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Background

A Motion Capture
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A Markers on human body, optical cameras to
capture the marker positions, and translated
Into body local coordinates.

A Application:

I Movie/game/medical industry
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Outline

A Background

A Motivation: effortless motion stitching
A Parallel learning with Cund-Stitch

A Experiments and Results

A Conclusion



Motivation

A Given two human motion sequences, how to
stitch them together in a natural way( = looks
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e.g. walking to running

A Given a human motion sequence, how to find
the best naturaktitchablemotion in motion
capture database?
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INntuition

A Intuition:

I Laziness Is a virtue. Natural motion use minimum
energy

A Lazinessscore (kscore) = energy used during
stitching

A Objective:
I Minimize lazinesscore



Example

landing

Taking off




Example, Natural stitching
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Taking off
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But, how about this way?

landing

Taking off




Observations

A Naturalness depends on smoothness
A Naturalness also depends on motion speed



Proposed Method

A Estimate stitching path using Linear Dynamice
Systems
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A4

t NPLI2ASR aSiKs:

A Estimate the velocity and acceleration during
the stitching, compute energy (defined as L
score)
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A4

t NPLI2ASR aSiKs:

A Minimize Lscore with respect to any stitching
hops. (defined as elastiedcore)
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Example stitching
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A Background

A Motivation: effortless motion stitching
A Parallel learning with Cund-Stitch

A Experiments and Results

A Conclusion
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Parallel Learning for LDS

A Challenge:

I Learning Linear Dynamical System is slow for long
sequences

A Traditional Method:

I Maximum Likelihoodstimation vidExpectation
Maximizatio(EM) algorithm

A Obijective:
I Parallelizethe learning algorithm

A Assumption:
I shared memory architecture
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Linear Dynamical System
aka.KalmanFilter

A Parameters:g=(u,, V,, A, C))
A Observation: X &
A Hidden variables: X 1
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Example

PPP

given positions, estimate dynamics (paramg

Position
of left elbo o

Time
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Traditional:
How to learn LDS?
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Sequential Learning (EM)
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Sequential Learning (EM)
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Sequential Learning (EM)

PP PSP

From P(gd y,, y,) A Compute P@ Y, Y, , ¥s)

Position .
of left elbow 0
Measured o
Estimated—— * s ° _
Iime

22



Carnegie Mellon

Sequential Learning (EM)
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Sequential Learning (EM)
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Sequential Learning (EM)
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Sequential Learning (EM)
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Sequential Learning (EM)
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