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Detecting Frequent Patterns in Time Series Data

using Partly Locality Sensitive Hashing

Koichi Ogawara®, Yasufumi Tanabe*, Ryo Kurazume* and Tsutomu Hasegawa*

Frequent patterns in time series data are useful clues to learn previously unknown events in an unsupervised way.

In this paper, we propose a method for detecting frequent patterns in long time series data efficiently.
The major contribution of the paper is two-fold: (1) Partly Locality Sensitive Hashing (PLSH) is proposed to
find frequent patterns efficiently and (2) the problem of finding consecutive time frames that have a large number of

frequent patterns is formulated as a combinatorial optimization problem which is solved via Dynamic Programming
(DP) in polynomial time O(N'+1/®) thanks to PLSH where N is the total amount of data. The proposed method

was evaluated by detecting frequent whole body motions in a video sequence as well as by detecting frequent everyday

manipulation tasks in motion capture data.

Key Words: Frequent Pattern Mining, Approximate Nearest Neighbor Search, Unsupervised Learning, Video Anal-

ysis
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Fig.2 Calculation of data density
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Fig.4 Difference between LSH and PLSH

E(0,X) = E,(0,X) + E4(0,X) + E(X) 050

oooooooooboooboooooboooooooobooo
goooooooooooooooooo

5.1.1 OO0

ooboooooooooboooooobooOone.1000OO
goooooooooooobooboooooooooboobooooo
goooooooooooooboooooooooboooo
00 o;(¢)00000 00000000000 OODOOODO
ooooooooooooooooboooooooobooooo
oooooooo

000 F,(0,X)00000000000000000O0OO
gooooooooooooooooobooo

Mm@l))

E,(0,X) = Z —log(1 — GXP(_W

t
000 < |64,(t)] >0 |o, ()| 0000000
5.1.2 000000
000000 E«0,X)000000 (0 (1)) 00000
0000000000000000000000000000
000 D,(t)000000000000000

Ed(O,X):zt:—log(l—exp(—<
000 < D, (t)>0 D, () 0000000
5.1.3 0000
0000 E(X)0O000OU0OO0OO0 X0oOooooooo
gobooooboobooboobooboobOoobooo
goooooooooooooboooooooooboooo
oooooo

E.(X)= Z T(z: # w141) - Cymooth
t

D000Cqooth, D0O0O0000T(s) O T(true) =

000000000 xx0O xx 0O

1,T(false)y =0000000

0 (h)000000000L00DO0DO0O0DLOODOODODO
goooooooooooooboOoooooobooo

5.2 JUO0O0O0ODOOODOOOOODbO

obooooooooooooooobooooooooobooo
goobogooboboobooboobobbooboobooo
goooooooooooooooOOOOOOOOO0OOOOO
goboo0ooooo0oUooobOo0oUobDoboOo RODOOO
00000000000000000 Cpypye 000000
oooooooooooo

gbo0ooooooobot+tobobobobobooooog g
00000000 (Fig20 StOEA) 00O ¢; D0o(t) 000
0000 ROODOD jO0D00DODODOOODODDOOODODO
(6)J00000D00000D t0D0DO0U0O0O0ODO G 00
ooboooooooOoooooobooOooooooboboOooo
00000D0000D0O00D0O00 ()OO0 00000

ti—tg;
tej—to +1

te 1—| t—ts
t=tg to—tot1

te —ts+ 1
000 ts,te 000 tg,t,; 0000000000000000
0000000000000000¢0¢;000000000
00000000000000000000000000000
5.3 000
O0000OPLSHOOOOODODOODOOOOOO0OOOO
00000 ON''/*)0ooooooooOo O(N)0OO000
00000000000 NOOOODOOOOOOO0O00000
Ooooooo ON'YY*yoooo

060

2 Cmutual

6. O g

gbobooboooboobooooooooboooooogaon
gooooooboooooooooooooooooboboooo
gbooobooooobooooboooooboobooobooooo
o0o00oo0o0oooo0o0oooooLsHOooooooooo
OO0 PLSHOOOOOODOODOOOODODOOODOOOODOOO

200x O xx O



0.15
0.1
0.05

-0.05
-0.1
-0.15
-0.2

T T T T T T

“06 ]
07035 O

Fig.6 Visualization of dataset 1

0000000000000000000000000A-NN
016 0000000000000000000000000
000D00000D000O0LSH OOOO0O0O0DO000000
000000000000000000 Principal Component
Hashing[17] 0000 PLSH 000D00000000000
000000000000000D0000000 LSHOOO
ooooo

