Database Techniques with Motion Capture

Abstract

Motion-capture databases are now large, varied, and widely used. duniseccovers techniques that are
useful for organizing, processing, and navigating such databaggissinclude choice of distance function,
indexing for fast retrieval, and time-series prediction for stitching, segrtienfaand outlier detection.
Current and potential applications are discussed.

Syllabus

e Introduction / Overview (5min)
e Database techniques: Examples in Computer Animation (25min)
e Database techniques: Methods (85min)

— Similarity Search and Database indexing
x Why we need similarity search
x Distance functions (Euclidean, LP norms, time-warping)
x Fast searching (R-trees, M-trees)
— Feature extraction and dimensionality reduction
x DFT
Wavelets
SVD/PCA
FastMap
* ICA

— Linear Forecasting

*

*

*

*

Main idea behind linear forecasting
AR methodology

Multivariate regression

Recursive Least Squares

x De-trending; periodicities

*

*

*

e Wrapup (20min)

— The CMU motion capture database
— Discussion of possible future applications
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Introduction

Over the past decade, motion capture data has moved from being an eggaogiosition, with motion
data a rare and valuable commodity, to a point where many labs are nowdigrtorhave their own motion
capture equipment, and databases of human motion are freely available onbthédlmugh there are
still many open problems related to capturing human motion data reliably, rapidlgcandately, we have
also reached a point where we wish to understand how to make the beastthsedata we already have
available. Challenges include fast retrieval of desired motions, featuretiealéor measuring similarity
between motions, creation of cleaner datasets, identification of outliers, and idéntificbfundamental
characteristics of human motion that can be used to generate believable new root@mbstter understand
the nature of human motion itself.

The aim of this course is to present a selection of core database techifiqtiesay be of use in
computer graphics (CG). Some of these techniques are well known in the @@uwty, and others less
so. Our goal is to review and document these techniques in such a wayrakéothem accessible to a
broader audience in CG, as well as to present examples of their use tomdatpeculate on future use of
these techniques.

Database Techniques: Examples in Computer Animation

Database techniques have been used in a variety of areas in computecgr&ast and flexible database
retrieval algorithms, for example, are of interest for databases of imagen,\and 3D shapes. We fo-
cus here on human motion capture databases and the use of database ésdionignimation of human
characters. Our aim is to present a variety of examples, not a completg sdive field. We welcome
suggestions for additions to this overview.

Motion Retrieval

We begin with the problem of fast retrieval of a desired pose or motion. Mo#wieval is an area where
database techniques are of particular interest, as clever precomputatidracatically improve retrieval
times.

One subclass of retrieval problems is example-based retrieval. Herenglete example motion is
provided as a query, and the goal is to extract from the database all sinaiteoms. This type of query can
be used if a user can easily find a single example of a desired motion (e.g. a senglelexf a jump), and
then wishes to search the database more thoroughly for a specific jump (e.gitbmore energy). This
type of query has also been used to identify motion families (e.qg., all jumps presbatdatabase).

For fast example-based retrieval, Kovar and Gleicher [16] precompuéyaptimal time alignments
of motions for all motion in the database. However, their technique requires adgalaof preprocess-
ing time for sizable databases. Forbes and Fiume [10] demonstrate how clystedrdimensionality
reduction can improve retrieval time for techniques that rely on dynamic timeingar@hiu and his col-
leagues [7] employ clustering using a self-organizing map and separatelysegdments of the body (e.g.,
arms, legs, torso) to improve retrieval times for techniques based on dytiamievarping. Miller and
his colleagues [24, 23, 8] demonstrate how the use of binary featuregraseat pose (e.g., right foot in
front of the body) can produce dramatically faster motion retrieval for tecies that use dynamic time
warping. Keogh et al. [15] observe that fully general dynamic time warpiray not be needed in many
cases, and they present a fast retrieval algorithm for motions that can bedaligil using uniform time
scaling. For retrieval of motion families, Kovar and Gleicher [16] and JenkidsMataric [14] present an



iterative approach, where query results are used as new querie®vd’ ‘@ motion family outward from a
single example.

A second subclass of retrieval problems is retrieval from a small sedrdfals. Here, the goal is to
retrieve detailed motion capture data from a sparse query that could be dbgaiic&ly, cheaply, easily,
or interactively. A number of researchers have developed algorithmsafabase retrieval from a small
set of controls such as may be captured from a pair of cameras or imsxpdracking devices. Hsu
et al. [12] present a dynamic programming technique for assembling best metjoerses based on a
reduced marker set (or other controls). Liu et al. [21, 22] prem®tiee motion database into a hierarchy
of local linear models for fast retrieval of a character pose from a spagsker set. They also attempt to
identify the particular subset of markers that provides the most informatiacturate pose retrieval. Chai
and Hodgins [6] preprocess the motion database by constructing a motion gregytth&n track estimated
actor state within that motion graph, and use the graph to narrow the searasés fhat match the query
at each point in time.

In a third subclass of problems, the user must browse through the datfabdke desired motion.
Sakamoto et al. [29] present a visual interface for retrieving a desired mutigre the user identifies key
postures within a map of poses obtained using a self-organizing map algorittsa.efal. [4] present a
visual synopsis of motions that could aid database browsing. Ren [26]gibares representations that
may help to make motions and motion classes easy to visualize in a browsing-style éterfac

Dimensionality Reduction and Database Compression

Many of the motion retrieval algorithms mentioned above make use of some form of dionality re-
duction, including Principal Component Analysis (PCA) [10], local linear models §2, and nonlinear
dimension reduction [14].

These and related techniques have been used for other resedstdnsdn character animation. For
example, PCA has been used by Safonova et al. [28] to create a reducetbidinaé space within which
to optimize human motion. Notably, they use this reduced dimensional space ongdéordant degrees
of freedom, allowing them to maintain desired contact constraints such apléods. Arikan [1] makes
use of clustered PCA specifically for human motion database compression. Nat@ylyzompress the
feet separately for better reconstruction of foot contact. Pan et dIsgfarate motion into components
using Independent Component Analysis (ICA), with the goal of identifymeguningful independent features
of the motion. Shapiro et al. [30] also use ICA to separate out components of mottorther goal of
recombining them in various ways to alter motion style. Linear dynamic models havelmgsoyed by Li
et al. [20] in the construction of motion textons, which allow creation of extenddd/arnable sequences
of human motion. Grochow et al. [11] use a Scaled Gaussian Process Latiatié/&Model to map poses
into a low dimensional space that can be used to do a form of intelligent inki@esmatics, returning poses
in response to user input that are highly probable given a training datase

Motion Segmentation and Classification

Segmentation and classification are of interest for automatically labelling motion datalvetfesarea of
segmentation, Fod et al. [9] divide motion into very short primitive segments byrigak zero-velocity
crossings. Barldi et al. [5] explore three techniques for segmenting motions into higher levavioes

such as running, walking, and jumping. The main idea is to segment motions at pbirs lkecal models
of the motion created for windows before and after the segmentation point doatoh each other well.
Probabilistic PCA is recommended for construction of these local models.



For motion annotation, Arikan et al. [3] present an approach that makeg 8sgport \ector Machine
classifiers to create annotations such as “carry” and “jump’llléd and his colleagues [24, 23, 8] use
vectors of binary features (e.g., right foot in front of the body) torldamplates for motion classes. These
motion classes can then be used to annotate new motions with the appropriate motion class.

