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Outline

« Intuition, example, and definition
« Extensions
+ Kalman filters at work
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Intuition

 Tracking moving objects, estimate velocity
and acceleration on the fly

) E )

R 2014
from FIFA 2010 oboCup 2010
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Linear Dynamical System

» Known parameters

— Original Kalman Filters [Kalman 1960, Rauch
1965]

+ Unknown parameters

— Parameter estimation through EM algorithm
[Shumway et al 1982, Ghahramani 1996]
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Kalman Filters

Given observations of the soccer ball position
t=1..T, “Model parameters”

Goal: two types of prediction

Kalman filtering: Estimate the true position,
velocity & acceleration based on the P

previous observations e e
Kalman smoothing: Estimate for every time

tick, based on all observations P
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g CMU SCS
Kalman Filters (intuition)

t=1, soccer with initial pos, vel and acc.
To estimate the future

®

a.
P
ﬂ% N
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past observations

KDD 2010




7/25/2010

% CMUSCS
Kalman Filters (intuition)

t=2, according to Newton’s law, it should be...

a, vz
a,
P,
1
Py
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g CMUSCS
Kalman Filters (intuition)

t=2, according to Newton’s law, it should be...
however, imperfect soccer/kick movement...

a,
ay, / y Va
/, |
L% P,
21
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Kalman Filters (intuition)

Now take a photo, due to imperfect camera...

ﬁ %‘ V2
[ < >
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Kalman Filters (intuition)

What is the best estimate for next time tick?

a,
2, e V2
/, |
L% Z
N
Py J/
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Kalman Filters (intuition)

What is the best estimate for next time tick?
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Some math notation

‘Newton’s dynamics’:

A transition matrix Transition matri)ﬁ
C transmission/ projection/ a
output matrix b
Q transition covariance 3
R transmission/ projection/

output covariance

a,
L’vl
Py
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Example

hiddenstates 7 =(p,, v,, a,)

PPN
a, N v,
observation  x,=(observed,) (@
1 ) p Y
Py /

transition matrix A=1,1,1/.
0,1,1
0,0,

output matrix  C=(1, 0, 0) output covariance R

transition covariance Q
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E (details)

A (details)
Example

a;
hiddenstates 7 =(p, v,, a,)T b
observation  x,=(observed,) '

P

011 V,=Vyta, *At

transition matrix Aﬂ[l,l,llj P,=Py+ V,*At + 0.5%a, *At2
0,0, aca,

output matrix C=(1, 0, 0)
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Kalman Filtering (intuition)

Stepl, forecast next time tick before observation

‘Newton’s dynamics’:

Transition matrix Ar
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Kalman Filtering (intuition)

Step 2: adjust estimation after observation
Py
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Example: Kalman filtering

Given: (forward)

a sequence of observations, Model parameters (A, C ...)
Goal: remove noise and forecast real position

Position
observed|\
. \
.
N
.
*
Time
KDD 2010 Copyright: C. Faloutsos & L. Li, 2010 17
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Example: Kalman filtering

(forward)
Position
observe
/l/ Time
estimate t=1
KDD 2010 Copyright: C. Faloutsos & L. Li, 2010 18

[R. E. Kalman. A new approach to linear filtering and prediction problems. 1960




7/25/2010

& Example: Kalman filtering

W =A2,+ K, (x,—C-A-2,,)
h=(-K)P,
K,=P,,-C"-(C-P,,-C" +R)™

Pnle’\in AT+Q

<)| N

Position Intuition: #2 may
be close to #1
observed|\ Using the “Newton
. \,  Dynamics”
. ° °
J/ ) ; i
estimated Time
t=2
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Example: Kalman filtering

N

=A-2, +K, (X, —C-A-2,,)
h=(1-K)-Py
P,-C"-(C-P,-C"+R)™*

n
1:A‘\in -AT+Q

n

|
]

n

-0

Position .

observed |\ * *
. \\
-

* ; L] i
estimated /‘/ Time
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Kalman Filters

Given observations of the soccer position
t=1..T, and model parameters (A, C ...)