0000000O00OLSHOOO PLSHOODOOO LO 8
0 K,030000000000000000 Xeon 3.0GHz
0000000000

6.1 00000D00D00O0D0ODOO0OO0

6.1.1 000D

0000000000000000000000000000
0000000000000000000000000000
00000000000000000000000000000
0000000000000000000000 (CHLAC) 18]
0000000000000000
CHLACOOOOOOOO0D0 300000000000 f(p)
000 (7)00000000000000000 (00000
N¢=2)000000000000000

calt) = [ £ip)fi(p +an) -+ flp+ ang)dp 070

3x3x3000000000000000000000 (a1,a2)
00000000000 251 000000000CHLAC O
000 d=2510000000 ¢) = (c1(t),-..,ca@®)T O
0000000000000000000000000 ¢(t) 0
PCAOOOD 60000000 o(f) 00DDODDOODOO
ooo

00000000000000000000{1 =000
,Non} 0 200000000000000000C0O0O5.1.1
00000000000000000000000000 (5)
0000000000000000000000000

O0000Figh000 4000000000000000
0000000000000000000000000000
000000000000000000 100 ByeO 500

JRSJ Vol. xx No. xx

o
TT T T T T T T T

06 o5 0
07-025

Fig.7 Visualization of dataset 2
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(c) Stand-up (d) Drink
Fig.5 4 whole body motions to be detected
Table 1 Evaluation of dataset 1 [2700 frames]
Action Bye Stretch Stand-up False False Precision Recall Time
Presented # 5 6 5 Positive | Negative [msec]
LSH (wr=1) 5.00 5.00 5.00 0.00 1.00 1.00 0.94 5807
LSH (wr=15) 5.00 5.00 5.00 0.00 1.00 1.00 0.94 512
LSH (wr=70) 5.00 4.90 0.00 0.00 6.10 1.00 0.62 198
PLSH 5.00 5.00 5.00 0.00 1.00 1.00 0.94 224
Table 2 Evaluation of dataset 2 [3600 frames]
Action Bye Stretch Drink False False Precision Recall Time
Presented # 7 7 8 Positive Negative [msec]
LSH (wr=1) 7.00 6.00 8.00 1.00 0.95 0.95 13499
LSH (wr=15) 7.00 4.00 8.00 1.00 3.00 0.95 0.86 1134
LSH (wr=70) 4.00 0.00 7.20 0.30 10.80 0.97 0.51 338
PLSH 7.00 3.00 8.00 4.00 0.95 0.82 482
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Fig.9 Estimation of data density using dataset 2
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Table 3 Evaluation of dataset 3 [3737 frames]

Action Al B1 C1 False False Precision Recall Time
Presented # 5 7 6 Positive Negative [msec]
LSH (wr=1) 5.00 7.00 6.00 0.00 0.00 1.00 1.00 15665
LSH (wr=15) 5.00 7.00 6.00 0.00 0.00 1.00 1.00 1386
LSH (wr=70) 4.00 7.00 6.00 0.00 1.00 1.00 0.94 438
PLSH 5.00 7.00 6.00 0.00 0.00 1.00 1.00 482
Table 4 Evaluation of dataset 4 [5177 frames]
Action B1 C1 C2 D1 False False Precision Recall Time
Presented # 7 5 10 10 Positive Negative [msec]
LSH (wr=1) 7.00 3.00 6.00 0.00 0.00 16.00 1.00 0.50 18671
LSH (wr=15) 7.00 3.00 5.00 0.00 0.00 17.00 1.00 0.47 1537
LSH (wr=70) 4.00 1.50 0.00 0.00 0.00 26.50 1.00 0.17 552
PLSH 7.00 3.00 5.00 0.00 0.00 17.00 1.00 0.47 602

pooboooboobooobooboobobooboo

000000000000 w, (LIHwidth) O 100000
00 LSHOOOOOODOOoOooooooooooe.1.20
gooobotlw;-w, OOODOOO0ODOOO0OOOw, 0 100
goooooooooooocoOooooobocoOooooooo
pgoooobooboboooboobobbobooo

ooooooooboooooooooooooooobooo
OPLSHO w; 0 100 w0 7000000

6.2.3 ODOO0OO0OOOOOOOO

(1) LSH (00000, w, = 1)0(2) LSH (PLSH 00 O
00000000, w, = 15)0(3) LSH (PLSH 000000
0O,w,=70)04) PLSHOOODODODOOOODODODDOO
J000000000000U00UUOUOUOUOd Tables3, 40000
6.1.3000000000 (Precision) 0000 (Recall) 00O
oooooobooo

