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Motivation

Given: co-evolving data streams
—e.g., MoCap (leg/arm sensors)

_ squat
left/right 2 A
-"_‘#' "| ."' "I "'l ," |" 'h 'll "
IegS O L“ I L;" ‘J \ ‘ \ ~‘, 'v‘ |\~"' ',('{‘li
vt (I PG
‘ ‘ e
. _2 - \ | | ‘ | “ —
left/right walk 1R | walk
arms :

1000 2000 3000 4000 5000 6000 7000 8000 9000 10000

(b) Original MoCap stream

ICDM 2014 Y. Matsubara et al. 2



Motivation

Given: co-evolving data streams
—e.g., MoCap (leg/arm sensors)
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Motivation

Given: co-evolving data streams
—e.g., MoCap (leg/arm sensors)
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Motivation

—

G

Q. Can we find subsequences that have
the characteristics of query @ ?
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Goal: statistical monitoring of
time-varying data streams




Background

Goal: statistical monitoring of
time-varying data streams
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Background

Goal: statistical monitoring of
time-varying data streams

Query (punch)

Data stream
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Background

Goal: statistical monitoring of
time-varying data streams
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Background

Hidden Markov models (HMMs)

®={'7T9A9B}
Initial state m={m}_,,
/ @\ probabilities
() a
12 State transition A — a; ,
) @Dﬁme probabilities (ki
f//A “2 Output _ k
)3 B={bi(z)};
L% O probabilities A
k=3
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Background

- Model: ©={xr,A,B}
_ - X =
Sequence: (2,35, x,,) Viterh
path
L]kel]hOOd: P(Xa @)) a, a a
state 1
Trellis e
structure
state 3 a,, a,, a,,

t=2 -1 t r+1
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Background

- Model: ©={r,A B}

- Sequence: X =(x,x,,+,x,) Viterbi
path

Likelihood: P(X,0) a, _ a, _ a,

P(X,0) = lrngd;(k{m(n)}
7Tz'bz' 1 t=1
pi(t) = { max(1§j)§k{2?j (t — 1)a;itbi(x) &2 < t)§ n)
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Background

Given: a data stream X and model ®
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Background

Given: a data stream X and model ®
X ={X/,...,X, }
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1. Exponential threshold function
2. Minimum length of subsequences
3. Non-overlapping matches
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Requirements

1. Exponential threshold function
2. Minimum length of subsequences
3. Non-overlapping matches
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Requirements

1. Exponential threshold function

2. Minimum length of subsequences

3. Non-overlapping matches

1. : : :
@punch P(X[Z,S : te],®) m > 5 : X[ts Zte]
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Requirements

1. Exponential threshold function
2. Minimum length of subsequences
3. Non-overlapping matches

AN

O P(X[t, :t,],0)=¢&""°

punch
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« thresholds ¢€,0 3




Problem definition

Given: X
e data stream X WQQW
* Model ®

e thresholds &,0 E“):k

Report: all subsequences Xt, : ¢ ] <_>

that satisfy:
1. P(X[t,:t,],0)=&""

2. only the local maximum,

Best matéh

among several overlapping matches
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Previous solution

Sliding model method (SMM), by Wilpon et al.

Compute likelihood starting from every time-tick
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Previous solution

Sliding model method (SMM), by Wilpon et al.

Compute likelihood starting from every time-tick

O(n) trellis L " 7

structures
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Main idea: StreamScan

(a) Cumulative likelihood function

V(Xlz, :t,],0)

(b) Subsequence trellis structure (ST9)
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Main idea (a)

(a) Cumulative likelihood function m

V(X|ts : te], ®) = Vpest(te) = 12?§}<k{vi(te)}

—1

. o mbi(xt) * €
vilt) = max{ maxi<;j<k{v;(t — 1)a;; }bi(zs) - €

t=1,....,mi=1,...,k).
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Main idea (a)

(a) Cumulative likelihood function m

V(Y['I‘ ct 1 =D — 2y, A+ ) — maw Ifn.{";e)}

It requires a single structure
v;(t) It guarantees the best matches

/

.o, =1,...
P(X[ts : t.],0) = V(X[ts : ], ®) - €™,

ZEt) . 6_1

k).
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Main idea (b)

(b) Subsequence trellis structure (STS)m

m
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Main idea (b)

(b) Subsequence trellis structure (STS)m

B B
O ), O
PPN

t=1 t=t, t=t

> x[1, 1))
For each cell: (] ﬁ s;(¢) : Starting position

v.(t) : Cum. likelihood
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Algorithm

Example, =(3,1,1,2,3,3,3,1).
e=0.1,0=3
1 - 0.5 0.5 0
@={W=[O],A= 0.5 0.25 0.25],
state 1 O?Dsm:t; 8= 0'07 ° 0'3 ’ (1)] }
state 3 i
D/ 0.25
100 0.25
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Algorithm

Example, [ X=01,1,2,3,3,3,1).

