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Abstract; Symbolic approximation is an effective dimensionality reduction technique for time series, its similarity measure is a
basis for various mining tasks. MINDIST _PAA _iSAX is a distance function based on symbolic aggregate approximation
(SAX), but it does not satisfy symmetry, so it has limitation in mining time series. This paper put forward and proved a sym-
metric distance measure Sym_PAA_SAX to be lower bounding to Euclidean distance. Experiments on real and synthetic data

sets show its better tightness of lower bounding and lower false positives rate in similarity search.

Key words: time series; dimensionality reduction; similarity measure ; lower bounding

0 Bl5

Fof ) 3 910 S i Bt 2 [ %) 5% S IO 1 A8 Ak — R 5 B
S RLHNE RS, BT ZHAAE TS m Bl T
TRy AR ) PR S B B ) P A A R AR A 1)
A R O i US| Z6 4 rP Tia |  SR IR
M AR R X bR SR, AR TR A

UTAER , o 18] SRR 4248 5 | 1 Bk B 2 HTE 3 1 6
T A RIPE R A R, P A PR

i Qi A ) 9 2 TR P AE LT FARH B E 5 BT A AL

JERJEA SR R 33 Wl | SRR AEE 25
155 I BEA

Xof T T A B TR 91 228 L f AR L 2 A R B 5 (B
clidean distance ,ED) s A%EF18) 25 [ ( dynamic time warping,
DTW) ™ Wi, RRLHE B 32, e s A A e 5 Tk
BRTHA (B R AR U A RBA IR ST 41 A RedlidE A
gl s AR S AR RS il T b BN SR T A
SV I A% AL, A A R

H T ) PP 8 RSt EL A T A AR R B T (]

Wi BEEA . 2011-08-24; {EEHHE. 2011-10-09
KA F B A (CUGLI00243)

FPHWEREAEAL B, HEA TN  ARERAE AN 6] P41 (9 I 35
TN T BRI ( piecewise aggregate approximation, PAA) [ .
SrBeeR T (piecewise linear approximation, PLA ) (4 Kinzt
BT B (SAX) 7L AT B 514 5 AT L (indexable SAX,
ISAX) ' F R AAT A B (extended SAX,ESAX) " 3B
28 M B £E 3T Bl ( piecewise linear aggregate approximation,
PLAA) o TR ] 72 (14 43 Be 2R PE RS (infinite time series
piecewise linear fitting, ITSPLF) g

BT 1] SRR B T AR AYEE R A5, Keogh
SAIET PAA FURHEH DRHI LB_PAA"  Lin % A T
SAX 41 MINDIST, >4 %% A" JE T ESAX # i} ESAX 4iit
1] 45423 [A] L A AR RL L JEE B, Huang 25 A" 75 PLAA JEff 421
ST BE AR DL A 1 2% )RR 5 /8 3, Shieh 25 A
LT iSAX #£H MINDIST_PAA_iSAX,

AR R I — Tl A 280 B Bl 8 ) 1] 3 37 B 48 7
SAX I iSAX $27 2 Fu 7 [ 24 I SCHF T i A9 T] B e SR R 4755
NI BFFE % B, MINDIST_PAA_iSAX J&—Fh AN i B 25 oA
B AR P2 Az g b B SR BRPE . ARSCHE T SAX R, 2
H—F TR IE 29 B i Sym_PAA_SAX, Sym_PAA_SAX % JEH

EESTHE. Hkd aRAFELH8MA (2009CDB226) ; ¥ 4 & 4k A FAF L 4% +

TEE BN FAEA(1979-) , %, HAABHIF W LA A | £ BAF 5 75 @) A B2 Ao k232 £ I (gldec@ yahoo. com. en) 3 £ TH(1945-) %,
I T 2L H A RIEIRR BB EEEERR AR (1979-), F, 300 ML RE TR FTOAIALIEE KBLE, ZNRT

(1972-) , B | &l34% , B0 R 7 @ A AL B Ao R



. 894. it AR R AR

%29 %

LU E S P AN PP S RS S5 L, HAT SRR, 6 A2 T e B,
1 EHERFIIBFSHRTR

1.1 SAXFiSAXFTR

Keogh %5 ALE PAA SR 45 H i 7 91 (40 45 54 55 13
R SAXY ) BT C = e en, oy, |, R SAX R
g AT

a) BUREAL , BEIHELFS € B AL M 0 bRiEZE A 1
(HhRUEFES €,

b)PAA BE4E, X €' HEFT PAA o5, 8 51C = (e, yer, e,
eol o Forb w JIHEI SR PAA FORATKIE,

