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Data stream processing has recently attracted an increasing amount of in-
terest. Our aim is to monitor data streams, and find subsequences that have
the characteristics of a given Hidden Markov Model (HMM). A lot of research
effort has concentrated on pattern discovery for HMMs, and it has been studied
for finite, stored sequence sets. However, in many applications such as sensor
monitoring, massive amounts of data arrive continuously and it is infeasible to
save all the historical data. We propose StreamScan, a novel algorithm that can
solve the problem. We provide a theoretical analysis and prove that Stream-
Scan guarantees the exactness of the output, while it requires constant space
and time per time-tick. These are significant improvements over the alterna-
tive solution. Our experiments on real data illustrate that StreamScan does
indeed detect the qualifying subsequences correctly and that it can offer great
improvements in speed over the alternative method.
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Fig.1 Pattern discovery from the motion capture dataset.
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Fig.2 Illustration of the trellis structure.

05 05 0
=10 |,A=] 05 025 025 |,
0 o o0 1

1 0 0
B=|07 025 0 |,X=(1,1,23).
o o0 1

Viterhi OO OOOOOOOCOOOOOOOOOO

p1(1)=1, p1(2)=0.5, p1(3)=0, p1(4)=0
p2(1)=0, p2(2)=0.75-0.5, p2(3)=(0.5)>-0.25, pa(4)=
p3(1)=0, ps(2)=0, ps(3)=0, p3(4)=(0.5)% - (0.25)2.

0000000000000 (u1,u1,u2,u3) 000000000000
P(X,©) = (0.5)%- (0.25)*

oooo

Viterhi 000000000000k 0000000000000000OOO nk(

0000000000 00000 k000000000000000000000000

00000000000000000000000000000000 O(k)000000

000000000000000000 20000000000000000000000

00000000000000000

(© 2011 Information Processing Society of Japan



52 ODO0O0OO0OO00O0O0OOOCOOOOOoOoooo

32 0D OO0

oopoooooD X000z, 22, ...,20, ... 000000000000D00C000O0O00O0
000 2, 0000000000000000000n000000X[ts:te]0 t:00 te
Oo000o0opooooool1<t <t.<nDO0O0000O0D0OODOOOODODODO ©
oooO0o0oo0ooOooooUoUooUn PXts:te,©)000000DO0OO0OODOO
00 X[ts:te) 0000000000 O0O0OO0OOOO0UODOOOOOOOODOOOODOO
gooodag

P(X[ts : t.],©) > € (2)

000o0!l0 Xts:t.)0O0000O0ODOOOO I=t.—t+100000000O0OO0OOO
gooooooooooooooooooobooOoooooboboooOoooobooooOooObo
oooooooooooooooobooboooooboobooooooooboooOoooooboo
000000000 000000o0oo

000000000 0000000O0000000 ViterthiDOOOOOOOOOOOO
gooooooooooooooooobooooooboooooooooboobOoooooDoon
gooooooooooboooooooooooooboooooboooobooooooDbo
gobobooooooooooooooobooooooboooooboboboooOooooDoDbo
goooooooooooobooooooobooooooooobooooobooooDoboo
goboooobooooboo

00 10 Subsequence queryl] 00 n 000000 XOkODODOOOOOOOOO
el00000 0000000000000 00D00 pOO0OO0OO0ODO0OOO0ODOO
000000000000 X[ts:te)DO0DOOODO

P(X[ts : t.],©) > . 3)

gbobooooooodooooboooboobouo pbobooboboOoOooooooooDo
bbb 1o0oooooooobootcooooobo0oo0ooboooo0ge0ooDOOO
gobobooboooooooooobooodeOOobOOObOOOOOODOOOOODOOO
goboooooooboooooboo

gooobooooooooooobooboOoOooooboOobOOoOoOoOooObocOoOooOooDOboOoo
Oo000ed XO0oooOo000000000000000000000000 overlapd
gobobooooooobooooooobooooobooooOoooooocoobooooOoOooo

000000000 000000 Vol.4 No.4 4862 (Dec. 2011)

0000200000000 () 00000000000000000000000(b) 0

000000000000 00000000000000000000000000000

00000000000000000000000000000000000000000

00100000000000000000

O00000ViterhiDOOOOOOOOO0DOO0O0000000000000000

000000000000000000000000000 1000000000000

00000000000000000000000000000000000000000

00000000000000000000000000000000000000000

000000000000000000

00 20 Optimal-match queryl] 00000000 XOOODOOOOO nODOO0O

O00000kO0O00O0O00O0000 ©000 0p0000000000000000

00000000 X[ts:t.]O000000000

(1) 00000000000 enN0NNoo0dNnonoondnnnnP(X[ts:t.],0)>
eH,

(2) 000D0OO0O0OOOOOOO0OOOO000O0OO0O0O00000000000(1)000
000000000000000P(X[ts :t.],@)-e*' 000000000000
oooo