(STS, k=3) E 0.1,5 3
State 1 0
(1)
State 2 0
(1)
State 3 0
(1)
X,=3 sl X3=1 X4=2 X5=3 Xg=1

-
O
O [
O
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Algorithm

Example, X = (3,1,1,2,3, 3, 3, ].)
=0.1,0=3
(STS, k=3) L&
State 1 0 I I I I
(1) << v,(¢) : Cum. Likelihood
State 2 ((1)) s,(¢) : Starting position
State 3 0
(1)
X.=3 X,=1 X3=1 X4=2 X5=3 Xe=3 X7=3 Xg=1
x &—0—10—10—10——0—100O
t=1
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Algorithm

Example, [ X=01,1,2,3,3,3,1).
£=0.1,0=3
(STS, k=3)
State 1 0 10
0 @s= candidate!
State 2 0 0 .
(1) (2)
State 3 0 0
(1) (2)
= Xp=1 X;=1 X4=2 X5=3 Xg=1

QL

QL
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Algorithm

Example, X = (351a1,2,3,3,3,1).
=0.1,0=3
(STS, k=3) L= |
e (?) (120) :\';1 (520) T #0.5x1.0x10
State 2 0 0 >:‘237.5 *2%0.5%0.75%10
(1) (2) (2)
State 3 0 0 0
(1) (2) (3)
X1=3 X2=1 X3=1 X4=2 X5=3 X6=3 x7=3 X8=1
x 0—0—0—10—0—100-0
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Algorithm

Example, [ X=01,1,2,3,3,3,1).
e=0.1,0=3
(STS, k=3)
State 1 0 10 == 50 0
(1) (2) (2) (4)
State 2 0 0 37.5 \:362.5 <
State 3 ((1)) (é) (3) ((2)) % 0.5%x025%10
(1) (2) (3) (4)
Xi=3 G X3=1 X4=2 X5=3 X6=3 X;=3 Xg=1
¥ O—O0—0—0—0—0—0—0
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Algorithm

X-—G1125350 Caad

Example,
e=0.1,0=3
(STS, k=3)
State 1 0 10 —=> 50 0 0 0 0
(1) (2) (2) \\(4 () (6) (7)
State2| 0 0 37.5 | Y62.5 0 0 0
(1) (2) (2) (2) | (5 (6) (7)
State 3| 0O 0 0 0 N156.25 | 1562.5 | 15625
(1) (2) (3) (4) (2) > (2) — (2)
X{=3 X,=1 X3=1 X4=2 X5=3 Xy=3 X;=3 Xg=1

x 0—O—0—0—10—10C——10C00

=1 =2 t=3 t=4 =5 +t=6 =7

=
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Algorithm

— AN

Report X[2:7]

Example, [ X=01,1,2,3,3,3,1).
e=0.1,0=3

(STS, k=3)

State 1 0 10 == 50 0
(2)

State 2 37.5 \
(2)

State 3

X
r=1
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Theoretical analysis

StreamScan guarantees m

- no false dismissals
- O(1) space and time per time-tick
(Details in paper!)

i= [ _
O | i-2 I)'{Q)'@

Y v‘v"z’
AN A A
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Experiments

We answer the following questions...

Q1. Effectiveness

How successful is StreamScan in capturing
sequence patterns?

Q2. Scalability

How does it scale with the sequence lengths n in
terms of time and space?

ICDM 2014 Y. Matsubara et al.
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Q1. Effectiveness (MoCap)

(Query)

(a-1) Query #1 : walking

(a-2) Query #2

: running

(a-3) Query #3 : punching

(Output)
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Q1. Effectiveness
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Time/space vs. data size (length) : n

StreamScan requires
constant time/space, i.e., O(1)
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Time/space vs. data size (length) : n

StreamScan requires
constant time/space, i.e., O(1)
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StreamScan at work

StreamScan is capable of various applications,
e.g.,

App1. Social activity monitoring

- Web-click streams

App2. Extreme detection in keyword stream
- GoogleTrend streams

i= H H O |
@ i=2 .)’Q’@"Q}'{.)’(. oo
VN N NN

t=1 t=t t=t
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StreamScan at work

StreamScan is capable of various applications,
e.g.,

App1. Social activity monitoring
- Web-click streams

App2. Extreme detection in keyword stream
- GoogleTrend streams

i= H H O |
@ i=2 .)’Q’@"Q}'{.)’(. oo
VN N NN

t=1 t=t t=t
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Application (1)

Social activity monitoring
Given: Web-click sequences (1 month, 5urls)

Query: first Sunday

Mon—Fri _Fri | —Fri Mon—Fri i

4 | sat, | MomrT Sat, MO agy - sa, |outien
o 6} Sun l Sun Sun sun ;
34}
g \ . e Y

2 ‘ . | LA ¢ & | ) i i ', ) | | ““ .‘ : ‘ '
/ " “-h “\ “ “‘I.. v‘l im.‘ ‘4 i“i.m ""m u“. 1"“ .1 ?‘ in“ iill i i » ‘ i.m‘ i.iui | ll‘v “LL‘ l]l A. ..\‘&