) BBk, BTN o, BRIR TR RN
TERTHT AR (AN 36 1) s 4% K A 10 R 91 43 244 B, # PAA
FR BT g %R B B A I A C = |y,

627'."610} o

F1 O EN2 F 6 BRI

a

B;

2 3 4 5 6
B 0.00 -0.43 -0.67 -0.84 -0.97
B, 0.43 0 -0.25 -0.43
Bs 0.67 0.25 0.00
By 0.84 0.43
Bs 0.97

SAX R HA THR B B R A, O B AR e A S
FE AR, — 2B A R — R 5 52 0 1 s [R5
Y3751, Shieh 25 A 76 SAX il 4 iSAX, iSAX AN[A]
F SAX FBAETHSHE TR R R B B, Biln
BB 16 BT FES) €= { -1.0, —0.85, -0.75, -0.6,
0.1,0.5,0.2,0.4,-0.1,-0.2, -0.4, -0.1,0.7,0.95,1.05,
0.9}, & 1.2 MEFEFH C BRI fb 3 R7s &AL, 46
pa HA 4, C B SAX FSAX FRAMH Cox = La,c,b,d} ,
Conx = 13°,14,2° 0%,

L.0j s 1.0 N

05 . 05 . {0
00/ /o _b_ 00/ /7 ol
05 o5/ 7 10
10l 7 0 T 1

0 2 4 6 8 1012 14 16 18
1 )5 CRISAX IR
1.2 MINDIST_PAA_iSAX

Shieh 88 A\AESCHR[ 6 ] LA T HI) PAA 2R FlFF 2T
TH)ZS (8] iSAX R T B 2 MINDIST_PAA_iSAX, 45 7€ i
[E]JF5 T (/) PAA FEIR Toay , BEEFE S 1Y iSAX 327K Siax , o
T = 1S =n, | Tona | = 1 Siax | = wo BT H PAA {H 1Y
Sisax IYEE j A, IR0 B By B v fH, Hirh B, <ws
By, l<j<w, EXHEEWT .

MINDIST_PAA_iSAX( Tpsy ,Sisax) =

(Bui = Tpani) >t Bri > Trani
n < X
T El (Bui = Toani)> i By < Toans (1)

0 2 4 6 8 101214 16 18

B2 BRI CRSAXE R

w

0 otherwise

IZHE BN BT ERREE B, SR 1 HE AN 2 X Bt T4 4]
HEWA, 535 Spas =1 =0.9, =0.7,0.3,0. 8} ,Tpas = | 0.8,
-0.1,0.3,0.8} , e H A 4, A EAKIK R { -0.67,0,
0.67} , i 58S = 13",3%,1°,0" |, Ty = (3%,2°,1%,0 |, 4%
(1) 718 & I, MINDIST_PAA _iSAX ( Thas , Siax ) = 0. 3249
MINDIST_PAA_iSAX ( Spas, Tiax ) =0. 0009, B3 A% %450
AR, T R RAET AP R E TR S F A4
HbAY

2 XMMRAEEEEE Sym_PAA_SAX

2.1 ~RARH
BT X MINDIST_PAA_SAX [ASKIFRYE , %518 S il T e E
FHE T B b o R S ) L T SAX F R B 11 X R A S
Sym_PAA_SAX, ZAE T,
Sym_PAA_SAX(S,T) =

{ (max ( Toxni = Bsvi s Brri — Sl’A:\i) )2 Brii = Bsui

n

El (max(Bszi = Toani»Seani = Brui) )2 Bsui =Brui (2)

0 otherwise

w

FRAE Toans FI1 Spani 78 SAX 7R 19 7324 55 DX 0] AR AR
K153 R AR =R .

a) Toari T Soani B TR — DX I P ARG 2550 0.,

b) Toxni G Seani NER]— X 8] L Toun 7E Spans L7, Bl Bry =
Bou: I, B AT RE BT HL Toani — Bsvi A1 B — Spans K E

) Toani T Spane NE [ — X JE] H. Spa £E Toans LJ7, B By =
Brui W, I ARRT R B I Boss — Toani T Seans — BruBERH .