Distance Metrics

Distance functions determine how motions are clustered, compressed, indekest &earch, formed into
motion graphs, etc. Computing the distance between motions requires understandimgtian may be
timewarped, as considered briefly in the section on Motion Retrieval. Howewesjder just the simple
guestion of how to measure differences between character state at td®ipdime.

Weighted Euclidean distance between poses is the most commonly used distamce Peetraps the
most straightforward choice is weighted Euclidean distance with a state vedtoptisasts of joint angles
and angular velocities (e.g., [19]). Wang and Bodenheimer [31] investigan optimal weighting for this
distance metric through human-subjects experiments. A number of resesanelve argued for weighted
Euclidean distance on 3D Cartesian points instead of using joint angles pbiets may be located at the
joint positions (e.g.,[2]), more densely sampled on the surface of the chafager17]) or formed into
a 3D coordinate system placed at joint positions (e.g., [1]jllé&d and his colleagues [24, 23, 8] compute
distance based on vectors of binary features (e.qg., right foot indfdhé body). Li et al. [20] use a statistical
two level Markov approach to learn basic motion textons, and use the transit@indiéd between the
textons as the distance metric for determining whether those textons may besfutlg stitched together.

Arikan [1] suggests that for the application of database compression, tedifhclidean distance met-
rics (and other related metrics) may not capture true perceptual distaretles Certainly, unexpected
foot sliding may cause large perceptual error that is not captured wedlbly metrics. (See, for exam-
ple [13, 1, 18] for further discussion of this topic.) The jury is still out avod distance functions for
animation, and we believe that a better understanding of how we perceivaltauman motion (e.qg., fol-
lowing on the studies of Ren et al. [27], Ikemoto et al. [13] and many otlwélishe necessary to answer
this question.

Database Techniques: Methods

The slides that follow give an overview of database techniques that magdfel in computer graphics,
with a specific focus on potential applications in computer animation.

Wrapup

In the course itself, we will follow presentation of these methods with a wraphpre we speculate on
how these techniques may be of use in solving some of the outstanding isswedieid today, especially
issues related to memory, speed, and smooth generation of motion.
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Outline

« Similarity Search and indexing
» Feature extraction
 Linear forecasting
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Problem #1: Similarity Search
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Query mo-cap

Data mo-caps
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Problem #2: Dim. reduction

 Can we describe it
with fewer numbers?

/\_/\/\
73 angles{ SN
(or positions)

Eg., 2,000 time-ticks
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Problem#3: Forecast
Givenx, X4, ..., forecask,,,

Time Tick
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#3': Co-Evolving Time Sequences

» Given: A set ottorrelated time sequences
» Forecastshoulder(t)
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« Similarity search and indexing
# — distance functions
— R-trees; M-trees

» Feature extraction and dim. Reduction
 Linear Forecasting
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Importance of distance functions

Subtle, butabsolutely necessary

« A ‘must’ for similarity indexing (->
forecasting)

* A ‘must’ for clustering

Two major families
— Euclidean and Lp norms
— Time warping and variations
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Euclidean and Lp

n
ey L DRH=X 05w
(L )
e Lp(Q,{/J)=ZI>e—yi k

L ,: city-block = Manhattan
L, = Euclidean
ol_oo
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Observation #1

« Time sequence -> n-d
vector

/\\/ Day-n

Day-1

SIGGRAPH 07 Pollard, Hodgins, Faloutsos Part2.1 #11

’g CMU SCS

Observation #2
. . ) Day-n
Euclidean distance is
closely related to
— cosine similarity
— dot product

— ‘cross-correlation’
function
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Time Warping

A.k.a. Dynamic Time Warping (DTW)

allow accelerations - decelerations
— (with or w/o penalty)

THEN compute the (Euclidean) distance (+
penalty)

related to the string-editing distance
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Time Warping

‘stutters’:
'/\ ¥\ /\ /
WA
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o Skip »

Time Warping

Q: how to compute it?
A: dynamic programming
D( 1, j) = cost to match

prefix of lengthi of first sequencex with prefix
of lengthj of second sequenge
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o Skip »

Time Warping

Thus, with no penalty for stutter, for sequences

Xp, Xor ooy X Vi Yor ooen Y

D(i-1j-1) ho stutter
DG, j) =[¥i]- ¥ j]|+min D(, j -1) x-stutter
D(i-1 1)) y-stutter
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Time Warping

e Time warping matrix & optimal path:

No stutters

Y
/\/\/\/\ X
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Time Warping

« Time warping matrix & optimal path:

4 All stutters
Y, x N times;
Xy X M times

Y
/\/\/\/\X
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Time Warping - variations

e Time warping matrix & optimal path:

At most k stutters:
Sakoe-Chiba band

Y
/\/\/\/\X
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Time Warping - variations

« Time warping matrix & optimal path:

At most x% stutters
Itakura parallelogral

Y
/\/\/\/\X
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e Skip »

Time warping

o Complexity: O(M*N) - quadratic on the
length of the strings

« Many variations (penalty for stutters; limit
on the number/percentage of stutters; ...)

» popular in voice processing
[Rabiner+Juang]

« Seems suitable for mo-cap
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A variation: Uniform axis scaling

e Stretch / shrink time
axis of Y, up to p%,
for free

| \ « THEN compute
Euclidean distance

x * [Keogh+, VLDBO4]

I~ Y

—~— T
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Other Distance functions

» piece-wise linear/flat approx.; compare
pieces [Keogh+01] [Faloutsos+97]

 ‘cepstrum’ (for voice [Rabiner+Juang])
— do DFT,; take log of amplitude; do DFT again!

 Allow for small gaps [Agrawal+95]
See tutorial by [Gunopulos, Das, SIGMODO01]
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Conclusions

Prevailing distances
— Euclidean and
— time-warping / uniform axis scaling
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Outline

« Similarity search and indexing
— distance functions
# — R-trees; M-trees
e Feature extraction and dim. Reduction

 Linear Forecasting
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Indexing

Problem:

 given a set of time sequences,

« find the ones similar to a desirable query
sequence
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$price

AN\ $price

1 365
: day :
$price 1 365
day
: distance function: bgxpert
1 365
day
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L. Knesg

A\ L. Knee

: j\/A/“—\\,f

1 365
: Time-tick ;
L. Knee 1 365
: distance function: bgxpert
1 365
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ldea: ‘GEMINI’

Eg., find stocks similar to MSFT’
Seq. scanning: too slow

How to accelerate the search?
[Faloutsos96]
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‘GEMINI’ - Pictorially

...................................................... eg,. std
S1 | "\ 3 o F(S1)
L
1 365
: day
o \ _eg, avg
L
1 365
day
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Important:

Lower-bounding Lemma:

If the feature-distance-function lower-bounds
the actual distance

Then we can guarentee no false dismissals
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GEMINI

Solution: Quick-and-dirtyfilter:
 extractn features (numbers, eg., avg., etc.)
e map into a point im-d feature space

e organize points with off-the-shelf spatial
access method (‘SAM’)

e discard false alarms
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Examples of GEMINI

* Time sequences: DFT (up to 100 times
faster) [SIGMOD94],

» [Kanellakis+], [Mendelzon+]

SIGGRAPH 07 Pollard, Hodgins, Faloutsos Part2.1 #33

Lg CMU SCS
Examples of GEMINI

Even on other-than-sequence data:
Images (QBIC) [JI1S94]

tumor-like shapes [VLDB96]

video [Informedia + S-R-trees]
automobile part shapes [Kriegel+97]
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Indexing - SAMs

Q: How do Spatial Access Methods (SAMSs)
work?

