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Exp. 1 — Compare LfD in Capturing Exp. 2 — TPGMM Capturing
Movement Quality for Task Variations Patient Specificity
* Subjects to perform four different tasks with variations each. * Learn and reconstruct upper limb movement for drinking task
* For each task, variations randomly selected for demo / test. with healthy and stroke subjects [5].
RESULTS: TPGMM Reconstruction (Healthy vs Stroke)
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RESULTS: Metric Comparison of LfD Algorithms 0023
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Task 3 — Obstructed Pick-Place subjects’ movement quality compared to healthy subjects
Joints DTW (rad) | -3.150***  -2244***  .0.906*** |TPGMM (except for Spectral Arc Length).
Swivel DTW (rad)|  -0.369***  -0.236** -0.133%* TPGMM + Captured specificity of joint synergies and compensatory
AMARP Dot ] - ?ehamlg' delli lexity (Heathy: 20-63 kernel
Tand HD (m) 0.056** 0.023** 0,033 TPGMM ncreased modelling complexity (Heathy: 20- ernels,
Stroke: 38-92 kernels).
ASAL B - - -
ATTP - -0.061*** 0.037* DMP

» TPGMM outperforms DMP & Min Jerk in generalising
complex tasks (Task 3 — Obstacled Pick-Place).
* TPGMM enrichens distribution from multiple observer
frames (different start-end points).
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