(-, -0.67).[ -0.67,0).[0,0.67) .[0.67, +)
HSAX FIRIEM ST RIS Span = 1 -0.8,0.3, -0.2,
0.8} ,Tpus=1{ -0.7,-0.1,0.5,0.3},S F1 T ity SAX F/n /&l
3R, S AT &4 UAFBE F UL =R A b5, 46
— AT BEIE LA R DX ], P AR B 058 1958 — AT BL e
Ty, B max(0 - ( -0.1),0.3-0) =0.3; T =171
BHE S B 17, B max (0.5,0.2) =0.5;8 BUSE U TBeAE T
B 77, B max(0.67 =0.3,0.8 =0.67) =0.37,
2.2 XIFRMEIERA

M 3 LA Y, Sym_PAA_SAX JEXTFRAUIE B B, F
TR X PRt

1.0 [ _-"""'d
0.67

0.0
-0.67
101 ¢
0 2 4 6 8 1012 14 16 18
B3 BHEFERS, TRHSAXRER
EIE 1 Sym_PAA_SAX i EXFRYE,
ERR = (2) A

Sym_PAA_SAX(T,S) =

{ (max(Spaa; = Broi» Bsi = Trani) )2
n

BSLi = BTL“i
BTLL = BSU[ (3 )

0 otherwise

Feg=t(2) F(3) |, ok

w
e x 2
w z; (max(Bry; = Spass» Teani = Bswi) )



%3 ZAES 5 T SAX 89 B B ) Atk B Oy R + 895
Sym_PAA_SAX(S,T) =Sym_PAA_SAX(T,S) (4) ¢;'=(¢;—p)/o (10)
2.3 THRMEIERA 3.2 TREZMHIER

X T AR )7 S B AR A SR 8 R A (0 R 2 (] rp s i e
o P S ]t B (false positives ) FIJ i (false dis-
missals) !

FEARJETR R IR S A S BE BS K T M &, (HUZ 4L 1
Wbt s [ U S/ N T E e, 38U 1 — N HTR A0
25 R -

dei,;eCheiyc;eCle>0
Dine (¢11¢;) < 825D o (ci06;) = (5)

X TR 285 AT [0 3] Jt 4y 2 () ok i, 4n SR 90 0
23 (8] Fh A B S R P B e, UDRF L A 1) 25 SR B3

T RJETR R IR 2 M WS B B /N T B(E e, (HUZ LIS 1
FRAFZS R P A B K T M e, FEOE A RS ZE LR,
i

Je,.c e Coeire e Cle>0
Dine (¢11¢) = 825D 00 (c106;) <& (6)

F T ARIETC I 4, Faloutsos g NPURIF H (lower boun-

ding) EFE R

Dipatare (F(01) ,F(03) ) <D ey (01,07) (7)
Horpr 0, FL 0, 2 I 06 23 T A PRI/ 0T 52, B o 119 R 2 bR B30
Doy () 5 F(0)) FIF(0,) SN BRAGERAE SR IR B0, FBE 1Y
BE B PR AOE: Diaiare ()

NI Sym_PAA_SAX F LT ELIZ A MRBIIE B

TEH 2 Sym_PAA_SAX i /2 BRBLEE B T A HL

iERA Sym_PAA_SAX(S,T) <

J%
[’:Z,I(SL—TL.)Z:ED(S,T) (8)

Hi Sym_PAA_SAX(S,T)<ED(S,T) (9)
3 WM

3.1 SEWINESKIGER A

A C++ BT AT 4R, LIRIEE R Windows XP SP2
Professional ##:/E &% ,1 GB PNAF, Pentium Dual 1.73 GHz CPU,
120 GB fifif%, Visual C ++ 6.0 FiiFFrsE,

SEIGECR BE T 2848 45 - random walk I Morgan Stanley
stock, Random walk > L7 (445 i B4 /N H 65 536,
B Ry B 2 A X R BRI , BRI B y (s +¢) =y (1)
SR N (0,07 ), AN AR AE 7] B A9 38 B2l S7 Y. Morgan
Stanley stock TR T JEF 28 i EL SRR | N EEAR T A
ST RS 5 50 28 Bt , KNy 4 096, ELAAR BEART IR 2
AIEEE AN 1993 42 H 23 H (JF#:H ) #2009 45 H 27 H
M58 5 HICEAN (close price) o FF & H MR 31, X BLAE
2y B N EARIEE R 9. 2, S s AN Ol 142,750 X
IR INAR DR R . SEI TP RIS T SRk
FEARCR AR Rl = AT

SRS AR KRR AE C RS AL R I E R O i 22
A FEN C JesRHETPF C A W FIBRIEZE W, B Ak N
K (10) Pror,

"