A: they group nearby points (or regions)
together, on nearby disk pages, and answer
spatial queries quickly (‘range queries’,
‘nearest neighbor’ queries etc)

For example:
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’g CMU SCS

R-trees

« [Guttman84] eg., w/ fanout 4: group nearby
rectangles to parent MBRs; each group ->
disk page |

nitll
DACD e ¥

5 =
ED J
D
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R-trees

* eg., w/ fanout 4:

P1 P3 I
DA cLl [Tl
v —CGH
ED e
P2 o[e | | [Flo |
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R-trees

* eg., w/ fanout 4:

P1 P3
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ED oq 9 Wil
i ofel ] Trlel ||
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R-trees - range search?

AlBlc |

CNEN

oe | | [Flg |

P1 P3|
DACD =il
B FEH
4} P4 |
P2|[D
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P1

R-trees - range search?

CL
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B

P2

D

I
; Ii-D
H

P4

olel [ | [Fle [

SIGGRAPH 07

Pollard, Hodgins, Faloutsos

Part2.1 #40

20



’g CMU sCS @

R-trees - format of nodes

* {(MBR; obj-ptr)} for leaf nodes

P1P2 P3R4
x-low; x-high o
y-low; y-high Btrj AlBlc] |
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R-trees - format of nodes

* {(MBR; node-ptr)} for non-leaf nodes
x-low; x-high

N
y-low; y-high1Ode

ptr | /
AlB C| |

P1P2 P3P
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R-trees - nn search

SIGGRAPH 07

. P1 P3 |
DACD lSiil
B Foo
° ED pa| Y
p2lD

Pollard, Hodgins, Faloutsos

Part2.1 #43

’g CMU SCS

R-trees - nn search

* Q: How? (find near neighbor; refine...)

SIGGRAPH 07

. P1 P3|
AcClLll [Co&Til
B Foo
o ED P4
2D

Pollard, Hodgins, Faloutsos

Part2.1 #44
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’g CMU SCS
R-trees - nn search

« Al: depth-first search; then, range query

. P1 P3
achl el
B Foo
q o ED p4|Y
P2|D
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’g CMU SCS
R-trees - nn search

« Al: depth-first search; then, range query

. P1 P3|

aclll  [eild

B Foo

q o ED p4|Y
P2(D
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’g CMU SCS
R-trees - nn search

« Al: depth-first search; then, range query

P1 P3 |
DA clLl| [=&til
| ¥

7

B
q \'Pz\b ED P4/
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’g CMU SCS
R-trees - nn search

» A2: [Roussopoulos+, sigmod95]:

— priority queue, with promising MBRs, and their
best and worst-case distance

SIGGRAPH 07 Pollard, Hodgins, Faloutsos Part2.1 #48
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Lg CMU SCS
R-trees - spatial joins

Spatial joins: find (quickly) all
counties intersecting lakes

£y
/ ) Q

SIGGRAPH 07 Pollard, Hodgins, Faloutsos Part2.1 #49

Lg CMU SCS
R-trees - spatial joins

Spatial joins: find (quickly) all
runs similar to walks

(ﬂ@ Q

@ ® ©

SIGGRAPH 07 Pollard, Hodgins, Faloutsos Part2.1 #50
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R-trees - spatial joins

Spatial joins: find (quickly) all
counties intersecting lakes

L3
a @
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Lg CMU SCS
R-trees - spatial joins

Spatial joins: find (quickly) all
counties intersecting lakes

Y

SIGGRAPH 07 Pollard, Hodgins, Faloutsos Part2.1 #52
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R-trees - insertion

e eg., rectangle 'Y’

skip )

P1 P3
achl et
JB F -H /
= 3 ||| alslel
Y E P4
P2|D .
olel [ | [Flg [ |
SIGGRAPH 07 Pollard, Hodgins, Faloutsos Part2.1 #53
x skip )

R-trees - insertion

* eg., rectangle 'Y’. extend suitable parent.

P1 P3
DA cLl [T

(3 S e | I

YFH ED E
2B o[elv[ | [Flel |

Part2.1 #54
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R-trees - insertion

* On leaf page over-flow: split
— And possibly, propagate the split upwards
— (~like B-trees)

» A *lot* of variations, for insertion and

deletion

* Initial R-trees, and ""R*-trees”, are good
choices.
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’g CMU SCS

Outline

« Similarity search and indexing
— distance functions
# — R-treesgdiscussion M-trees
* Feature extraction and dim. Reduction
 Linear Forecasting
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How to index for uniform axis
scaling (and DTW)?

» A: [Keogh+, VLDB'04]
» Piece-wise bounds: stretch/shrink by p%

—
2 For each data sequence
(7p]
S /
o
time

SIGGRAPH 07 Pollard, Hodgins, Faloutsos Part2.1 #57

’g CMU SCS

How to index for uniform axis
scaling (and DTW)?

» A: [Keogh+, VLDB'04]
» Piece-wise bounds: stretch/shrink by p%

%
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’g CMU SCS

How to index for uniform axis
scaling (and DTW)?

» A: [Keogh+, VLDB'04]
» Piece-wise bounds: stretch/shrink by p%

Consider the shaded area

% And cover it with MBRs
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’g CMU SCS

How to index for uniform axis
scaling (and DTW)?

» A: [Keogh+, VLDB'04]
» Piece-wise bounds: stretch/shrink by p%

<
N

= Consider the shaded area
== And cover it with MBRs
And use them for
. lower-bounding

>

— - .
— . indexing
Same duration
SIGGRAPH 07 Pollard, Hodgins, Faloutsos Part2.1 #60
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How to index for uniform axis
scaling (and DTW)?
« A: [Keogh+, VLDB'04]
» Piece-wise bounds: stretch/shrink by p%

v Just from the MBRs,

= the blue sequence
/“/ does NOT qualify

wrt thepink one

SIGGRAPH 07 Pollard, Hodgins, Faloutsos Part2.1 #61

’g CMU SCS
Outline

« Similarity search and indexing
— distance functions
# — R-trees; discussioM-trees

» Feature extraction and dim. Reduction
 Linear Forecasting
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31



’g CMU SCS
Metric trees

« Additional variations, when we don’t want
to extract features:

* M-trees (=metric trees) [Ciaccia+]
— Spheres within spheres

 OMNI-trees [Filho+]: choose vantage
points
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’g CMU SCS
Metric trees

« What if we only have a distance function
d(ol, 02)?

SIGGRAPH 07 Pollard, Hodgins, Faloutsos Part2.1 #64
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’g CMU SCS

Metric trees

e (assumption: d() is a metric: positive;
symmetric; triangle inequality)

» then, we can use some variation of ‘Vantage
Point’ trees [Yannilos]

* many variations (GNAT trees [Brin95],
MVP-trees [Ozsoyoglu+] ...)
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’g CMU SCS

Metric trees
 Finally: M-trees [Ciaccia, Patella, Zezula,

vidb 97]
* M-trees = ‘ball-trees’: groups in spheres

SIGGRAPH 07 Pollard, Hodgins, Faloutsos Part2.1 #66
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Metric trees

 Finally: M-trees [Ciaccia, Patella, Zezula,
vidb 97]

* M-trees = ‘ball-trees’: Minimum Bounding
spheres

Pollard, Hodgins, Faloutsos Part2.1 #67

’g CMU SCS

Metric trees

« Search (range and k-nn): like R-trees
» Split? Several criteria (see paper)

SIGGRAPH 07 Pollard, Hodgins, Faloutsos Part2.1 #68
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Outline

« Similarity search and indexing
— distance functions
# — R-trees; discussion; M-tregSMNI family
* Feature extraction and dim. Reduction
 Linear Forecasting
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Lg CMU SCS
Metric trees - OMNI trees

* How to turn objects into vectors?

