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Optimized Learning from Demonstrations for Robots
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Abstract: As an important research direction of robotics, learning from demonstrations (LFD ) has gradually been widely used in robot
systems. LFD refers to learning from few demonstrations provided by the teacher that is demonstration data. However, during the demonstrations,
there are some unsmooth features such as jitter which are unavoidable. In order to solve this problem and improve the imitation learning effect,
an imitation learning optimization method for robots based on GMM/GMR is proposed in this paper. Firstly, an optimization strategy based on
Gaussian noise is designed to disperse the demo data and eliminate the unsmooth features in the teach—in trajectory. Secondly, a new evaluation

criterion is proposed to balance the underfitting/overfitting problem in the model. Finally, significant advantages in computational efficiency

and evaluation of model effect are showed from experimental results.
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