0000000000000 000000000000000000000000000

000000000000 00000000000

3.2.1 Standard-Viterbi
00000 X000000000 © ={r,A, B}00000000000000O0
©@000000000 X0000000000000000000000000000

00000000 200000000000000000000000000000000

000000000000000000000000000000000000 X[t : te

01<t<t.<n000000000000000000000000000O0CO000

000000000000 O(»*)000000000000000000000 O(n®k?)

0000000000000 O@**)000000000000000000000000

00000000000000000000000

0000000000000000000000000000000000000 X[ts : te]

0000000000 300000000000+00000000 O(n)0D00000000

00000000000 ViterbiDOOOOOOODO0OO0O0O000O00OP(X[ts : te],®)-¢*~"

(© 2011 Information Processing Society of Japan



53 ODO0OO0O0OO0O0OoOoooOoboobooOoooooo

t+1-1

03 HMMOOODOOOOOOODDOOOOOOOOOOOOOODDOO0OOO0O0O0ooooO00 ViterbiODOOO
00 Standard-Viterbs 000 0000000000000 O0O00ODOODOOODOO

Fig. 3 Illustration of subsequence identification with HMMs. The shaded states denote the Viterbi

path in the trellis structure. Standard-Viterbi has to maintain the structures starting from

every time-tick.
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Algorithm StreamScan (z¢)
for i=1tok do
compute ¢;(t); // cumulative likelihood derived by Eq. (5)
compute s;(t); // starting position derived by Eq. (6)
e;(t) := (t,4); // end position
if ¢;(t) > ¢ * then
if s;(t) € S then

pick up an entry (c, s, e) such that s = s;(t), from the candidate set S;

// update the maximum cumulative likelihood and end position

if ¢;i(t) > ¢ then

c:=ci(t);
e:=e;(t);
end if
else

// add the subsequence into S
add (c;(t), si(t),ei(t)) to S;
end if
end if
end for
// report the optimal subsequence
for each entry (c,s,e) € S do
if Vi, s # s;(t) then
// compute the likelihood of the subsequence
p=c-e;
report (p, s, €);
remove the entry from S;
end if

end for
05 00000000 ODDDOOO StreamScan

Fig.5 Streaming algorithm, StreamScan.
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Fig.6 Illustration of proposed algorithm. The upper number shows the cumulative likelihood value in each element of the matrix.

The number in parentheses shows the starting position. The shaded elements denote the optimal path.
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Fig. 7 Discovery of sequence patterns in MoCap (1).

jumping 000000000 0ODO0ODO0OO0ODOOODOODOODOOODOODOODOOODOO
0d0dooOoObOO0o00o0oOo 2000000000000 00000D0O00000O00O0DOOO
goo020000000 1o000C00DODOO000OO000OO0O0OOOODOUOOOODDOOO
0004000000 squattingd walking running climbingD 00 0 00O O

0700 800MoCep00ODDIODODOOUIODODOOOOOOCODODOUOUODDOOODO
000000000000 4000000 squattingd walking runningd climbingd O O
OO00OO0OOoOoOoOoOooOoooOog StreamScan 0000000000000 O0OOOOOO
0000000000000 00000000 7(a) 0000000000 squatting 00
O000O0o0oOoUooooUooUooUoUoo 7(h) 0 walkkingODOODODODOOODOOODOO
00000000 8(c)0 (d) 00000 0running0 00000 climbing ladder 00 O O
00o0oo0ooooo2000ooooooog

EEG

00000000000 0O0ODO0O0000000000 EEGOOO0O0OoOoooooog

(© 2011 Information Processing Society of Japan



58 ODOOOOO0OO0O0OOOOOOOOOOOOO0

15000

10000

Value

T Ts # ‘ ‘ #3
climbin

8000 imbing climbing climbing n
o 6000 climbing — | —

| . |
> 4000  Walking walking -
2000 _
A A L Davasnnannd Qe LA

5000

jumping on one leg

1 1 1
jumping Subseq. #1

/ . running walking
walking / /

500

1500 2000 3000 3500 4000

Time
(¢) MoCap #3 (running: 2600-3560)

2500

10000

T T T T #4

500

1500 2000 2500 3000 3500
Time

(d) MoCap #4 (climbing: 540-840, 1560-1800, 2640-2880, 3560-3780)

08 MoCep DODODDOODODODDODOODOODOODOOOOO20
Fig.8 Discovery of sequence patterns in MoCap (2).
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Fig.9 Discovery of sequence patterns from the EEG data.
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Matching subsequences

Datasets Sequence Threshold e Starting
length . Length

position
Mo Cap 3000 107* 2357 181
#1 2739 176
Mo Cap 4000 10~4 1 931
#2 2506 935
Mo Cap 4000 107* 2632 932

#3

Mo Cap 4000 107* 564 261
#4 1586 185
2633 203
3595 184
EEG 256 107* 190 31
Voice 1202 107! 500 397
Gene 300 10~2 0 61
111 66
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Fig. 10 Discovery of sequence patterns from the Voice data.

Value

GCCCTGGCACCCAGCACAATGAAGATCAAGGTGGGTGTCTTTCCTGCCT
GAGCTGACCTGTAAATGTGTTTCCTGCATACAGTCAAAGTTGCCACTTCTT
TTTCTTCATATCATCGATCTCCCTCCATCGTGGGGCGCCCCAGGCACCAGG
TAGGGGAGCTGGCTGGGTGGGGCAGCCCCAATATCTTTCGTTGGCTTCC
AGGTTACAGAAAAATAATTTGTAACAAAGTTTAAAGGTCAGCTCAGGGCT
TCTTGTCCTTTCCTTCCCAGGGCGTGATGGTGGGCATGGGTCAGAAGGAT

011 Gene0UOOOODOOOODOOOODOOO

Fig. 11 Discovery of sequence patterns in Gene.
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Fig. 12 Wall clock time as a function of sequence length. StreamScan is up to 500,000 times faster.
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