« (assume that distance computations are
expensive; we need to answer range/nn
gueries quickly)

SIGGRAPH 07 Pollard, Hodgins, Faloutsos Part2.1 #70
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Metric trees - OMNI trees

* How to turn objects into vectors?

 A: pick n‘anchor’ objects; record the
distance of each object from themn-¢l
vector
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Lg CMU SCS
Metric trees - OMNI trees

* How to turn objects into vectors?

« A: pick n‘anchor’ objects; record the
distance of each object from themn-¢l
vector

s

SIGGRAPH 07 Pollard, Hodgins, Faloutsos Part2.1 #72
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Metric trees - OMNI trees

» Result: faster than M-trees and seq.
scanning (especially if distance
computations are expensive)

« Can answer all the usual types of queries
(range, nearest neighbors, etc)
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’g CMU SCS

Conclusions

» Fast indexing: through GEMINI
— feature extraction and

— (off the shelf) Spatial Access Methods
[Gaede+98]

e or metric trees (M-trees, OMNI)

» Subtle point: for highntrinsic
dimensionality, use seq. scan.
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Books

e C. FaloutsosSearching Multimedia Databases by Content
Kluwer Academic Press, 1996 (introduction to GEMINI)
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’g CMU SCS

Outline

« Similarity search and indexing
» Feature extraction and dim. Reduction

# — FastMap

— PCA/SVD
— more on PCA/SPIRIT; ICA
— DFT; Wavelets

 Linear Forecasting
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Lg CMU SCS
MDS / FastMap

 but, what if we have NO points to start
with?
(eg. Time-warping distance)

« A: Multi-dimensional Scaling (MDS) ;
FastMap

SIGGRAPH 07 Pollard, Hodgins, Faloutsos Part2.2 #4




g CMU SCS
MDS/FastMap

~100
01 |02 |03 |04 |05 —

o1 |0 |1 |1 |100]|100
02 |1 |0 |1 |100]100
03 |1 |1 |o |100]100
04 |100 |100|100]0 |1 <7t -
05 |100 [100 [100 |1 |0
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’g CMU SCS

MDS o
J
&« — — —er7
Multi Dimensional ‘&\ / \

Scaling

“ g
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g CMU SCS
FastMap

* Multi-dimensional scaling (MDS) can do
that, but iInO(N**2) time

» FastMap [Faloutsos+95] takes O(N) time

SIGGRAPH 07 Pollard, Hodgins, Faloutsos Part2.2 #7

g CMU SCS
FastMap: Application

VideoTrails [Kobla+97]

scene-cut detection (about 10% errors)
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’g CMU SCS
Outline

« Similarity search and indexing

* Feature extraction and dim. reduction
— FastMap
B - PCA/SVD
— DFT; Wavelets
— more on PCA/SPIRIT; ICA

 Linear Forecasting
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’g CMU SCS
SVD

» THE optimal method for dimensionality
reduction
— (under the Euclidean metric)
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’g CMU SCS

Singular Value Decomposition

e SVD (~LSI ~ KL ~ PCA ~ spectral
analyS|5---) LSI: S. Dumais; M. Berry

Right KL: eg, Duda+Hart

elbow PCA: eq., Jolliffe
Details: [Press+],
[Faloutsos96]
Left knee

SIGGRAPH 07 Pollard, Hodgins, Faloutsos Part2.2 #11

’g CMU SCS

SVD — Definition & how-to
s A=UAVT-example:
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’g CMU SCS

SVD — Definition & how-to
« A=UAVT-example:

_ NST
timeg - x E x Ifl vl
For ‘centered PCA’,
m—— zero-mean the columns
SIGGRAPH 07 Pollard, Hodgins, Faloutsos Part2.2 #13

’g CMU SCS
SVD

» Extremely useful tool

— (also behind PageRank/google and Kleinberg’s
algorithm for hubs and authorities)

* But may be slow: O * M * M) if N>M
e any approximate, faster method?
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Lg CMU SCS
SVD shorcuts

* random projections (Johnson-Lindenstrauss
THM [Papadimitriou+ pods98])

[ _J
[ J
o /°v
® o
[ J
SIGGRAPH 07 Pollard, Hodgins, Faloutsos Part2.2 #15

Lg CMU SCS
Random projections

 pick ‘enough’ random directions (will be
~orthogonal, in high-d!!)

» distances are preserved probabilistically,
within epsilon

 (also, use as a pre-processing step for SVD
[Papadimitriou+ PODS98])

SIGGRAPH 07 Pollard, Hodgins, Faloutsos Part2.2 #16




’g CMU SCS
Books

« William H. Press, Saul A. Teukolsky, William T.
Vetterling and Brian P. Flanneritumerical
Recipes in C Cambridge University Press, 1992,
2nd Edition. (Great description, intuition and code
for SVD)
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Outline

« Similarity search and indexing

» Feature extraction and dim. Reduction
— FastMap
— PCA/SVD
M) - more on PCA/SPIRIT; ICA
— DFT; Wavelets

 Linear Forecasting
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Motivation:

(Q1) Find patterns in data
» Motion capture data (broad jumps)

— Pattern 1: along

8

Left an,: .
gm I|‘ I |}\
AP L
Tt R Take-off
§ ! ‘ i Landing
Energy exerted 5 | ||'”|
il .‘ ‘Ii"\ /
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’g CMU SCS
Motivation:
(Q1) Find patterns in data
Right Knee
 Human would say

diagonal 1]
— Pattern 2: along Pl
vertical axis 60:1 =
« How to find these I
automatically?
SIGGRAPH 07 Pollard, Hodgins, Faloutsos

Part2.2 #24
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Motivation:
(Q2) Find hidden variables

Alcoa

; Py
< /Mf“'“rrw‘w e
=<
L ‘_U/V_Ah_ﬂfw‘f“
. 1990 1891 1992 1983 1994 1995 1996 1997 1998 1999 2000 2001 2002
American A ——— " ‘ ‘ —
il
Express 5 % T s e TOTTR
S ; 1
“}:990 1991 1992 1993 1994 1995 1996 1997 1998 1999 2000 2001 2002
Boeing e : : ‘ T
T x P i 1
IR — i

' B L . " '
SS90 1831 19 983 1994 1695 1996 1997 1998 1959 2000 2001 2002

Caterpillar i mm
P T w el F‘md common
e g hidden variables,
1990 1991 1992 1983 1994 1995 1996 1997 1998 1998 2000 2001 2002 .
G oo B : : : — and weights.
iti Grou
P O 5 ,_,.,.ﬂ'\_,f"fwvw i

s
1990 1991 1992 1983 1994 1995 1996 1997 1995 1988 2000 2001 2002

Dow Jones Industrial Average
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’g CMU SCS

Motivation:
(Q2) Find hidden variables

1 — —T
k= g W
€ % A il ned B R 4
o] O rd
< T W z ™ W
] B st . . . P | I e e L L
"1990 1891 1892 1963 1994 1985 1996 1997 1998 1999 2000 2001 2002 _JE0 1e91 1992 1893 1994 1885 1996 1987 1988 1989 2000 2001 2002

