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Dexterous Manipulation Skill Acquisition

Diverse Manipulation Skills

A manipulation policy
capable of solving each task

Grasp Re-orientation % %

Can we learn a single model to
master all kinds of diverse skills?

Tool-using Pick-and-place
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Neural Tracking Control for Dexterous Manipulations
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Neural Tracking Controller?
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Approach: Model-free RL with Learning from Demonstrations

Developing an effective optimization
strategy with for
is I

[W. Jin, 2024]
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Approach: Model-free RL with Learning from Demonstrations
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Quasi-Dynamic Contact Model
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handle unexpected situations
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Approach: Model-free RL with Learning from Demonstrations

Kinematic Action Sequence ‘.v.’
Reference (Tracking Result) '

Kinematic Action Sequence
Reference (Tracking Result)



Approach: Model-free RL with Learning from Demonstrations
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Approach : Improving Tracking Demonstrations using
Tracking Controller in a Homotopy Optimization Scheme
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Improving Tracking Demonstrations using
Tracking Controller in a Homotopy Optimization Scheme

Imitation Loss

How to acquire and
robot tracking demonstrations?

General Tracking Prior

Per-Trajectory
Tracker

Solving Per-trajectory tracking via RL

Kinematic
tracking is difficult, Reference
restricting the data and

Tracking
- Tracking Demonstration
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Improving per-trajectory tracking via using the
tracking controller to initialize the policy



Improving Tracking Demonstrations using
Tracking Controller in a Homotopy Optimization Scheme
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Imitation Loss

How to acquire and
robot tracking demonstrations?

General Tracking Prior

Per-Trajectory

Tracker o
Homotopy Optimization Scheme

Solving Per-trajectory tracking via RL

tracking is difficult, Task A Task B Task C

restricting the data and
Solve the tracking task C via

can improve the per-trajectory tracking result of C



Method Details: Homotopy Path Generation

Imitation Loss
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Task A Task B Task C Kinematic Motion Object
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Modeling "“parent-child” relations



Method Details: Solving Per-Trajectory Tracking
via a Homotopy Optimization Scheme

Imitation Loss

An effective optimization path

LSk

Tracking

Demonstration g@ g@ ?

Solving per-trajectory tracking with initializations
from “parent” results



Grow the Robot Tracking Demonstrations and Enhance the
in a Bootstrapping Manner
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Generalizable Dexterous Manipulation
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Retargeted
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Kinematic Reference aseine

(tracking rew.,
w/o sup.)
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Dexterous Manipulation Tracking
from Human References
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Robustness towards
Unreasonable Kinematic States

Retargeted Kinematic Reference Tracking Result



Robustness towards
with a Brand New Object

Retargeted Kinematic Reference Tracking Result
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