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Time Series (TS) 
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Temperature in datacenter

Marker positions in mocap

BGP updates in network

Need fast algorithms for time series mining

Chlorine level in water
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M1: Natural Motion Generation

ÅHow to generate new realistic

motions from mocap database?

Åe.g. ñkarate kickò Ąñboxingò

ÅApplications:

ïGame ($57billion 2009)

ïMovie animation

ïQuality of Life (assistive devices)
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M2: Missing Values

ÅHow to recover 

missing values?

ïOcclusion in mocap

ïIn sensor data, due to 

low battery, RF error
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From mocap.cs.cmu.edu



M3: Data Summarization

ÅHow to compress & manage large time 

series?

ïA datacenter with 5000 servers: 1TB data 

per day, 55 million streams ([Reeves+ 2009])

ÅGoal: save energy in data center
ï$4.5billion power for US dcôs 2006

6
CMU DCO

temperatures

Time



M4: Anomaly Detection

ÅHow to detect anomalies?

ÅApplications:

ïIntrusion computer network traffic (e.g. # of 

packets)

ïDetect leakage or attack in drinking water system 

by monitoring chlorine levels

ïSpam/robot in web clicks
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M5: Similarity Queries

ÅWhat is the most similar sequences from a 

large time series database?

ÅApplications:

ïEnvironmental monitoring

ïDatacenter monitoring

ïMotion capture (mocap) database
8



M6: Trajectory Mining

ÅMining moving objects, by Rajesh 

BALAN, Kyriakos MOURATIDIS, David LO 

@SMU
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Time Series Mining Tasks

ÅPattern Discovery (e.g. cross-correlation, lag-

correlation)

ïT1:Forecasting 

ïT2:Summarization

ïT3:Segmentation (detecting change points)

ïT4:Anomaly detection

ÅFeature Extraction (e.g. wavelets coefficients)

ïT5:Clustering

ïT6:Indexing TS database

ïT7:Visualization 11



Goals for Mining Algorithms

ÅG1:Effective:

ïachieve low reconstruction error (mean 

square error) 

ÅG2:Scalable:

ïto the size (e.g. length) of sequences

ïon modern hardware (e.g. multi-core)
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Principal Component Analysis (PCA) / 

Singular Value Decomposition (SVD)
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PCA
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PCA: general data matrix
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Kalman Filters

ÅExample: tracking a car

ÅGiven:

ïcurrent observation of position

ïand  current estimate of velocity, acceleration

ÅFind:

ïestimation of position, velocity, acceleration of 

next time tick

ÅAlso known as Linear Dynamical 

Systems(LDS)
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Kalman Filters
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Current time tick
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v1

a1

p1

Calculate next time tick, w/ transition noise

v2

a2

Kalman Filters
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v1

a1

p1

Taking a picture, w/ camera noise

Kalman Filters
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v1

a1

p1

Now adjust our estimation of actual 

position, velocity, acceleration

Kalman Filters
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Graphical Model of LDS
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z1  = z0+ɤ0

zn+1  = FĀzn+ɤn

xn = GĀzn+Ůn  

Z1 Z2 Z3 Z4

X1 X2 X3
X4

RόCϊȊ1, ɽ)

R(z0, ɱ)

RόDϊȊ3, ʅ)

RόCϊȊ2, ɽ)
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RόCϊȊ3, ɽ) RόCϊȊ4, ɽ

)

Χ 

Model parameters: 

ɗ={z0,ɱ, F, ɽ, G, ʅ}

observed

(details)
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× × ×

×× ×

G G G

z1 z2 z3

F F F

hidden variables

e.g. velocity, 

acceleration

projection 

matrix G

Transition

matrix

(details)
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Missing Values in Time Series

ÅMotion Capture:

ïMarkers on human actors

ïCameras used to track the 
3D positions

ïDuration: 100-500

ï93 dimensional body-local 
coordinates after 
preprocessing (31-bones)

ÅSensor data missing due 
to:

ïLow battery

ïRF error
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From mocap.cs.cmu.edu

joint work w/ C. Faloutsos, J. McCann, N. Pollard. 