Caterpillar Intel

BicaTt
B1,iNnTC

L

~

PR A
A \\"'L. ey J’W "l,vlw
v

P

)
e
i

Eoo
s o N,
1 B Frm Bt My

Hidden*
& 4y
Hidden2
o 4w

oo a1 iee2 1603 1904 1905 7008 o7 9es ees oo Zoo1 Zooz T Gear e NN RRA, AR MOBN ey o e oo meas pacs
Hidden variable 1 Hidden variable 2
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1 ‘ (.Q .) - e 9] e - - . T
" ™, el E M
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0.94
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“General trend” “Internet bubble”
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Find hidden variables

ICA: also known as ‘Blind Source Separation’
‘cocktalil party problem’

— in a party, we can hear two concurrent conversations,
— but separate them (and tune-in on one of them only)
http://www.cnl.salk.edu/~tewon/Blind/blind_audio
.html

(in stocks: one ‘discussion’ is the general economy
trend; the other ‘discussion’ is the tech-stock boom

SIGGRAPH 07 Pollard, Hodgins, Faloutsos Part2.2 #28
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Problem formulation
e Given n data items, each has m attributes
* Find the m hidden variableshd the m bases

'X11, X12, ..., X1 ' H11, Hi2, ... | Him Bll, Bi2, ..., Bim
.02 .

|Xn1, Xn2, Ceay Xnn{ Hnl, Hn2, HnTT Bml, Bm2, vey Bm_m

Samples of the m-th hidden variable

X=HB

Pollard, Hodgins, Faloutsos Part2.2 #29
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Formulation: (Q1) Find patterns in
data

H11, Hi2 Basis 1
.2

H ni, Hn2

Right Knee

Left Knee Right Knee

‘ oo
| | &7
| “ar Vo /" 7 = ALT0Spiit Bases

== PCABases

Part2.2 #30
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* Formulation: (Q2) Find hidden

variables
[AA1, ..., XOM1 Hiid Hiz, ..., Him|[B1, Biz, ..., Bim

B ?
' Bml, Bm2, ...,Bmm

AAn, ey XOMn Hny Hn2, ey Hnm

Date Hidden variable

= NP ey AP
8 B I GO

;m ‘\;:J:a‘a, w'q; dema aman mma e 1mea deem o sdon seht soas Date
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PCA sometimes misses essential
features

* Best SVD axis: not always meaningful!

SIGGRAPH 07 Pollard, Hodgins, Faloutsos Part2.2 #32
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Batch-AutoSplit at work

‘Sparse coding’ :
most points have ~zero »
for one or both coefficients

=0 = -10 o 10 20

Converge
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X Q1: Find patterns

Take-off Landing

: R
— Landing: both o /
knees s
. g il 4
— Take-off: right knee ;° || //; I
1 il | ‘:\“ . // /
— Right-handed actor - 7 EEE

60:1 ==

m=2, n=550
1:1
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Q2: Find hidden variables (DJIA

stocks)
» Weekly DJIA closing prices

— 01/02/1990-08/05/2002, n=660 data points

— A data point: prices of 29 companies at the time
Alcoa
= Awﬂwﬂﬂ*“'ﬂ*‘*u“{h""" ‘
e IR SR T
Express % = R R e ~{
P o e e wes tees wes eer ess e Zoos oy Toe
Boeing = | 4,AV_,/~““M'"—’""’/W>NLN «{
b= = ww sy e e e Wes e Seoo Fob1 o
Caterpillar = = - o PTG i ~{
ST e e e e W e Tan o e
Citi Group © = i P T ~{
e e mes ween oee weor 7ess ies Zess meaT oam
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(Q2) Characterize hidden variable by

the companies it influences

1 T
E £ » E 5 M
g Tl P et ki !
g il O sl < — il
] M e . I . L e = = sl . L
G0 101 19 1003 1004 1095 1936 1097 998 10w 2000 2001 200 W0 1N NI WU 034 1995 1995 WO WOE WG9 2000 2001 202
Caterpillar 1 Intel
Bl,CAT ...... 0.94
.................... 0.63
Bi,nTC |/
L ~J
P A ’f""'\'\
3 P Iﬂf\‘"t iy IM "l,f' E “ IJ l\
- o~ Lo = g e,
I /m‘ww,\,/m/“ g : i = ’\«A»VMAMVV‘VM‘J”M'NJ i \‘ =
R aT TR T T e T e R T B R T T e T T
L
“General trend” “Internet bubble”
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variable 1

¥ “* Companies related to hidden

Bi1,j
Highest Lowest

Caterpillar 0.938512 AT&T 0.021885

Boeing 0.911120 WalMart 0.624570

MMM 0.906542 Intel 0.638010
Coca Cola 0.903858 Home Depot | 0.647774

Du Pont 0.900317 Hewlett-Packard | 0.658768

§ ; . ;\/I’;*._.. “‘I_“_J;“L Li__-h ,ﬂ\(ﬂ __a;"'""‘" -

— . . . . . . “ ”
o900  1w91  1@e2  1oea  1@a+4 1995 iees 199y  ja@ea 1999 eneral tren
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m Speech motion of

Speech motion Dataset

sentences in 5 emotion moods:

Frustrated sentences
Happy sentences
Neutral sentences
Sad sentences

Angry sentences

m Each motion:

motion capture markers
seconds




Facial Motion Decomposition and Reconstruction

Facial motion
New representation

in ICA space

u=(PA)"(x-E%)

-—

x=Ex +PAu

Content: speech related motion

Stepl: Using each independent component to reconstruct facial motion

20



n Style: Emotion

Quantitatively

Same speech, different emotion

MZ

//,\ \\
3 V:L
fpmm——} .

N ‘\\

—_—

Frustrated

Running & Walking (Copy &
Replace)

Walk style

PETROS FALOUTSOS ET AL, 2006 LA UCLA)
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’g CMU SCS
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’g CMU SCS
Outline

« Similarity search and indexing

» Feature extraction and dim. Reduction
— FastMap
— PCA/SVD
— more on PCA/SPIRIT; ICA
q — DFT; Wavelets

 Linear Forecasting
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Lg CMU SCS
Problem #2: Dim. reduction

 Can we describe it
with fewer numbers?

/\_/\/\
73 angles{ W/\
(or positions)

Eg., 2,000 time-ticks

SIGGRAPH 07 Pollard, Hodgins, Faloutsos Part2.2 #48
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Lg CMU SCS
What does DFT do?

A: highlights the periodicities
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* Skip >
DFT: definition

e For a sequence, X;, ... %1
» the (-point) Discrete Fourier Transform is

o Xo» Xiy ove Xiq

n-1
X, =1/Jn Y x*expCj2mtf /n)  f=0K ,n-1
t=0

(i=+-1) inverse DFT

n-1
x =1/4/n Y X, *exp@j2rmtf /n)
t=0
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g CMU SCS
DFT: Amplitude spectrum

Amplitude: A~ =R€(X,) +Im*(X,)

count

‘ ——actual mean mean+freq12 ‘
E—

year Freq.
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Ampl.

vl
o o O @«
b N O -

g CMU SCS
DFT: Amplitude spectrum

count

‘ —— actual == mean mean+freq12 ‘

/\/\/\ 4 [\ M/\
[VAVAVAVAYAVAVAVAVRVAY

ey
o O O =
5 N O &
e

year Freq.
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g CMU SCS
DFT: Amplitude spectrum

count

‘ ——actual —— mean === mean+freq12 ‘

AAmAﬂmAA&N A

VUVVVVVUV VUV

year Freq.
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g CMU SCS
DFT: Amplitude spectrum

» excellent approximation, with only 2
frequencies!

e SO what?
‘— actual —— mean —— mean+freql12 ‘
AAmAAmAA&Mm
VRYAVAVAVAVAVAWAVAVRVA' |
RTRTRTE T e e e o
Freq.
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Lg CMU SCS
DFT: Amplitude spectrum

excellent approximation, with only 2
frequencies!

so what?
Al: (lossy) compressio
A2: pattern discovery YR T EEE 3
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Lg CMU SCS
DFT: Amplitude spectrum

excellent approximation, with only 2
frequencies!

