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Carnegie Learning Speed-Adaptive Walking Agent Using Imitation ':

Introduction

* Millions face mobility challenges affecting health and dalily life.
* Digital twins offer an efficient way to simulate human gait for research and rehab.
* Challenges remain in sim-to-real transfer and adaptability to diverse walking speeds

Objective: Develop a skeletal humanoid agent that adapts to various walking speeds with
biomechanically realistic motion
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 Synthetic Motion Generator: Derived from open-source biomechanics data (22 subjects). Linear
model fits gait data across walking speeds (0.5-1.85 m/s).

* Variational Adversarial Imitation Learning using discriminator reward & speed reward

 Used Trust Region Policy Optimization & Curriculum Learning
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* Able to train a policy resulted in biomechanically plausible speed-adaptive gait.

Speed reward ratio: 0.5 Open-Source Dataset Agent With Optimal Settings
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Hip exoskeleton

* Apply framework to real-world exoskeletons.
 Extend to more complex tasks: stairs, sit-to-stand.




