) Real-World Experimental Results: We deploy the vision
student policy on a real-world shelf object singulation task
consisting of two phases: object singulation followed by
grasping and transporting the object to a target position. For
each policy, we conduct 30 trials. A singulation is considered
successful if the object pose becomes pre-grasp feasible and
at least half of the object is exposed. Final task success
is defined as transporting the object to the specified target
position. As summarized in Table XIV, the policy learned with
CCGE exhibits more reliable behavior than the student policy
trained with the Task Reward (TR) baseline, achieving higher
singulation and grasp success rates.
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