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Motion stitching via effort minimization
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[Eurographics2008]

Parallellearning of linear dynamical systems
with WenjieFu, FanGuo, Todd Mowry and 

Christos Faloutsos
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Background

ÅMotion Capture

ÅMarkers on human body, optical cameras to 
capture the marker positions, and translated 
into body local coordinates.

ÅApplication:

ïMovie/game/medical industry
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Motivation

ÅGiven two human motion sequences, how to 
stitch them together in a natural way( = looks 
ƴŀǘǳǊŀƭ ƛƴ ƘǳƳŀƴΩǎ ŜȅŜǎύΚ

e.g. walking to running

ÅGiven a human motion sequence, how to find 
the best natural stitchablemotion in motion 
capture database?
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Intuition

ÅIntuition:

ïLaziness is a virtue. Natural motion use minimum 
energy

ÅLaziness-score (L-score) = energy used during 
stitching

ÅObjective: 

ïMinimize laziness-score
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Example
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Taking off

landing



Example, Natural stitching
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Taking off

landing



But, how about this way?
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Taking off

landing



Observations

ÅNaturalness depends on smoothness

ÅNaturalness also depends on motion speed
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Proposed Method

ÅEstimate stitching path using Linear Dynamical 
Systems
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tǊƻǇƻǎŜŘ aŜǘƘƻŘ όŎƻƴǘΩύ

ÅEstimate the velocity and acceleration during 
the stitching, compute energy (defined as L-
score)
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tǊƻǇƻǎŜŘ aŜǘƘƻŘ όŎƻƴǘΩύ

ÅMinimize L-score with respect to any stitching 
hops. (defined as elastic L-score)
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Example stitching

ÅLink to video
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Parallel Learning for LDS

ÅChallenge: 
ïLearning Linear Dynamical System is slow for long 

sequences

ÅTraditional Method: 
ïMaximum Likelihood Estimation via Expectation-

Maximization(EM) algorithm

ÅObjective:
ïParallelizethe learning algorithm

ÅAssumption:
ïshared memory architecture
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Linear Dynamical System
aka. KalmanFilter
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ÅParameters:  q=(u0, V0, A, ɱ, C, ʅ)

ÅObservation:     y1Χȅn
ÅHidden variables:         z1Χ Ȋn

17

Z1 Z2 Z3 Z4
Z5

Y1 Y2 Y3
Y4 Y5

Rό!ϊȊ1, ɱ)

R(u0, V0)

Rό/ϊz3, ʅ)

Rό!ϊz2, ɱ)

Rό/ϊȊ1, ʅ) Rό/ϊȊ2, ʅ) Rό/ϊz4, ʅ)

Rό!ϊz3, ɱ)

Rό/ϊz5, ʅ)

Rό!ϊz4, ɱ)



Example
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given positions, estimate dynamics (i.e. params)
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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)
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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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Sequential Learning (EM)
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