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Abstract We present Kalman- Iter Assisted Reinforcement
Learner (KARL) for dynamic object tracking and grasping
over eye-on-hand (EoH) systems, signi cantly expanding such
systems’ capabilities in challenging, realistic environments.
In comparison to the previous state-of-the-art, KARL (1)
incorporates a novel six-stage RL curriculum that doubles the
system’s motion range, thereby greatly enhancing the system’s
grasping performance, (2) integrates a robust Kalman Iter
layer between the perception and reinforcement learning (RL)
control modules, enabling the system to maintain an uncertain
but continuous 6D pose estimate even when the target object
temporarily exits the camera’s eld-of-view or undergoes rapid,
unpredictable motion, and (3) introduces mechanisms to allow
retries to gracefully recover from unavoidable policy execution
failures. Extensive evaluations conducted in both simulation
and real-world experiments qualitatively and quantitatively
corroborate KARL's advantage over earlier systems, achieving
higher grasp success rates and faster robot execution speed.
Source code and supplementary materials for KARL will be
made available at: https://github.com/arc-I/karl

I. INTRODUCTION

Humans, and animals in general, interact with the physical
world through observing and handling everyday objects [1],
which makes object tracking and manipulation arguably the
most fundamental skifbr physical intelligence. In robotics,
autonomous grasping istationarysettings has been exten-
sively studied [2], [3], typically using decoupled vision and
manipulation sub-systems where the camera does not move
with the manipulator. While effective for static tasks, this
approach struggles in dynamic scenarios where objects move
or become occluded. Real-world interactions, such as han-

dovers, require continuous tracking and adaptive graspinlg_;ig 1: [top row] The EoH system setup used for validating

highlighting the need for more integrated solutions. KARL’s performance. [middle row] When tracking loss
Through coupling vision and manipulation sub-systems X

eye-otand (Eo)and eye-nand (Bystems a1 00012 S0 1 et mboany g0 ooorve o
can have both the camera and robot's hand follow the targ%g'ec?s ose 1o éllow ose tracking recovery. [bottom row]
object, avoiding the above-mentioned pitfalls of decouple ) P P g y- 19 .
. ..~ "KARL can detect and gracefully handle grasping failures
systems. EoH systems hold the promise of revolutionizin ) . .
. : . . nd make multiple retries until success.
robotic manipulation across a diverse array of real-worl
applications. For example, in cluttered and unstructured envi-
ronments [5], EoH systems make it possible to autonomous|§]. Recently,imitation learning (IL) systems have largely
track and grasp moving objects with precision, transformingonverged to dual-arm setups where each arm’s end-effector
operations in industrial automation and advanced servid®s a xed camera sensor, e.g., [8], [9].
robotics. EoH systems’ ability to provide real-time visual Fully leveraging EoH systems presents signi cant algorith-
feedback also makes them particularly suitable for teleopnic and computational challenges, as rapid sensor feedback
eration, shared autonomy [4], and prosthetic hand contratust be continuously processed for real-time control. While
end-to-end IL systems [8], [9] perform well in stationary

The authors are with the Department of Computer Science, Rutge, ; ; ; ;
University, 08854 New Brunswick, USA. Etenes, they require extensive data collection and computing

1The difference between EoH and EiH systems are generally minor; iower and struggle with dynamic Ob]e_Ct motion. Recen_tly7
this work, we use eye-on-hand (EoH) to refer to both. Huang et al. developed the EARL [7] reinforcement learning
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