2
,z](SPAM = Tpani) " S
fie

TSR B B L SR E % PE (tightness of lower bound
TLB) "SR TLB 5 XN

lower bound distance

TLB (11)

true euclidean distance
FH S BV AE SUAT LLE Y, TLB BUE G 0 ~ 1 22 a), {E
Hotshf, BRI 1, UL AR B AR T S A
JE i R A4/ NMR 2
et A SC 4R 1 9 Sym_PAA_SAX 5 DR LB_PAA" |
MINDIST ' MINDIST_PAA _iSAX'® (1% 5 25 M | 546 25 5 tn &
4.5 flR,

Lo

08  LeoitiISEE

0.6 .:/B ,u"'b

-
e

S, +

-

E ¥ :ngu
=047 / & MBI FA sSAX
{ ¢ —e— Sym_FAA_SAX
024/
/
0‘02 4 6 8 1012 14 16 18 20
alphabet size
P4 random walk F ' E&F 8
1.0
0.8
5l},6 v
12

04

0.2
0.0

2 4 6 8 1012 14 16 18 20
alphabet size
BI5 Morgan Stanley stock T 5 B4 Hogr

Bl 4.5 20 s T PR S IO B TLB Bl SAX
FOR IS NIRRT HIE 4 F1 5 ATLUE %A
PEAEFN B IBARAE B DR A1, o4y DU it B 349 bl 25 - ) A2 O
MR, PR R B MRS, LA, Sym _PAA_SAX ) B T IL
LB_PAA MINDIST MINDIST_PAA_iSAX ¥t R4 T DR,
(AR 7 BRI K, B WL T DR,

3.3 HEWELLR

AN SR B R AR R RO AR B SR R R
DUIA] JCEE R A B ) 5 AL AR Sym_PAA
SAX i ARG PEFIXS BRI, FF Sym _PAA_SAX HI T ¥ ¥ 511 i
S Z P JF 5 MINDIST #47 H#. . HI T Sym_PAA_SAX {f
AT HUE B, AT AR UETC IR A, XF TR A ) R, SR A AR
(false positives rate) VP4l FEHRE LR

false_positives_rate = W x 100% (12)
o R REIERCE IR T P9I AE G, € S 52 R TE A 14 A AR

FIFINES .

XTI EARAEIAT T 2 MR, H g g g 2 3 fir
o BTHZASE, a T T er 4 I ( compression
ratio) , B R4 i J5 4 1 1 51 6 46 B 5 S — 4~ PAA FBEII K
B e RISIE,

M2 %3 TLUEH, R Sym_PAA_SAX iFA I 2
INHAE AL 2 AR % L MINDIST {5, B 7E T MINDIST JiF &
A TR 7 R SRR AR 7B A B 8 5 SOk O, BRAIG T VR, 41



+ 896+

AN S A I

%29 %

AN 17 Sym_PAA_SAX HE T T (L Aff 1 i 2 4] A
I FEHCRBAR, 45 W R TrTE s A, e R R B 4 R
12 [l AT R R BEAIBR AN B ZER 1T 1

F2 2 random walk £ % A%

false positives rate/%

paramelter setting

MINDIST Sym_PAA_SAX
48.06 23.06 a=6,cr=4,e=10
40.5 19.9 a=8,cr=4,e=10
34.73 16.18 a=12,cr=4,e=10
28.64 14.24 a=15,cr=4,e=10

# 3 Morgan Stanley stock #84R 3 M4

false positives rate/%

parameter setting

MINDIST Sym_PAA_SAX
39.32 27.25 a=6,cr=4,e=27
39.32 22.12 a=8,cr=4,6=27
34.43 15.87 a=12,cr=4,5=28
34.43 13.4 a=15,cr=4,5=28

3.4 HEBELE

flfiFl CPU clock R PFAl = 5E T SAX 119 1 25 245X, AP
MINDIST MINDIST_PAA_iSAX ,Sym_PAA_SAX , 75 1 25 B i 42
AT A R BT IEFER R ] A S U A R A T AR
B AR R S 50T 2L T3,