S O W h at? ‘ —actual —— mean —— mean+freql2 ‘

Al: (lossy) compressio /\ A L\
A2: pattern discovery | 1/ wmwM/ WL
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Lg CMU SCS
DFT - Conclusions

* It spots periodicities (with the
“amplitude spectrum’)

e can be quickly computed (@(log n)),
thanks to the FFT algorithm,

 standard tool in signal processing
(speech, image etc signals)

 (closely related to DCT and JPEG)
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’g CMU SCS

Outline

« Similarity search and indexing

* Feature extraction and dim. Reduction
— FastMap
— PCA/SVD
— more on PCA/SPIRIT; ICA
# — DFT; Wavelets

 Linear Forecasting
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Lg CMU SCS
Wavelets - DWT

* DFT is great - but, how about compressing
a spike?

valu

time
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Lg CMU SCS
Wavelets - DWT

e DFT is great - but, how about compressing
a spike?
* A: Terrible - all DFT coefficients needed!

valu Ampl
12 13
0.8 4
N 0.6 4
0.4
0.2 4
O+—T—"T—T—"TT"—TT—T—TT—TT—TT7
78 8 1011 1213 14 35 16 T s T e w5
time
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Lg CMU SCS
Wavelets - DWT

* DFT is great - but, how about compressing
a spike?
* A: Terrible - all DFT coefficients needed!

12
1
0.8
0.6
0.4
0.2 7 — N
7 8 9 10 11 12 13 14 15 16 o =7 || e

t- 12 3 4 5 6 7 8 9 10 11 12 13 14 15 16
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valu

Lg CMU SCS
Wavelets - DWT

« Similarly, DFT suffers on short-duration
waves (eg., baritone, silence, soprano)

value

~ N
)

time
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Lg CMU SCS
Wavelets - DWT

e Solution#1: Short window Fourier
transform (SWFT)

e But: how short should be the window?

freq . value N\

[\

-

time
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Lg CMU SCS
Wavelets - DWT

* Answer:multiple window sizes! -> DWT
Time
domain DFT SWFT  DWT
freq

time
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’g CMU SCS
Haar Wavelets

 subtract sum of left half from right half
 repeat recursively for quarters, eight-ths, ...

N |
— Y |
SIGGRAPH 07 Pollard, Hodgins, Faloutsos Part2.2 #65

£ Skip »

Wavelets - construction

X0 x1 x2 X3 x4 x5 x6 x7
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’g CMU SCS

level 1

Skip >

Wavelets - construction

dlo 10 S .......
\igé\kl \§<x3 x4 x5 x6 X7
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’g CMU SCS

level 2

Skip >

Wavelets - construction

s2,0

NZA

$1,0411 1.1 «eeeee

d1,0 1311
\igé\kl X2 X3 x4 x5 x6 X7

d2,0

SIGGRAPH 07 Pollard, Hodgins, Faloutsos Part2.2 #68
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o Skip »

Wavelets - construction

etc ...

s2,0

d1.,0 SlO 1311 .......
\igé\kl X2 X3 x4 x5 x6 X7
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o Skip »

Wavelets - construction

Q: map each coefficient
f

on the time-freq. plane
s2,0

AN t

sl Odl 1 Sll .......

d1,0
\igé\kl X2 X3 x4 x5 x6 X7
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d2,0
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’g CMU SCS

Skip

Wavelets - construction

Q: map each coefficient

on the time-freq. plane
s?2 0

f

y
//I

d2,0

di,

ANAY

0 x1 x2

Sl'odl,l S1,1 e

\
X3 x4 x5 x6 X7
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’g CMU SCS

Haar wavelets - code

#!/usr/bin/perl5

# expects a file with numbers

# and prints the dwt transform

# The number of time-ticks should be a power of 2
# USAGE

# haar.pl <fname>

my @vals=();
my @smooth; # the smooth component of the signal

my @diff; # the high-freq. component

# collect the values into the array @val

my $len = scalar(@vals);
my $half = int($len/2);
while($half >= 1
for(my $i=0; $i< $half; $i++){
$diff [$i] = ($vals[2*$i] - $vals[2*$i + 1] )/ sqrt(2);
print "\t", $diff[$i];
$smooth [$i] = ($vals[2*$i] + $vals[2*$i + 1] )/ sqrt(2);
}
print "\n";
@vals = @smooth;
$half = int($half/2);
}

while(<>){ print "\t*, $vals[0], "\n";  # the final, smooth component
@vals = ( @vals, split);

}

SIGGRAPH 07 Pollard, Hodgins, Faloutsos Part2.2 #72
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Wavelets - construction

Observationl:
‘+’ can be some weighted addition

‘-’ Is the corresponding weighted difference
(‘Quadrature mirror filters’)

Observation2: unlike DFT/DCT,

there are *many* wavelet bases: Haar, Daubechie$

4, Daubechies-6, Coifman, Morlet, Gabor, ...
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Lg CMU SCS
Wavelets - how do they look

like?

* E.g., Daubechies-4

Amplusis

Aerpllicde
& 2 2 2 =
i i F 5 E .

ssssssss
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Wavelets - how do they look

O Tl bl 5

Amplusis

I

Aerpllicde
& 2 2 2 =
i i F 5 E .

SIGGRAPH 07

like?

* E.g., Daubechies-4

?
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’g CMU SCS

Wavelets - how do they look

O Tl bl 5

Amplusis

Aerpllicde
& 2 2 2 =
i i F 5 E .

SIGGRAPH 07

like?

* E.g., Daubechies-4

Pollard, Hodgins, Faloutsos Part2.2 #76
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’g CMU SCS
Outline

« Similarity search and indexing

» Feature extraction and dim. Reduction
— FastMap
— PCA/SVD
— more on PCA/SPIRIT; ICA
— DFT; Wavelets

« Definitions & properties
q » How to read the scalogram

 Linear Forecasting

SIGGRAPH 07 Pollard, Hodgins, Faloutsos Part2.2 #77

’g CMU SCS
Wavelets - Drill:

 Q: baritone/silence/soprano - DWT?

f
t
value
~ N
N~ time
SIGGRAPH 07 Pollard, Hodgins, Faloutsos Part2.2 #78
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’g CMU SCS
Wavelets - Drill:

e Q: baritone/soprano - DWT?
f E

value

~ i
N~ time
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Lg CMU SCS
Advantages of Wavelets

» Better compression (better RMSE with same
number of coefficients - used in JPEG-2000)

o fast to compute (usually: @)X)
 very good for ‘spikes’
« mammalian eye and ear: Gabor wavelets

SIGGRAPH 07 Pollard, Hodgins, Faloutsos Part2.2 #80
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’g CMU SCS
Overall Conclusions

DFT, DCT spot periodicities
DWT : multi-resolution - matches
processing of mammalian ear/eye better

All three: powerful tools focompression
pattern detectionin real signals

All three: included in math packages

— (matlab, ‘R’, mathematica, ... - often in
spreadsheets!)
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’g CMU SCS
Resources - software and urls

 http://www.dsptutor.freeuk.com/|jsanalyser/
FETSpectrumAnalyser.htmiNice java
applets for FFT