Goal: two types of prediction
JK!man filtering: Estimate the true position,

previous observations e
Kalman smoothing: Estimate for every time

tick, based on all observations -4

KDD 2010 Copyright: C. Faloutsos & L. Li, 2010 './ i ®-3

velocity & acceleration based onthe e~. o
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Kalman Smoothing

Given: all observation X, ..., x,

Estimate: the hidden state for every time tick
z,(t=1..n)

Difference from Kalman filtering:
bring future observation back in history

estimate P
2
27 e
e
KDD 2010 Copyright: C. Faloutsos & L. Li, 2010 22

& Recap: Kalman filtering

=AZ,,+K, (x,—C-A-2,,)
=(1-K,)-Ry

N

n

|

~ <

P,=AV ,-AT+Q
Position .
.
* *
. .
observed—— e .
estimate! * % ¢ .
Time
N O IO IO~
KDD 2010 Copyright: C. Faloutsos & L. Li, 2010 23
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Example: Kalman Smoothing
2,=2,+3, (.~ A2,)

— V, =V, + 3, Wy - P37
D J,=V,-A" R
Position .

observed—— -

L] * L]

Time
~_
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Rauch et al, Maximum likelihood estimates of linear dynamic systems. 1965]
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& Example: Kalman Smoothing

N>
1

222,49, (g~ A2)
— V, =V, +3,-Voy = R)-J7
- = J,=V,-A".P?
Position .,
estimate * .
observe >e R -
* Time
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Example: Kalman Smoothing

Position 1 AN ;
Iy /Reconstructed
i 5 / signal after
estimated X / . / smoothing
observed ol / ;
- /

e / e

hd Time
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% CMUSCS
Outline

« Intuition, example, and definition
— Original Kalman
# — Kalman filters with parameter estimation
 Extensions

« Kalman filters at work
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What if not know the model
parameters?
» E.g. Datacenter sensor temperatures

KDD 2010 Copyright: C. Faloutsos & L. Li, 2010 8

EA (details)
Graphical Model Representation

%:Oo)
(A2,,Q) (A2,,Q) (Az;,Q) N(Az2,,Q)
hidden states

N(C-ZIJR) N(C-ZZJR) N(C-ZBlR) NCZ4R)

observation o ° °

Model parameters:
e={u01 Q{)/ A/ Ql C/ R}

KDD 2010 Copyright: C. Faloutsos & L. Li, 2010

-y
7 = Hy i)
Zpn= AZ, + iwni
X, = Cz, +ig,!
é-ax-u_ssian 29
noise

CMUSCS

Linear Dynamical Systems:
parameters

initial state for hidden
variable

transition matrix

e.g. initial position, velocity &
acceleration

how the states move forward, e.g.
soccer flying in the air
transmission/ projection/  hidden state =» observation, e.g.
output matrix camera taking picture of the soccer
Initial covariance
transition covariance how precision is the soccer motion
transmission/ projection  i.e. observation noise; e.g. how

covariance accurate is the camera
KDD 2010 Copyright: C. Faloutsos & L. Li, 2010 30
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Estimating parameters of LDS
« Given: a sequence of observations (e.g. car
positions)

Find: best-fit parameters
Basic principle: maximum likelihood
Through Expectation-Maximization Alg.

O Oan 02 Ol

Mm},m N1Cz£R) N(C-z},k} NCZR)
© 0 © .

% CMUSCS
@ Learning LDS: EM alg.

-step: Kalman filtering-smoothing

— Estimate the hidden variables based on
observation and current parameters

* M-step:
— Update parameters (A, C...) to \”Yé

WCW A M
maximize N{Ci,k) N(ci,m N[iﬂ) weha
Lo B D) 00 0
T r
U S D AS Q) - Y DR, CALR)
T-1 T .
3 10k 1Qu| — 1 log QI — - log Ry
KDD 2010 Copyright: C. Faloutsos & L. Li, 2010 32

[Shumway et al 1982, Ghahramani 1996]

% CMUSCS
EM alg. Intuition

E-step: compute hidden states using Kalman
filtering-smoothing (exactly as before)

/ \*‘

% CMUSCS
EM alg.

