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[Ko-F: RSS-08, ARJ-09]

CSE-571
Probabilistic Robotics

[Ko-Fox: ARJ-09]

Overview GP-BayesFilters

* Learn GP:

— Input: Sequence of ground truth states along with
s and observations: <s, u, z>

* Gaussian Processes and Bayes Filters
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Learning GP Dynamics and
Observation Models GP-PF Propagation
* Ground truth training sequence:
S=15,8;:.s8,1,Z =2,,255--,2,1,U = [,y ,....1, ]
earn observation and dynamics GPs:
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Overview

* Gaussian Processes and Bayes Filters
* GP-BayesFilters

* Filtering and Control

» System |dentification with GP-BayesFilters

Predictive State Representations

* Conclusions

WiFi-Based Location Estimation

Similar to [Schwaighofer-etal: NIPS-03]

Variance

Building Model

Tracking Example
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Blimp Testbed

[Ko-F: ARJ-09]

GP-UKF Tracking Example

Tracking Results

GP

EGP

hetGP

sparseGP

30.75 + 1.41
27.66 £ 1.04
33.93 +£7.24

34.10 £ 1.76
31.44+£2.43
35.95 £6.91

35.76 + 1.61
33.70 £ 2.09
na

32.05 +2.02
29.72 £ 1.90
38.92 +2.17

Dealing with Training Data Sparsity

= = = estimated state
1-sigma uncertalnty
groundtruth

Full process model tracking




10/23/15

ACT Hand Control

ACT Hand Tendon Arrangements

* Tendon hood structure for extensors
— Critical for preserving hand functionalj

GP-Based Control

Overview

* Gaussian Processes and Bayes Filters

* GP-BayesFilters

* Filtering and Control




10/23/15

GP Latent Variable Models

e Sometimes ground truth states are not or onl
ially available

[Ko-F: RSS-09, ARJ-10]

GP Latent Variable Models

Slotcar Testbed

Simple Trajectory Replay

¢ Learning
— Human demonstrates con
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Trajectory Replay Overview

* Gaussian Processes and Bayes Filters

In Hand Manipulation

Learning Models for Manipulation
[Mordatch-Popovic-Todorov: SCA-12]

* Soon manipulators / hands / robots will be equipped with a
variety of complex sensors (e.g. touch sensitive skin)

hysics-based models the most

Contact-invariant optimization for hand manipulation

Mordatch, Popovic and Todorov
8§CA4 2012
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Predictive State Representations
(PSRs)

Expressive dynamical system model

Test: ordered sequence of action observation pairs
T =0a101...0t0¢

Prediction of a test: P [7€ | do (%), h¢]

PSR state is a prediction over a set of core tests
(future observable quantities)

Test Case

RGB Depth

Joint 1
Joint 2

‘ Joint3 ——
Joint 4
Joint 5
7 Joint 6
Joint 7

Example Motor Commands

W\"iw\w}\//:‘

Timesteps 1000

o
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<

Learning Predictive Models of a Depth Camera & Manipulator
from Raw Execution Traces

Byron Boots, Arunkumar Byravan,and Dieter Fox
Computer Science and Engineering
University of Washington

Summary

GPs provide flexible modeling framework

Take data noise and uncertainty due to data
sparsity into account

Seamless integration into Bayes filters

Combination with parametric models increases
accuracy and reduces amount of training data

Subspace identification via latent variable models
Computational complexity of GPs is a key problem

Predictive state representations: scale to high-
dimensional systems
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WAM Trajectory Replay

Control Experiment

Top down view of end effector position
e System: Barrett Whole Arm
Manipulator

— Four joints/degrees of freedom
— 4D control (change in joi

Simple Fix

Advanced Control Experiment

Top down view of end effector position