» http://www.relisoft.com/freeware/freq.html
voice frequency analyzer (needs
microphone)

SIGGRAPH 07 Pollard, Hodgins, Faloutsos Part2.2 #82
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’g CMU SCS

Resources: software and urls

» xwpl: open source wavelet package from
Yale, with excellent GUI

e http://monet.me.ic.ac.uk/people/gavin/java
/waveletDemos.htmlwavelets and
scalograms
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’g CMU SCS
Books

« William H. Press, Saul A. Teukolsky, William T.
Vetterling and Brian P. Flannerftumerical Recipes in,C
Cambridge University Press, 1992, 2nd Edition. (Great
description, intuition and code for DFT, DWT)

» C. FaloutsosSearching Multimedia Databases by Content
Kluwer Academic Press, 1996 (introduction to DFT,
DWT)
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Database Techniques with Motion
Capture

Part 2: Methods
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CMU
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Part 23:
Linear Forecasting
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’g CMU SCS
Outline

« Similarity Search and indexing
» Feature extraction

#- Linear forecasting
— Auto-regression: Least Squares;
— RLS
— Co-evolving time sequences

SIGGRAPH 07 Pollard, Hodgins, Faloutsos Part2.3 #3

’g CMU SCS
Forecasting

"Prediction is very difficult, especially about
the future." - Nils Bohr

http://ww. hf ac. uh. edu/ Medi aFut ures/t
hought s. ht m
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Problem#3: Forecast
Givenx, X4, ..., forecask,,,

80 %
N 3 \
3 70 \
[=
~ 60
= &\ N o
Q@ 50 / A 4 27
5 409
()
© 30
c
< 20
10
0 T
1 3 5 7 9 11
Time Tick
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’g CMU SCS

Forecasting: Preprocessing

MANUALLY:

remove trends spot periodicities
7 days

35

6
3
5
25
4
2
3 15
2 1
1 05
1 o M ———— A
1 2 3 4 5 6 7 8 9 10 AN o
time time
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’g CMU SCS

Problem#3: Forecast

 Solution: try to express
X
as a linear function of the past,, X, ...,
(up to a window ofv)

Formally:
§ A /\
~ 1 o0/ \ — \nt)
X =aX_ +K +a,x_, +hoise % v
1 3 5 ‘7 . ‘9 ‘ll
Time Tick
SIGGRAPH 07 Pollard, Hodgins, Faloutsos Part2.3 #7

’g CMU SCS

(Problem: Back-cast; interpolate)

« Solution - interpolate: try to express

X
as a linear function of the past AND the future:

Xt+1’ Xt+2’ Xt+vvfuture; Xt—1’ Xt—wpast
(up to windows ot ¢, Weyyre)

« EXACTLY the same algo’s

FINWAUIO~NOXO
<

1 3 5 7. 9 11
Time Tick
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’g CMU SCS

Linear Regression: idea

) 85
patient] weight  height Body height
1 27 43
2 43 54
3 54 72
N |
15 25 35 45
Body weight

® express what we don’t know (= ‘dependent variable’)
« as a linear function of what we know (= ‘indep. variable(s)’)

SIGGRAPH 07 Pollard, Hodgins, Faloutsos Part2.3 #9

’g CMU SCS

Linear AutoRegression:

Time Packets
) Sent(t)
43
54
72
N ??
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’g CMU SCS
Linear AutoRegression:

85 -
80 -
75
70
65
60
55
50 -
45 -
40

Time | Packets Packets
Sent (t-1)  Sent(t)

- /43

43 54

54 / 72

‘lag-plot’

Number of packets sent (t)

v e

15 25 35 45
Number of packets sent (t-1)

e lagw=1
* Dependenvariable =# of packets sent (S [t])
* Independenvariable =# of packets sent (S[t-1])
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’g CMU SCS

Outline

« Similarity Search and indexing
» Feature extraction

 Linear forecasting

— Auto-regressionteast Squares
- RLS
— Co-evolving time sequences

SIGGRAPH 07 Pollard, Hodgins, Faloutsos Part2.3 #12




’g CMU SCS
More detalls:

* Q1: Can it work with windowv>1?
« Al: YES!

SIGGRAPH 07 Pollard, Hodgins, Faloutsos Part2.3 #13

’g CMU SCS
More detalls:

* Q1: Can it work with windowv>1?
« Al: YES! (we'll fit a hyper-plane, then!)
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’g CMU SCS
More detalls:

* Q1: Can it work with windowv>1?
« Al: YES! (we'll fit a hyper-plane, then!)

Aty

Xi2

SIGGRAPH 07 Pollard, Hodgins, Faloutsos Part2.3 #15

’g CMU SCS
More detalls:

* Q1: Can it work with windowv>1?
« Al: YES! The problem becomes:

XN X 3w <11 = YN =1
* OVER-CONSTRAINED

— ais the vector of the regression coefficients

— X has theN values of thev indep. variables
— y has the N values of the dependent variable

SIGGRAPH 07 Pollard, Hodgins, Faloutsos Part2.3 #16




’g CMU SCS

More detalls: _

/r\
* Xinoaw] X Sy sa] TYNs)
Ind-varl Ind-var-w =
] v —
time |_X11,X12,/\ » Xow L ryl L
X21’X22’K ’X2W % ral% 72%
M %x a,5_ M %
M SIMX M §
M ) aw% M X
le’XNZ’K ’XNW% yNE
SIGGRAPH 07 Pollard, Hodgins, Faloutsos Part2.3 #17

’g CMU SCS

More detalls: _
* Xinxw] X 8 xa] = YN xa]

Ind-varl Ind-var-w =
' 4 -
time [ X4y, Xpp AL Xy, L [y, L
z >
X21,X22,K ’xzw z ralt lzz
M S Ja,g_ M T
2% = >
M D M2 M D
M ) aw% M X
Xy Xz K vaw% yNE

SIGGRAPH 07 Pollard, Hodgins, Faloutsos Part2.3 #18




’g CMU SCS
More detalls

* Q2: How to estimate;aa,, ... 3, =a?

« A2: with Least Squares fit
a=(X"xX)x(X"xy)

» (Moore-Penrose pseudo-inverse)

e ais the vector that minimizes the RMSE

fromy

SIGGRAPH 07 Pollard, Hodgins, Faloutsos

Part2.3 #19

’g CMU SCS
Outline

« Similarity Search and indexing
» Feature extraction
 Linear forecasting

— Auto-regression: Least Squares;

- RLS
— Co-evolving time sequences

SIGGRAPH 07 Pollard, Hodgins, Faloutsos

Part2.3 #20
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Even more detalls

* Q3: Can we estimagincrementally?

* A3: Yes, with the brilliant, classic method
of ‘Recursive Least Squares’ (RLS) (see,
e.g., [Yi+00], for details) - pictorially:

SIGGRAPH 07 Pollard, Hodgins, Faloutsos Part2.3 #21

’g CMU SCS

Even more detalls

* Given:

Q

Qo

©

=

©

>

<

(5]

°

c

5]

o

5]

a]

Independent Variable

SIGGRAPH 07 Pollard, Hodgins, Faloutsos Part2.3 #22
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Even more detalls

Q

-% .