M-step: Maximizing the log-likelihood

Position ;X , : U
Z \ /,zReconstructed 1‘]“;; Ql I'illl‘m Q %“u‘: RN
estimated * N / signal sfter - - -
L \o® smoothing i oL
observed 5ol / \ * by solving =0
; " oA
o - Time Ly
S NI oC
g e g g g
KDD 2010 Copyright: C. Faloutsos & L. Li, 2010 33 KDD 2010 Copyright: C. Faloutsos & L. Li, 2010 34
% CMUSCS g CMU SCS
i Motivation Examples
Outline _ R
» Motion Capture: # ’ -
. o — Markers on human actors :
« Intuition, example, and definition — Cameras used to track the
. 3D positions
- Extensions ~ Duration: 100-500
# — Handling missing values — 93 dimensional body-local
T coordinates after
N SW|t_ch|ng_; LDS preprocessing (31-bones)
— Particle filters « Sensor data missing due
« Kalman filters at work to:
— Low battery .
— RF error -GG ot
From mocap.cs.cmu.edu
KDD 2010 Copyright: C. Faloutsos & L. Li, 2010 35 KDD 2010 Copyright: C. Faloutsos & L. Li, 2010 36
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Ilustration of data

sensor 1
sensor 2 [

sensor,, {i

blackout <~

KDD 2010 Copyright: C. Faloutsos & L. Li, 2010 37

g CMUSCS
DynaMMo: Intuition

Position of

Lefthand .. . | Recover using

marker 1 Correlation
among multiple
sequences

Position of ;T

right hand
marker
missing
KDD 2010 Copyright: C. Faloutsos & L. Li, 2010 38

[Lei Li et al DynaMMo. KDD 2009]

% CMUSCS
DynaMMo: Intuition

Position of " [E=rir| )
Left hand | Recover using
marker T~ = . | Dynamics
coT ¢ T 7 7 % % temporal moving
pattern
Position of
right hand A‘D
marker r—r )
missing
KDD 2010 Copyright: C. Faloutsos & L. Li, 2010 39

[Lei Li et al DynaMMo. KDD 2009]

% CMU SCS
LDS with Missing Value

%ﬂ;ﬁo)
i (Az,,Q) (Az,,Q) (A-z3,Q) N(Az,,Q)
hidden states

N(ClzlJR) N(c-z,JR) N(C-zle) NC24R)

observation ° o @

partially
observed

KDD 2010 Copyright: C. Faloutsos & L. Li, 2010 4

% CMUSCS
DynaMMo Illustration:
g estimate all colored elements

\Zl. lj B~ é-x
E

E

Xy

ﬂ

Details in [L|+2009]

g CMU SCS
DynaMMo lllustration: step 1
g estimate hidden variables
\Zl . ﬁ Z .x

8 & &
-

Xy X, X3

42
Details in [Li+2009]
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% CMUSCS
DynaMMo lllustration: step 2

=l estimate missing values
\ﬁ B B B~

—>E|—>

g 8 8
1§

X3

43
Details in [Li+2009]

% CMUSCS
DynaMMo lllustration: step 3

g  Uupdate model parameters

\Zl. B,y 8, ZEI.
E

_

E ﬁ

X3

44
Details in [Li+2009]

% CMUSCS
DynaMMo Intuition, forward-

backward algorithm

» How to recover the missing values?

% CMUSCS
DynaMMo: How to Recover?

idden variables

E e.g. velocity,

\ acceleration
Z @]
el

1]

(1]
CEA| x
O
rojection

matrix E

% CMU SCS g cccccc
DynaMMo: How to Recover?
y Transtion DynaMMO' How to Recover?
E Ao matrix E
Z1 é

rolectlon
matrlx

Xz 47

EEE

Xy X3 48
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% CMUSCS

H

Z

i)
:

E|—>I§|—>

>

.

