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Abstract—Reinforcement learning has achieved remarkable
success in domains such as Atari games, navigation, and loco-
motion, where exploration can often be guided by novelty over
states or dynamics. In contrast, dexterous manipulation requires
rich physical hand–object interactions, but existing methods often
suffer from unstable contact-based novelty signals, inefficient
distance novelty signals, or reliance on task-specific priors. We
propose ContactExplorer, a general exploration method for dex-
terous manipulation tasks. ContactExplorer represents contact
as the intersection between object surface points and 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 obtained 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 ContactExplorer on a diverse set of
dexterous manipulation tasks. Experimental results show that
ContactExplorer substantially improves sample efficiency and
success rates over existing exploration methods, and that the
contact patterns learned with ContactExplorer transfer robustly
to the real world.

I. INTRODUCTION

Exploration has long been a central challenge in Rein-
forcement Learning (RL), particularly in tasks where exter-
nal rewards are sparse or difficult to design. A prominent
line of research addresses this challenge through intrinsic
motivation, which provides auxiliary rewards for behaviors
that are novel, informative, or uncertain [36, 37, 19]. These
approaches have led to substantial progress in domains such
as Atari games [35, 2, 4, 11, 49], navigation [25, 38, 26], and
locomotion [39], where exploration can often be guided by
novelty over state or dynamics.

However, dexterous manipulation presents a fundamen-
tally different exploration challenge. Unlike locomotion tasks,
which primarily focus on controlling the robot’s own body mo-
tion, manipulation requires rich physical interactions with ex-
ternal objects. Prior exploration methods for manipulation have
attempted to define novelty using hand–object distance [33],
which is an indirect proxy for interaction. More directly, con-
tact captures physical hand–object interaction, and HaC [29]
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Fig. 1: CONTACTEXPLORER is an exploration method for general-
purpose dexterous manipulation, which utilizes contact coverage over
the target object to guide dexterous hand fingers towards under-
explored object regions. ContactExplorer achieves strong perfor-
mance with training efficiency in diverse manipulation tasks.

therefore uses contact-force prediction error to compute nov-
elty for manipulation with parallel grippers. Yet in dexterous
manipulation, sparse and highly discontinuous contacts make
force-based novelty signals noisy and unstable [17]. From the
task perspective, many dexterous manipulation methods reduce
this exploration challenge by introducing task-specific priors,
including carefully designed initializations [45, 10], motion
priors [8, 22], or task-specific heuristics [20] that guide the
hand toward favorable interaction behaviors. While effective
in specific settings, these methods typically rely on substantial
human knowledge and lack generality across tasks and objects.

To this end, we propose ContactExplorer, a contact-centric
exploration framework that explicitly models and incentivizes
hand–object interaction on novel contact patterns, namely
which fingers contact which object regions. ContactExplorer
abstracts objects into surface regions and tracks contact cover-
age between fingers and object regions. To address the sparsity
of contact, ContactExplorer combines two complementary sig-
nals: 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 to yield new
interactions. Together, these signals make exploration both
contact-focused and consistently guided throughout learning.
Moreover, to make the exploration of contact pattern depends
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on the task phase and object configuration, ContactExplorer
conditions its contact counters on both the current and goal
object states. We evaluate ContactExplorer on a diverse suite
of dexterous manipulation tasks, including Cluttered Object
Singulation, Constrained Object Retrieval, In-Hand Reorienta-
tion, Bimanual Object Opening, Bimanual Board Lifting, and
Tiled Object Retrieval. Across all tasks, ContactExplorer con-
sistently achieves higher success rates and faster convergence
than existing exploration methods, and exhibits robust contact
behaviors that transfer effectively to real-world systems.

In summary, this work makes two key contributions. First,
we introduce ContactExplorer, a contact coverage-guided ex-
ploration 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 Contac-
tExplorer significantly improves training efficiency and final
success rates across a wide range of dexterous manipulation
tasks. More broadly, ContactExplorer serves as a principled
reward exploration for general-purpose dexterous manipula-
tion, providing a general and task-agnostic exploration signal
without reliance on handcrafted heuristics or task-specific pri-
ors. By guiding robots to systematically discover diverse and
meaningful contact patterns, ContactExplorer enables efficient
learning of interaction strategies that underpin a wide range
of manipulation tasks.

II. THE CONTACT COVERAGE COUNTER DESIGN

A. Problem Formulation

We formulate dexterous manipulation as a Markov De-
cision Process (MDP), defined by the tuple M =
fS;A;R; T ; �0; 
g, 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) [32] to solve this MDP for all tasks.

B. Object and Hand Representations

Fig. 3: Hand Keypoints. Fin-
gers are represented using
sparse surface keypoints (red
spheres).

To represent contact interac-
tions in a hand–object manipu-
lation, we first construct a dis-
crete representation of the ob-
ject surface regions and the
hand fingers. For the object,
we uniformly sample M surface
points f(pm;nm)gMm=1, where
each point encodes position and
surface normal. These points are
grouped into K surface regions based on spatial proximity and
normal similarity, denoted by 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 f(pl;nl)g on its finger links. These

keypoints are attached to each finger link and located on
their surfaces (Figure 3). We place all the keypoints on the
palmar surfaces by default for simplicity, though this is not
required; our experiments show robustness when some are
perturbed toward the lateral sides of the fingers. This sparse
representation follows prior work [42] showing that a limited
number of contact points suffices to capture hand–object
interaction dynamics across diverse manipulation tasks.

