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Abstract— In many dynamic robotic tasks, such as striking
pucks into a goal outside the reachable workspace, the robot
must first identify the relevant physical properties of the object
for successful task execution, as it is unable to recover from
failure or retry without human intervention. To address this
challenge, we propose a task-informed exploration approach,
based on reinforcement learning (RL), that trains an explo-
ration policy using rewards automatically generated from the
sensitivity of a privileged task policy to errors in estimated
properties. We also introduce an uncertainty-based mechanism
to determine when to transition from exploration to task
execution, ensuring sufficient property estimation accuracy with
minimal exploration time. Our method achieves a 90% success
rate on the striking task—significantly outperforming baselines
that achieve at most 40% success. Additionally, we demonstrate
that our task-informed exploration rewards capture the relative
importance of physical properties. Finally, we validate our
approach on two manipulation tasks in a physical setup. The
project website is available at marina-aoyama.github.io/poke-
and-strike/.

I. INTRODUCTION

Active exploration is essential for identifying physical
properties of objects, unlike visual properties. A robot might
stir liquids to identify viscosity for pouring [1] or press a
sponge to evaluate stiffness for wiping [2].

We address the problem of performing one-shot robotic
tasks on objects with unknown physical properties—such
as striking pucks with varying friction—where failure is
irreversible without human intervention. These tasks require
identifying the physical properties of the object prior to task
execution, as incorrect assumptions about these properties
can lead to failure, making online adaptation unsuitable.

II. METHOD

We propose a task-informed exploration approach that
leverages a privileged task policy to generate rewards, guid-
ing the exploration policy to identify task-relevant properties.
At deployment, the robot explores, switches to task execution
based on uncertainty estimates, and adapts its motion using
the estimated properties, as shown in Fig. 1.

A. Privileged Task Policy Learning

We first train a privileged task policy πtask using RL.
During training in simulation, the task policy receives the
ground truth physical property values ϕ∗ as input, along with
the state observation st, and computes actions at. We define
the task policy reward, rtask, based on the task’s objectives.

*This work is supported by the JST Moonshot R&D (Grant No. JP-
MJMS2031).

1Authors are with the School of Informatics, The University of Edin-
burgh, UK. marina.aoyama@ed.ac.uk

Fig. 1: Task-informed exploration approach enables the
robot to autonomously learn how to explore and identify
task-relevant properties by modeling task sensitivity to each
property. For dynamic tasks such as striking, the robot
must first identify the object’s properties through exploratory
motions to achieve task success, avoiding irreversible failure.

B. Learning of Exploration and Property Estimation

We then simultaneously train (1) an exploration policy
πexp to perform motions that are informative for estimating
the physical properties ϕ prior to task policy execution, and
(2) an online property estimator fϕ to infer these properties
from observations during exploration.

We train an exploration policy πexp via RL, given the robot
and object states st. We define the exploration reward as

rexp =

{
restimation if ∀j εestimation,j < εthreshold,j

rfailure otherwise
, (1)

where εestimation,j represents the estimation error for the j-
th physical property, and εthreshold,j is the threshold for the
j-th property. We obtain the estimation errors εestimation by
computing the difference between the ground truth physical
property values ϕ∗ and the values ϕ̂ estimated by the physical
property estimator fϕ, as

εestimation,j =
∣∣∣ϕ∗

j − ϕ̂j

∣∣∣ . (2)

The robot receives a negative reward rfailure for violating the
workspace boundaries, ensuring feasible task execution after
exploration, without manual reset.

For online physical property estimation during exploration,
we employ a Long Short-Term Memory (LSTM) [3], as tem-
poral information is essential for capturing object dynamics.

C. Task-Informed Exploration Reward Design

The exploration policy reward function in Eq. (1) requires
the estimation error thresholds εthreshold,j . We propose to auto-
matically generate these estimation thresholds by modelling
task sensitivity to estimation error in each property.
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Fig. 2: Manipulation tasks.

