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¥ Task: Motion Prediction from an Image
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model » I
Imag.e-att Motion frorh-t+1 toT

Time: t Predicted Motion
1} [2.3,-1.0, 1.3, 0.6, 0.2, 0.9, 1.0]
[2.2,-0.9,1.4,0.6,0.1, 1.0, 1.0]

[1.8,-0.9, 2.3, 0.5, 0.1, 1.6, 0.0]
T| [1.7,-0.9, 2.3,0.5,0.1, 1.7, 0.0]
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¥ Difficulty

» Multiple motions can accomplish the task
« Demonstrators’ motions are stochastic.
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" Difficulty in Robot Motion Learning

« Stochasticity
* Not only one but also several motions can achieve each task.
« Small number of training samples
* Image generation >> Real robot motion planning
* Robot motions are collected by manually controlling robots.
« Controllability

« Complexity in articulated joint control

e Similar motions can or cannot be achieved due to the limited range of
joint motions.

« High precision
« Small motion difference may disturb a task.

' Difficulty in Robot Motion Learning

« Stochasticity
=) - Probabilistic models
« Representing multiple task-achievable motions
 Small number of training samples
=) « Generative models
» Successful in-distribution sampling from a limited number of samples
» Controllability
m) - Retrieval-based motion planning
« Motion optimization/refinement from real controllable motions
* High precision
=) - High-fidelity motion refinement

» Refinement in a high-resolution refinement space




Qur Solutions for Robot Motion Learning

* Probabilistic models
* Representing multiple task-achievable motions

mm) Diffusion models

 Generative models

e Successful in-distribution sampling from a limited number of samples
‘ Diffusion models
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» Our Solutions for Robot Motion Learning

* Probabilistic models
* Representing multiple task-achievable motions

mm) Diffusion models

 Generative models

e Successful in-distribution sampling from a limited number of samples
‘ Diffusion models

» Retrieval-based motion planning
« Motion optimization/refinement from real controllable motions

mm) Refining real samples from intermediate diffusion steps

s Proposed Method: Refinement from Retrieved Motion
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“> Our Solutions for Robot Motion Learning

* High-tidelity motion refinement
* Refinement in a high-resolution refinement space

=) High-resolution feature space by asymmetric diffusion 1

Retrieved motion
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Bench mark : 12 tasks
Training : 1000 for each task
Test : 100 for each task
Metrics: Success rate
Put Knife (PK) .n'yl:'rajk{e Plate (TP). (Stackae (SW) ‘Place Hanger (PH) 13
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Experimental Results
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S~ Task Success rates
‘Avg]Z‘PC RT PB OW CB PR SW PH WP BB PK TP
E: Deterministic 727 G4 T4 88 65 85 77 99 39 95 61 35 91
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§ VPSDE |44 66.4 95 396 53 99 68 95 A8 hY Al 48 93
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