C. Object State Cluster via Learned Hashing

In dexterous manipulation, an identical contact pattern may
be useful across different spatial configurations and temporal
phases of the object. Maintaining a single global visitation
counter causes previously explored patterns to be treated as
non-novel regardless of the underlying object state, thereby
discouraging the reuse of potentially meaningful interactions
under new spatiotemporal contexts.

To enable state-aware exploration, we condition visitation
statistics on the object state. We define the object state as
sobj = [scur; sgoal], where both terms are point-cloud represen-
tations obtained by transforming a fixed set of M canonical
surface points according to the object’s current and goal poses.
We then partition the continuous state space into discrete
clusters fsigSi=1 and maintain an independent contact counter
for each cluster, ensuring decoupled exploration statistics
across different object states.

To construct these clusters, we adopt a learned hashing
mechanism following Tang et al. [39]. An autoencoder maps
sobj to a binary latent code z 2 (0; 1)D, trained with a
reconstruction loss and a binarization regularizer:

L =


 ^sobj � sobj



2

2
+
�

D

DX
i=1

min
�

(1� zi)2; z2
i

	
; (1)

where ^sobj is the reconstruction of sobj, zi is the i-th la-
tent dimension of the latent code. We then binarize z via
thresholding at 0:5 and project it to a compact H-bit hash
using SimHash [5] with a fixed random projection matrix. The
resulting hash is a discrete state index s 2 f0; : : : ; 2H � 1g.
This enables tracking of contact coverage across semantically
similar object states. The autoencoder is trained jointly with
policy optimization. During the interaction, each contact event
updates the counter Cs;f;k corresponding to the inferred state
cluster s (Section II-D).

D. Contact Coverage Counter

To encourage exploration of novel contact patterns, we
maintain a contact coverage counter C 2 RS�F�K , where
Cs;f;k records contacts between finger f and surface region k
under state cluster s. Contact is detected at the finger level (any
keypoint contact triggers the finger), and this merged design
empirically outperforms per-keypoint counters. During train-
ing, contact detection operates at the level of hand keypoints
and object surface points. For each finger f , we identify the



Fig. 2: Overview of ContactExplorer. Our contact coverage-guided exploration framework consists of three main components: (1) a learned
state hashing module that clusters continuous object states (Sec. II-C); (2) a contact coverage counter that tracks state-conditioned �nger-
region interactions (Sec. II-D); and (3) a structured exploration reward mechanism, decomposed into contact coverage (Sec. III-A) and
energy-based reaching terms (Sec. III-B). The current and goal object states are depicted as distinctly colored point clouds for visualization.

closest interacting pair:

(l f ; mf ) = arg min
l2�nger f
m2object

kp l � p m k2; (2)

where lf is the �nger keypoint nearest to the object and mf

is its closest object surface point. To avoid false positives
from transient geometric proximity in simulation, �nger-level
contact is registered only when both geometric proximity and
suf�cient physical interaction are satis�ed:

I contact(f ) = I
�
kp l f �p m f k2 < � dist

�
� I

�
kF l f k2 > � force

�
; (3)

where Fl f is the contact force measured at keypoint lf , and
� dist, � force are small thresholds. Point mf is mapped to its
surface region kf = �(m f ). We refer to the procedure in
Equations 2–3, which computes Icontact

t (f ), k f , and pl f as
CONTACTQUERY. When Icontact(f ) = 1, the counter Cs;f;k f

is incremented by one. This discrete approximation avoids
expensive �ne-grained collision detection while remaining
robust to simulation noise. Counters are maintained without
reset throughout RL training, enabling a natural transition from
exploration to exploitation.

III. CONTACT COVERAGE-GUIDED EXPLORATION

Contact events are inherently sparse during manipulation:
rewarding only novel contact patterns provides no guidance for
motion in free space, while generic state-novelty objectives of-
ten encourage manipulation-irrelevant behaviors in free space.
To address this, ContactExplorer decomposes exploration into
two complementary signals derived from the same contact
coverage statistics. The post-contact signal provides a sparse,
contact-focused reward that rewards only interaction-relevant
behaviors. The pre-contact signal provides dense, continuous
guidance by shaping motion toward spatial regions likely to
yield novel contact patterns. Together, they deliver structured
exploration during the training process. Figure 2 illustrates the
overall pipeline.

A. Contact Coverage Reward

To ensure exploration remains focused on interaction-
relevant events, we provide intrinsic rewards only upon phys-
ical contact. At timestep t, for each �nger f that contacts
the object (Icontact

t (f ) = 1), we map the contacted point to its
corresponding surface region k under the current object-state
cluster s, and compute a contact novelty score:

Scontact(t) =
1
F

FX

f=1

I contact
t (f ) � g(C s;f;k f ); (4)

where g(c) = 1=
p

c + 1 is a monotonically decreasing count-
based weighting function.

To avoid repeatedly exploiting previously discovered inter-
action trajectories, we further adopt a progress-based shaping
scheme that rewards only improvements over the best previ-
ously achieved score within the current episode:

Rcontact(t) = � [S contact(t) � S max
contact]+ ; (5)

where Smax
contact denotes the maximum contact novelty score

previously achieved in the current episode, � is a scaling
coef�cient, and [x]+ = max(x; 0).

B. Energy-Based Reaching Reward

While the contact coverage reward encourages exploration
after contact occurs, it provides no guidance before contact is
established. To facilitate pre-contact exploration, we introduce
an energy-based reaching objective that guides the policy
toward under-explored contact patterns.

For each �nger f , we de�ne a contact energy:

� f =
X

m

g(Cs;f;�(m) ) exp
�

�
kp l f � p m k2

�

�
; (6)

where � controls the spatial decay, pl f denotes the �nger
keypoint position, and pm denotes an object surface point.
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