Sun 0.5 1 1.5 2 25

x10°

Query Time (per 10 seconds)

( Surls: blog, , dictionary, Q&A, mail )
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Application (1)

°
UL W W

Social a@PE =B

Given: WeC all weekends + holiday

StreamScan identifies |

Query: first Sunday
g | l L\ /

Mon—Fri

Mon-Fri Mon-Fri

6 >
4l
21

Value

/ Sun

Query Tlme (per 10 seconds

1.5

( burls: blog, news, dictionary, Q&A, mail )

holiday
outller)
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StreamScan at work

StreamScan is capable of various applications,
e.g.,

App1. Social activity monitoring

- Web-click streams

App2. Extreme detection in keyword stream
- GoogleTrend streams

i= H | O I
@ i=2 .)’Q’@"Q}'{.)’(. oo
VN N NN

t=1 t=t t=t
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“Extreme monitoring” in keyword stream
Given: GoogleTrend streams (10 years, weekly)




Application (2)

“Extreme monitoring” in keyword stream
Given: GoogleTrend streams (10 years, weekly)

e.g., Finance-related keywords
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Application (2)

“Extreme monitoring” in keyword stream
Given: GoogleTrend streams (10 years, weekly)

. Any extreme
e.g., Finance-related keyword!  pehavior?
S

2 | | | - - L —— bank rate
? —— stock market
A oo — GDP
"4 "“ U ' M r'\""""\”‘f W (E)'q \ N#U‘!’L,"g \l ’J» y J’ A o
0! M ‘LVC\/ \W'm M\m ot “’WR f__“f,’ MYNLT |'W\:I ljl mfij/f»““w} | ﬁfivve ; i’g’vlfwf‘*f'w}f

50 100 1 50 200 250 300 350 400 450
Time (weekly, 10 years)
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Application (2)

“Extreme monitoring” in keyword stream
Given: GoogleTrend streams (10 years, weekly)

. Any extreme
e.g., Finance-related keyword!  pehavior?

y/ s " | ——bank rate
(first 3 years) —— stock market
- ~—— GDP
L’l"}\ "'Ill“dl‘ll AL '{U'L'-\,\'.\ 1~ M M AN
'.j \»’al l" s || ',' LA u‘.,\": M / u

50 100 150 200 250 300 350 400 450

Query Time (weekly, 10 years)
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Application (2)

“Extreme monitoring” in keyword stream
streams (10 years, weekly)

Global financial
crisis in 2008!

—— bank rate
—— stock market

\J | \V\ / \n .
(\/ AM y W A ) o )
RAVAAY ’ v \ / \ \ f \ /N A AN
Y . f | \ W, | " JA/ A [V Y
,. A ™ " AR\ Y \, NN AV /N
M U \ “ ’\ " LAY A bt | B B ! | v ' "\ | \W\My f
%/ \f‘% A’\‘ : J A‘\ \-'\ / ) “._v_. "/ -\,/J \ Vi o \ VWA N .-::- A . __.._.A‘ " "tu;n e 'Y,'-\-:/_\['I_‘/: J_‘L o\ '\,[’ ”M[ W

400 450

250 300 350
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Application (2)

“Extreme monitoring” in keyword stream
Given: GoogleTrend streams (10 years, weekly)

e.g., Flu-related keywords

— flu fever T ' T T r T
— flu symptom ? | )

—— flu headache . |
flu medicine ,. ‘r,-', i

| .j\ '\I'\ A
A Lol AN ""' A N W oA NIV p
A . ' UM PaVA N B M ,\M\""m(\i\:: 4 \ oa \/\ff.".’“ M:/ \\;;-"",. A\ s ."\“ v

0 RV s e i) [ A o N ]
) 50 100 150 200 250 300 350 400 450

Query | (first 3 years)
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Application (2)

“Extreme monitoring” in keyword stream
streams (10 years, weekly)

Swine flu pandemic
| in 2009

— flu fever

— flu symptom

—— flu headache
flu medicine

0 50 100 1150 | 200 250 300 350 400 450
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Application (2)

“Extreme monitoring” in keyword stream
Given: GoogleTrend streams (10 years, weekly)

e.d., Seasonal sweets-related keywords

——jce cream
—— milk shake
——hot cocoa

Query | (first 3 years)
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Application (2)

“Extreme 1 ’ in keyword stream

Given: GORAASII Release of Android 0S, |)
“Gingerbread”
“lce Cream Sandwich”

e.d., Seasonal sweets-1

——jce cream
—— milk shake
—— hot cocoa

150 200 250

100
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Motivation
— Problem formulation
— Main ideas

- Experiments
- StreamScan at work




Conclusions

StreamScan has the following properties

+ Effective Vv
Find fruitful patterns from diverse data streams

« Exact v/
It guarantees exactness

« Fast and nimble ¢/
It requires single scan, O(1) space and time
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