& &
:

Y I

n 1 N

DynaM Mo: How to Recover?

g CMU SCS
DynaI\/IMo: How to R Q(I,}Ob er?, pass

#
.

B

|

> [T <—HEHEE

CMUSCS

P

O/

Guess
Initial

! Random
i Guess model
| parameters 6 !

Estihﬁéte
Hidden

Updéte

Model

Estimate P(Z|X;0): |
E(z,X;6),
E(z A n|X 6)

estimate
E(X missing|Z;0)
\ ;0),

Fix both X and Z,
estimate new model
parameters 0

argmax E[log(X,Z; 9)]

g CMUSCS

Result - Better Missing Value Recovery

0.025

B near
i - + ~spine
0.02 :\ MSVD
Reconstruction|; ™ gpline ~ L="—2me MSVD
error 0015 3 Linear [Srebro’03]
' Interpolation
0.01
!
i Proposed DynaMMo
0.005
1 20 30 é

Dataset: Average mlssmg Iength

CMU Mocap #16
mocap.cs.cmu.edu

52
more results in [Li+2009

% CMUSCS

KDD 2010

Outline

Copyright: C. Faloutsos & L. Li, 2010

« Intuition, example, and definition
» Extensions
— Handling missing values
q — Switching LDS
— Particle filters
Kalman filters at work

g CMUSCS
Switching LDS: Intuition

 Tracking human motion
— Start from slow walking
— Transition to running for a while
— Gradually stop

 Each part corresponds to a different  #
state & dynamics

=

KDD 2010 Copyright: C. Faloutsos & L. Li, 2010 54
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Switching LDS in Penalty Kick

A=A, C=C,
After hitting ball
S=2, kicking towards right

A=A, , C=C,

From FIFA 2010
57

% CMUSCS g CMUSCS
Switching LDS Switching LDS: example
\?VZ}L?,?QT”Q‘ @4’@ s=1,walking ~ @)—@)—@)—G)—
A=A, C=C, e @
@ @ @ S=2, running @
A=A, ,C=C [s.]
b
© ® 6 $ee s
% CMU SCS g CMU SCS

Estimating Parameters for SLDS

Approximate inference: Variational EM

« Intuition, example, and definition
» Extensions
— Handling missing values
— Switching LDS
# — Particle filters
« Kalman filters at work

KDD 2010 Copyright: C. Faloutsos & L. Li, 2010 59

KDD 2010 Copyright: C. Faloutsos & L. Li, 2010 Ghahramani&Hinton. Variational learning for switching state-space
odels.20001
g CMUSCS g CMU SCS
Outline Particle Filters

« What if non-Gaussian noise?

« Inference using Markov chain Monte Carlo
sampling

[Gordon et al, Nonlinear/non-gaussian bayesian state

estimation 19931

10
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% CMUSCS
Outline

* Intuition, example, and definition
 Extensions
+ Kalman filters at work
q — Segmentation & Compression
— Parallel learning on Multi-core
— Motion Stitching

KDD 2010 Copyright: C. Faloutsos & L. Li, 2010

g CMUSCS
How to Segment

+ Segment by threshold on reconstruction error

5
original data °/\/\/\/
-5

o 50 100 150 200 250 300
x10”
reconstruction ,
error £,
o 50 100 150 200 250 300
KDD 2010 Copyright: C. Faloutsos & L. Li, 2010 62

[Lei Li et al DynaMMo. KDD 2009]

% CMUSCS

Results — segmentation
* Find the transition during “running” to

g CMUSCS

Results — segmentation
* Find the transition during “running” to

“stop”. “‘stop”.
lefthip £ 2 N left hip £
DBD 50 108 150 200 250
08 08 e -l,;
5 - s
left femur £ o8 \/\/\\\/_\i_\ -. ‘- left femur® 08 \/\/\\\/_\i_\ B
B D4EI 50 101 180 200 250 'r ‘ B DAEI 50 100 150 200 250 _‘
S 10° x10°
reconstruction reconstruction _
error o W error > W
DD 50 100 150 200 250 DD 50 100 150 200 250
KDD 2010 frame # 63 KDD 2010 frame # 64
g CMUSCS g CMU SCS
How to Compress (DynaMMo) Outline

Original data w/ missing values

i
i3
i

E
EER

(optimal samples) @

DynaMMo

* Intuition, example, and definition
» Extensions
+ Kalman filters at work
— Segmentation & Compression
q — Parallel learning on Multi-core
— Motion Stitching

KDD 2010 Copyright: C. Faloutsos & L. Li, 2010 66
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A Challenge illustration
Expectation-Maximization Alg.