5 * —— new point
>

=

5]

©

c

(5]

o

5]

[a}

Independent Variable
SIGGRAPH 07 Pollard, Hodgins, Faloutsos Part2.3 #23

’g CMU SCS

Even more details
RLS: quickly compute new best fit

Q

3 ) :

E * ~—— new point
>

c

5]

©

c

(5]

o

5]

[a}

Independent Variable
SIGGRAPH 07 Pollard, Hodgins, Faloutsos Part2.3 #24
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More detalls

w

At the N+1 time tick:

XN+1

B X\

SIGGRAPH 07 Pollard, Hodgins, Faloutsos Part2.3 #25

’g CMU SCS
More detalls

e LetG = (X" xXy)?*  (Cgain matrix”)
* G,,, Can be computed recursively fra,

W

SIGGRAPH 07 Pollard, Hodgins, Faloutsos Part2.3 #26
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’g CMU SCS

Formula:

G [XN+1T X XN+1]_1X[XN+1T X Yl

GN+1 E[)(N+1T X XN+1]_1

GN+1 :GN _[C]_lx[GN ><XN+1T]XXN+1XGN

T
C=[1+ Xy XGy X Xy |

SIGGRAPH 07 Pollard, Hodgins, Faloutsos Part2.3 #27

’g CMU SCS

Even more detalls

» Straightforward Least ¢ Recursive LS

Squares — Need much smaller,
— Needs huge matrix fixed size matrix
(growing in size) O(wxw)
O(Nxw) — Fast, incremental
— Costly matrix computation
operation O(1xw?)
O(Nxw?)

N=1C, w=1-100

SIGGRAPH 07 Pollard, Hodgins, Faloutsos Part2.3 #28
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Even more detalls
* Q4: can we ‘forget’ the older samples?

* A4: Yes - RLS can easily handle that
[Yi+00]:

SIGGRAPH 07 Pollard, Hodgins, Faloutsos Part2.3 #29

Lg CMU SCS
Adaptability - ‘forgetting’

Q

Qo

8

= C

©

> 3

c 9

g<

B fe)

o #®

8 -

o
Independent Variable
eg., #packets sent

SIGGRAPH 07 Pollard, Hodgins, Faloutsos Part2.3 #30
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Adaptability - ‘forgetting’

Trend change

Q
E - °
E % . e 0
2 n ° 0 [ .. ° [ . R LS
S M . (R)
© ;x ° v L . .
SE | . . swith no forgetting
8 g [ [ ] °
Independent Variable
eg. #packets sent
SIGGRAPH 07 Pollard, Hodgins, Faloutsos Part2.3 #31

Lg CMU SCS
Adaptability - ‘forgetting’

Trend change

o
Q
8 ¢
a . e 0
-i>—' [ I ) M ) ° 2 e [ ]
S L . . (R)LS
° o o, with no forgetting
8_ * ot ® °
(] . []
(&) []
(R)LS

with forgetting

Independent Variable

* RLS: can *trivially* handle ‘forgetting’

SIGGRAPH 07 Pollard, Hodgins, Faloutsos Part2.3 #32
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X skip >
How to choosew'?
» goal: capture arbitrary periodicities
* with NO human intervention
e 0on a semi-infinite stream
SIGGRAPH 07 Pollard, Hodgins, Faloutsos Part2.3 #33
X skip >

Answer:

o ‘AWSOM’ (Arbitrary Window Stream
fOrecasting Method) [Papadimitriou+,
vidb2003]

* idea: do AR on each wavelet level
e in detall:

SIGGRAPH 07

Pollard, Hodgins, Faloutsos Part2.3 #34
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X,
N1 P PR P e
" l | |
| (e e
—n
=
D
c
D
>
o
<<
time
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’g CMU SCS _\
skip >
Xl
t
—n
=
D
(@)
c
w, w, @
o
t t <
w,| .
%'.M
t
time
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’g CMU SCS _k\

skip >
AWSOM - idea
W2 Wiea| W W= BaWi + BoWia + -
er.‘z/ W,,t,_l/xwp,f Wip = BraWipq +BroWipn + -
SIGGRAPH 07 Pollard, Hodgins, Faloutsos Part2.3 #37
CMU SCS
S skip >

More detalls...

» Update of wavelet coefficientgincremental)
« Update of linear models(incremental; RLS)

» Feature selection (single-pass)
— Not all correlations are significant
— Throw away the insignificant ones (“noise”)
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Results Synthetic data
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Results Real data
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. Automobile traffic
— Daily periodicity
— Bursty “noise” at smaller scales
» AR fails to capture any trend
» Seasonal AR estimation fails
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* Sunspot intensity
— Slightly time-varying “period”
* AR captures wrong trend

» Seasonal ARIMA
— wrong downward trend, despite help by human!
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Complexity

* Model update
Space:O(gN + mk?) =O(gN)
Time: Ok?)=0()
* Where
— N: number of points (so far)
— k: number of regression coefficients; fixed
— m:number of linear model€)IgN)
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Outline

« Similarity Search and indexing
» Feature extraction

 Linear forecasting
— Auto-regression: Least Squares;

- RLS

— Co-evolving time sequences

SIGGRAPH 07
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Co-Evolving Time Sequences

» Given: A set ottorrelated time sequences
» Forecastshoulder(t)
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Solution:

Q: what should we do?
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Solution:

Least Squares, with
» Dep. Variable: shoulder(t)

* Indep. Variables: shoulder(t-1) ...
shoulder(t-w); knee(t-1) ...knee(t-w);
elbow(t-1), ...

e (named: ‘MUSCLES’ [Yi+00])
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Conclusions - Practitioner’s
guide
AR(IMA) methodology: prevailing method
for linear forecasting

Brilliant method of Recursive Least Squares
for fast, incremental estimation.

See [Box-Jenkins]
recently: AWSOM (no human intervention)

SIGGRAPH 07 Pollard, Hodgins, Faloutsos Part2.3 #47

’g CMU SCS

Resources: software and urls

« MUSCLES: Prof. Byoung-Kee Yi:
http://ww. post ech. ac. kr/ ~bkyi /
or christos@s. cnu. edu

» free-ware: ‘R’ for stat. analysis

(clone of Splus)
http://cran.r-project.org/
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Books

e George E.P. Box and Gwilym M. Jenkins and Gregory C.
Reinsel,Time Series Analysis: Forecasting and Control
Prentice Hall, 1994 (the classic book on ARIMA, 3rd ed.)

* Brockwell, P. J. and R. A. Davis (1987). Time Series:
Theory and Methods. New York, Springer Verlag.

SIGGRAPH 07 Pollard, Hodgins, Faloutsos Part2.3 #49

Lg CMU SCS
Additional Reading

e [Papadimitriou+ vidb2003] Spiros Papadimitriou, Anthony
Brockwell and Christos Faloutséglaptive, Hands-Off
Stream MiningvLDB 2003, Berlin, Germany, Sept. 2003

* [Yi+00] Byoung-Kee Yi et al.Online Data Mining for
Co-Evolving Time SequencéSDE 2000. (Describes
MUSCLES and Recursive Least Squares)
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* Weigend, A. S. and N. A. Gerschenfeld (19%ine
Series Prediction: Forecasting the Future and
Understanding the PasfAddison Wesley. (Excellent
collection of papers on chaotic/non-linear forecasting,
describing the algorithms behind the winners of the Santa
Fe competition.)
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Overall conclusions

« Similarity Search and indexing

* Feature extraction

 Linear Forecasting:
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Overall conclusions

« Similarity Search and indexing
— R-trees, M-trees, OMNI

» Feature extraction
— DWT is a powerful tool

— PCA, and, even bettelCA: find good
‘components’ = hidden variables

 Linear Forecasting:
— AR (Box-Jenkins) methodology
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THAK L YOU!

christos <AT> cs. cnhu. edu
WWW. ¢S. cmu. edu/ ~chri st os
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