LSH (00000, w, = 1) 0 LSH (PLSH 000000
ooo0do,w,=15)00 PLSHOOOOOOOOOOODO
goobooobooboboboooboobobobobooobooo
O0OLSH (PLSHOOOOOOO, w,=70)0 PLSHOODO
00000000000000 Table4DOOOOOOO0OO
000000000000 oOO0O0dOdOPLSHO LSHOOOOO
jooodoooooooooooooooboooboooooooo

00 Table4 OOOO D1 O0O0O0O0O0O0O0OOOOOOOO
0000 DloOooOoooO c2o00poOooOoooOoooOon
00o000o00oo0oo0o0 c2000000000O00O00O0O0

6.2.4 000O0OO0O0O0O0OOOOOOOOOO

goooobooboooobob400bb0O0bDbDObOD
Figl5 0000000000 Table 4 OOO0OOODOO (5177
frame) 0000000 DOO0DOO0ODOODODODOODOO
gobooboooooboo wwbooboboo

ocoooboobe.1.40000000000000000O0DO
000000 PLSHOOOOOOODODOOOooooooooag
goooooocooooooooboo

7. 0O g g

gboboobooboobooooobooobooobooobobooon
goooooooooooobocoOoooooon

000000000 xx0O xx 0O

1800000

1700000F
1600000
1500000
1400000

1300000}

Density

W
1200000; *
1100000

1000000

ol

900000

800000

Ground Truth

PLSH  (wi*wr= 70)
PLSH  (wi*wr=105) ---
PLSH  (wi*wr=210) -
PLSH NP (wi*wr= 70)
PLSH NP (wi*wr=105) -
PLSH NP (wi*wr=210) - -e- -

O e Ehrm

Fig. 13

1700000

LIH width

60

80

Estimation of data density using dataset 3

1600000~

1500000

1400000

1300000¢

Density

10000008

900000

Ground Truth —_—
PLSH  (wi*wr= 70) -
PLSH  (wi*wr=105) -
PLSH  (wi*wr=210) -
PLSH NP (wi*wr= 70)
PLSH NP (wi*wr=105) -
PLSH NP (Wi*‘wr:210) i

LIH width

60

80

Fig.14 Estimation of data density using dataset 4

Partly Locality Sensitive Hashing (PLSH) D0 OO0O0O0O
O0o0o0ooooooboboooooooooooooooono
gobooboobooobooboobobobobooobooboo
000 oN'"*Y*yooooo

goboboobooboooboobooooobooooboonoga
gobooobobooobooboobobboobooobooo

200x O xx O



10

800

700F  PLSH

Time [s]

400

0
5000

ooo o o o 0 0 o

LSH (NR= 1) [
LSH (NR=15) -
LSH (NR=70) -

............... S¢mmmmmmmmmmmmm

10000 15000 20000

Amount of data [frame]

25000 30000

Fig.15 Evaluation of computational time v.s. amount of data

000000 LSHOOOO000000000000000
nfufalalufalufalsl

00 DO0D0D0DO0D0D00O0000 (B)(21700224)00
0000000000000000000000000000
00000000000000

(1]

[2]

[3]

[4

[5

[6

[7

[8

[9

(10]

JRSJ Vol. xx No. xx

goboooo

K. Ikeuchi and T. Suehiro.
observation part i: Task recognition with polyhedral objects.
IEEE Trans. Robotics and Automation, Vol. 10, No. 3, pp.
368-384, 1994.

Y. Kuniyoshi, M. Inaba, and H. Inoue. Learning by watching.
IEEE Trans. Robotics and Automation, Vol. 10, No. 6, pp.
799-822, 1994.

Keni Bernardin, Koichi Ogawara, Katsushi Ikeuchi, and Ruedi-

Toward an assembly plan from

ger Dillmann. A sensor fusion approach for recognizing contin-
uous human grasping sequences using hidden markov models.
IEEE Transactions on Robotics, Vol. 21, No. 1, pp. 47-57,
2005.

Rakesh Agrawal, Christos Faloutsos, and Arun Swami. Effi-
cient similarity search in sequence databases. In Proc. of 4th
International Conference on Foundations of Data Organiza-
tion and Algorithms, pp. 69-84, 1993.
Chang-Shing Perng, Haixun Wang, Sylvia R. Zhang, and
D. Stott Parker. Landmarks: A new model for similarity-based
pattern querying in time series databases. In 16th Interna-
tional Conference on Data Engineering (ICDE’00), pp. 33

42, 2000.