Timeline for E-step (forward-backward) in learning LDS

¢ oo s o

% CMUSCS
Parallel learning by

Cut-And-Stitch Method

¢ oo s o

Proposed
Cut-And-Stitch

speedup

. Dataset:

58 motion sequences
CMU Mocap #16
mocap.cs.cmu.edu,
tested on NCSA super
computer,

EM algorithm

o] éD 4.0 5‘0
# of processors

EM can Goal:
only use Stepl With2 CPUS  step1
fjmg; Cd:ZtLaJ. Step 2 \ Step 2 \
u
dependency SteP3 — Step3 —
Step 4 \ Step 4 / /
Step 5 — @ @
Step 6 /
Step 7 .
Stzz ’ — [Li et al 2008b]
KDD 2010 Copyright: €. Falouisos & L L, 2010 7 KDD 2010 Copyright: C. Faloutsos & L. Li, 2010 68
[Li et al Cut-And-Stitch. KDD 2008]
% CMUSCS % CMUSCS
It works! i
; Outline
)

« Intuition, example, and definition
« Extensions
+ Kalman filters at work
— Segmentation & Compression
— Parallel learning on Multi-core
# — Motion Stitching

KDD 2010 Copyright: C. Faloutsos & L. Li, 2010 70

EX Motion Stitching

A Database Approach
« Select best g
stitchable o /\ "
segments from a ‘
set of basic motion
pieces and

generate new
natural motions

N

KDD 2010 Copyright: C. Faloutsos & L. Li, 20:

g CMU SCS
Problem Definition

 Given two motion-capture sequences that are to be
stitched together, how can we assess the goodness
of the stitching?

Which stitching looks best?

KDD 2010 Copyright: C. Faloutsos & L. Li, 2010 Q 72
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X Proposed Method:

Laziness Score [Li+2008a]
« Conjecture: less human effort = more natural

Proposed: use Kalman filters to estimate position,
velocity, acceleration > Compute effort/ energy

Take-off point
Query Qal=Va)
sequence o @000
"
Gamret A
=y
! n, AL Injected Frames
N A
\ Al‘
A
I M“"
Landing point  Data (Eyz2)
sequence
KDD 2010 Copyright: C. Faloutsos & L. Li, 2010 73

CMUSCS

Which continues to?
Green or Blue?

KDD 2010 Copyright: C. Faloutsos & L. Li, 2010 74

CMUSCS

Result — Laziness-score prefers
straightforward moving

KDD 2010 Copyright: C. Faloutsos & L. Li, 2010 75
[Li et al Laziness Score. Eurographics 2008]

g CMUSCS

Conclusion
Intuition, example, and definition
— Original kalman filter (known parameters)
« Kalman filtering
« Kalman smoothing
— Kalman filters with parameter estimation (EM)
Extensions
— Handling missing values
— Switching linear dynamical
— Particle filters (MCMC sampling)
Kalman filters at work
— Segmentation & compression
— Parallel learning
— Motion stitching

KDD 2010 Copyright: C. Faloutsos & L. Li, 2010 3
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Software

» DynaMMo code (matlab) for missing value,
compression & segmentation.

« Parallel learning (in C) for LDS

* http://www.cs.cmu.edu/~leili/

« http://www.cs.cmu.edu/~leili/pubs/dynamm
0.2.1.2.zip

« http://www.cs.cmu.edu/~leili/paralearn/para
learn.0.1.zip (running on gcc 4.2.0 above)

KDD 2010 Copyright: C. Faloutsos & L. Li, 2010 79
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