For each physical property, we assume a unimodal rela-
tionship between the task success rate y and the estimation
error ε, where task performance is highest when the esti-
mation is accurate and decreases as the error increases. The
rate at which task success deteriorates with increasing error
reflects the sensitivity of the task to each property. To model
this relationship, we fit a parametric uni-modal function gj(ε)
to data Dε,j collected by rolling out the privileged task
policy, systematically perturbing the ground truth value of the
j-th physical property at varying levels of estimation error.

From the fitted uni-modal function gj , we compute a set
of estimation error thresholds εthreshold,j for each physical
property j, such that the task success rate remains above a
proportion p of the maximum success rate, defined as:

gj(εthreshold,j) ≥ p ·max
ε

gj(ε) (3)

for each property. These estimation error thresholds define
the success criteria in the exploration reward in Eq. (1).

D. Uncertainty-Based Policy Switching

We estimate the predictive uncertainty of the physical
property estimator fϕ using an ensemble approach that cap-
tures both aleatoric uncertainty and epistemic uncertainty [4].
Then, we compute the uncertainty thresholds required for
successful task execution by rolling out the exploration and
task policies to collect uncertainty data labelled with task
outcomes (success or failure). These thresholds enable the
robot to switch from exploration to task execution without
direct access to estimation error on a physical setup.

III. RESULTS AND DISCUSSION

We evaluate our approach on two tasks: Striking a
puck to an unreachable goal; and Edge Pushing a box to
the table edge, in simulation and on a physical robot (Fig. 2).

A. Does the task-informed exploration improve task success?

In the one-shot Striking task, domain randomisation
(DR) [5] learns an average motion across properties and
achieves only 25.4% success. In DR methods incorporat-
ing temporal information, using stacked observations or an
LSTM backbone, exploratory pushing motions merged but
they reach only 35.4% and 23.3% success, respectively.
These methods rely on delayed task rewards, provided only
after task execution, making it difficult to associate ex-
ploratory actions with rewards. Adding property estimation
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Fig. 3: Sensitivity analysis.

rewards achieves only 34.8%, due to the difficulty of balanc-
ing exploration and task objectives within a single policy.

The baseline methods leveraging a privileged policy (Stu-
dent [6], UP-OSI [7], and RMA [8]) achieved success rates of
23.0%, 33.7%, and 31.0%, respectively. Since the privileged
task policy lacks exploratory behaviour, imitating it (Student)
or rolling it out—whether using online estimation (UP-OSI)
or latent encodings (RMA)—leads to task failure.

In contrast, our method achieves a 90.1% success rate, sig-
nificantly outperforming all baselines. Our policies achieve
92.3% success in exploration and 98.7% in task, demon-
strating that the exploration policy estimates properties with
sufficient accuracy for successful task performance. We
confirmed consistent results on the Edge Pushing task.

B. Do task-informed exploration rewards capture task-
relevant physical properties?

Fig. 3 presents task sensitivity to errors in each physical
property parameter. In the Striking task, the CoM in the
y-direction and dynamic friction show a sharper decline in
success rate as error increases, compared to less sensitive
parameters such as static friction. This sensitivity model
indicates that the former parameters are more relevant for
performing the task, resulting in tighter estimation thresholds
for exploration rewards. Similarly, in the Edge Pushing
task, each property exhibits distinct relationships, reflecting
varying levels of relevance to task performance.

C. How does our approach perform on a physical robot?

Our approach addresses sim-to-real challenges by learning
to explore and estimate task-relevant physical properties of
objects, enabling the task policy to adapt its motion based on
these estimates. In the Striking task with pucks of differ-
ent friction properties (ball bearings, nylon, aluminium), the
estimator distinguishes their properties during exploration,
with friction estimates converging to 0.09, 0.12, and 0.15,
respectively. Using these estimates, our method achieves 8/9
successful runs in a physical setup, demonstrating accurate
property estimation and uncertainty-based policy switching.

IV. CONCLUSIONS

We propose and demonstrate a task-informed explo-
ration approach to identify task-relevant properties, with
uncertainty-based switching to task execution enabling one-
shot manipulation of unknown objects on a physical robot.
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