R. Staden. Methods for discovering novel motifs in nucleic acid
sequences. Computer Applications in the Biosciences, Vol. 5,
No. 5, pp. 293-298, 1989.

Jessica Lin, Eamonn Keogh, Stefano Lonardi, and Pranav Pa-
tel.

shop on Temporal Data Mining, pp. 5368, 2002.

Finding motifs in time series. In Proc. of the 2nd Work-

Dragomir Yankov, Eamonn Keogh, Jose Medina, Bill Chiu, and
Victor Zordan. Detecting time series motifs under uniform scal-
ing. In Proc. of the 13th ACM KDD Intl. Conf. on Knowledge
Discovery and Data Mining, pp. 844—853, 2007.

Abdullah Mueen, Eamonn Keogh, Qiang Zhu, Sydney Cash,
and Brandon Westover. Exact discovery of time series motifs.
In Proc. of 2009 SIAM International Conference on Data
Mining: SDM, pp. 1-12, 2009.

J. C. Niebles, H. Wang, and L. Fei-Fei. Unsupervised learning

of human action categories using spatial-temporal words. In

O

O

(11]

(12]

(13]

(14]

(15]

[16]

(17]

(18]

O ooo O

Proc. of BMVC, 2006.

00 00000, 0000,0000,0000.000000000
00000000000D000ODO0O. In Proc. of Meeting on Image
Recognition and Understanding (MIRU), pp. 1-6, 2008.

T. Zhao, T. Wang, and H. Shum. Learning a highly struc-
tured motion model for 3d human tracking. In Proc. of Asian
Conference of Computer Vision, 2002.

Seiichi Uchida, Akihiro Mori,
Taniguchi, and Tsutomu Hasegawa. Logical dp matching for

Ryo Kurazume, Rinichiro
detecting similar subsequence. In Proc. of Asian Conference
of Computer Vision, 2007.

Jingjing Meng, Junsong Yuan, Mat Hans, and Ying Wu. Min-
ing motifs from human motion. In Proc. of EUROGRAPH-
1CS’08, 2008.

Mayur Datar, Nicole Immorlica, Piotr Indyk, and Vahab Mir-
rokni. Locality-sensitive hashing scheme based on p-stable dis-
tributions. In Proc. of the twentieth annual Symposium on
Computational Geometry, pp. 253—262, 2004.

Sunil Arya, David M. Mount, Nathan S. Netanyahu, Ruth Sil-
verman, and Angela Y. Wu. An optimal algorithm for approx-
imate nearest neighbor searching fixed dimensions. Journal of
the ACM (JACM), Vol. 45, No. 6, pp. 891-923, 1998.

Yusuke Matsushita and Toshikazu Wada. Principal component
hashing: An accelerated approximate nearest neighbor search.
In Proc. of the 3rd Pacific Rim Symposium on Advances in
Image and Video Technology (PSIVT), pp. 374-385, 2009.
T. Kobayashi and N. Otsu. Action and simultaneous multiple-
person identification using cubic higher-order local auto-
correlation. In Proc. Int. Conference on Pattern Recognition:
ICPR, pp. T41-744, 2004.

00000 (Koichi Ogawara)

2002000000000000000000O0A0
goboobooooooooOoobooooooooboo
gooooooooooooooboboobboog
00020060 1200000000000000
gooobooooOooooOoOoooboooobooog

Paper Award 0 000

0000002007 O IEEE/ICRA’07 Best Vision
ooooooooooooo

0000 (Yasufumi Tanabe)

2010000000000000O0O0OO0O0O0OO

ooooooooooooooooooobooooo

goooopoopoooopopooooboooo
obooooooooooooo

0000 (Ryo Kurazume)

1991000000 COC0OO0OOOObOObOOOo
goooooboooooooobogooeesuoog
gobooobobooooobz2eo00b0booooDOOd
gboooooobooooooooooboooobooboooo
goobOz2o0200000000000000000

gooz200700000D000DOOOOOOOO

gooooooooooooooooooooooooo

go0ooooooooooo

0000 (Tsutomu Hasegawa)

9730000000 000000o00o0ooo0o0o
gooooobooooo2booooooood
gooooooooooooooboobboog
gboo0oooooooooOooooboooooobooo
ooooooooooooOooooooooooo
gooogo goooooooooooo

xx, 200x