[Li et al, KDD 2009]



ÅGiven

ÅFind algorithms for: 

ïRecovering missing values

ïCompression/summarization (T2)

ïSegmentation (T3)

Time

sensor 1

sensor 2

é

sensorm

blackout

Problem Definition [Li+2009]
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Problem Definition (contô)

ÅWant the algorithms to be:

ïG1:Effective

ïG2:Scalable: to duration of sequences
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Time
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Proposed Method: Intuition
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Proposed Method: 

DynaMMo Intuition
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Underlying Model
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z1  = z0+ɤ0

zn+1  = FĀzn+ɤn

xn = GĀzn+Ůn  

Z1 Z2 Z3 Z4

X1 X2 X3
X4

RόCϊȊ1, ɽ)

R(z0, ɱ)

RόDϊȊ3, ʅ)

RόCϊȊ2, ɽ)

RόDϊȊ1, ʅ) RόDϊȊ2, ʅ) RόDϊȊ4, ʅ)

RόCϊȊ3, ɽ) RόCϊȊ4, ɽ)

Χ 

Model parameters: 

ɗ={z0,ɱ, F, ɽ, G, ʅ}

Use Linear Dynamical Systems to model whole sequence. 

observed partially 

observed

(details)



DynaMMo learning:

estimate all colored elements

35x1 x2 x3

× × ×

×× ×

G G G

Details in [Li+2009]
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DynaMMo learning

ÅFinding the best model parameters (ɗ) and 

missing values for X to minimize the 

expected loglikelihood:

ÅProposed optimization method: 

ïExpectation-Recover-Maximization
36

Q(ʃ) = EXm ,Z|Xg ;ʃ[  z1 z0
Tɜ1(z1 z0)

zn Fẗzn 1
Tɤ1 zn Fẗzn 1

N

n= 2

xn Gẗzn
Tɫ1 xn Gẗzn

N

n= 1

 ]  

(details)



DynaMMo learning:

estimate all colored elements
ÅStep1: Expectation

ïforward-backward 

estimate hidden variables

ÅStep 2: Recover

ïmissing values

ÅStep 3: Maximization

ïupdate model parameters 

(transition 

matrix, projection 

matrix, é)

Details next
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DynaMMo Illustration: step 1

estimate hidden variables

38x1 x2 x3

× × ×

×× ×

G G G

Details in [Li+2009]
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DynaMMo Illustration: step 2

recover missing values

39x1 x2 x3

× × ×

×× ×

G G G

Details in [Li+2009]

z1 z2 z3

F F F



DynaMMo Illustration: step 3

update model parameters
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× × ×

×× ×

G G G

Details in [Li+2009]
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DynaMMo Learning
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Guess 
Initial

Expect
ation

Recover

Maximi
zation

Fix X, 

Estimate P(Z|X;q):
E(zn|X;q), 
E(znÚȭn|X;q)
E(znÚȭn+1 |X;q)

fix Z, 

estimate 

E(X_missing|Z;q)
Using E(zn|X;q), 

Fix both X and Z, 
estimate new model

parameters q

argmaxE[log(X,Z;q)]

Random 

Guess model 

parameters q

1

2

3

0

(details)



Outline

ÅMotivation

ÅBackground

ÅP1:Mining w/ Missing Value [Li+ 2009]

ïProblem Definition

ïProposed Method

ïResults

ÅP2:Parallel Learning [Li+ 2008b]

ÅConclusion

49

recovering

compression

segmentation



How to Compress

ÅCompetitor #1: use PCA/SVD

ÅCompetitor #2: store parameters of LDS

ÅProposed Methods: DynaMMo 

compression and variants

ïCarefully choosing what to store
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Recap: PCA/SVD
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Why Not PCA/SVD? (competitor 

#1)

ÅNo dynamics

ÅNeed more 

to compress 

w/ same 

accuracy
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Why Not LDS? (competitor #2)

ÅStore 

parameters of 

LDS

ïbad 

reconstruction
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