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Motivation

* Planning for grasping and
manipulation tasks with
unknown objects

* Only sensor data and
applied controls available
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Objective

Predict future observations from current
observations and control inputs

Current Image Future Image?
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Approach

* Learn the parameters of a dynamical system:

Xt+1 :AXt+But+Vt VtNN(O,O'%I)
yt = h(xt) + wi wi ~ N(0,0351)

— Sensory data (e.g., images) Yt
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— Neural network-generated image h(xt)



Algorithm

* Expectation maximization for (approximate)
maximum-likelihood parameters

XolYOT X1|Yo T,Xo X2|Y0 T7X1 P(XT|YO T, Xt— 1
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Algorithm

* Expectation maximization for (approximate)
maximum-likelihood parameters

P(XO|YO:T) P(X1|YO:T7X0) P(x2|y0:T7X1) P(XT|YO:T7Xt—1)

M'Step # Neural Network
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Discussion

* |nitial results
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e Future Work

— Natural images and depth images
— Planning a manipulation task

— Alternative dynamics functions