SEERAEIRANE 6.7 Wi, Bl 6 & A B 7E random walk

BEAE LT [A] LA S, a4 e ok 32, BI(ELA 10, i [a] 2
v h ms, K7 2=FE R Morgan Stanley stock B4 it
FLIIE] F ARSI R 46 R 24, B A 27, ISHE] 537K ms

alphabet size
BE7 Morgan Stanley stockit 3L i 8] 4

K6 ULHH 4 F A A 4 random walk, Sym_PAA_SAX
BT[] Eb MINDIST %2/ F5 K F MINDIST_PAA _iSAX; [4]
7 ULEH, KT B S HE 4 Morgan Stanley stock , Sym_PAA _SAX
B3I TR K T+ MINDIST , MINDIST _PAA _iSAX, {H [ #5 4%
I BT TR A A 22 (R 3321

L LR OB AERIBARAE L, Sym PAA_SAX [y}
V) 7E A 4532 3 B 9 RS T MINDIST_PAA _iSAX , {H & MIND-
IST_PAA_iSAX AXFFR, Sym_PAA_SAX J& X FREY R 4E, H %%
P4 MINDIST_PAA_iSAX %f; Sym_PAA_SAX MINDIST [f]J& F
XA BE AR TR TS 4R (R AT I A IR R LS
HAR, BEET AT,

ZRIE

ASCWFFEHET SAX AR IS 18] 3 51 R AL P 32 1)

R, TLA Y B PR $ MINDIST _PAA _iSAX AN A2 X FR P, %

JEEN AP S 0T AL, 2 TR AR IR o Sym_PAA_

SAX, I HUEWTHASFRIERIT S 7E BB 4R A5 Rt

B LSy JF 5 LRI A B B 0 X U, 25 SRR W R

ARG AR R R PR
S PR R B AU R 45 R A e — e R Y

B, HIPS R friife, T~ — BT J7 a2 dnf i— 40

BEARRAT A D BT ), K2 52 13 T I 1] e 910 ) 5

Ze TR S R A AR 5

B2k

[1] CHIU B, KEOGH E, LONARDI S. Probabilistic discovery of time
series motifs[ C]//Proc of the 9th ACM SIGKDD International Con-
ference on Knowledge Discovery and Data Mining. New York: ACM
Press, 2003 :493-498.

[2] BERNDT D J, CLIFFORD J. Using dynamic time warping to find
patterns in time series| C]//Proc of KDD Workshop. [ S. . ]:AAAI
Press, 1994 :359-370.

[3] KEOGH E, CHAKRABARTI K, PAZZANI M, et al. Dimensionality
reduction for fast similarity search in large time series databases[ ] ].
Knowledge and Information Systems,2000,3(3) :263-286.

[4] SHATKAY H, ZDONIK S. Approximate queries and representations
for large data sequences[ C]//Proc of the 12th Internatioanal Confe-
rence on Data Engineering. Washington DC; IEEE Computer Society ,
1996 :536-545.

[5] LINJ, KEOGH E, LONARDI S, et al. A symbolic representation of
time series, with implications for streaming algorithms [ C ]//Proc of
the 8th ACM SIGMOD Workshop on Research Issues in Data Mining
and Knowledge Discovery. New York: ACM Press, 2003 .:2-11.

[6] SHIEH J, KEOGH E. iSAX: disk-aware mining and indexing of mas-
sive time series datasets[ J |. Data Mining and Knowledge Discov-
ery,2009,19(1) :24-57.

[7] LKHAGVA B, SUZUKI Y, KAWAGOE K. New time series data rep-
resentation ESAX for financial applications[ C]//Proc of the 22nd In-
ternational Conference on Data Engineering Workshops. Washington
DC: IEEE Computer Society,, 2006 :17-22.

[8] HUANG NQV, ANH D T. An improvement of PAA for dimensional-
ity reduction in large time series databases [ C]//Lecture Notes in
Computer Science ,vol 5351. Berlin : Springer,2008 .698-707.

[9] E#k3e, B LA —FLFRKeEFI s REEMAS T E[T].
B F4,2010,38(2) :443-448.

[10] KEOGH E. Exact indexing of dynamic time warping[ C]//Proc of the
28th International Conference on Very Large Data Bases. San Francis-
co: Morgan Kaufmann Publishers, 2002 .:406-417.

[11] 2% X, k&b AT ESAX ARegnt i 5ol 48 E [ ]].
A5 ,2008,35(10) :87-89.

[12] FALOUTSOS C, RANGANATHAN M, MANOLOPOULOS Y. Fast
subsequence matching in time-series databases [ C ]//Proc of ACM
SIGMOD International Conference on Management of Data. New York ;
ACM Press, 1994 419-429.

[13] UCR time series dataset archives [ EB/OL]. http://www. cs. ucr.
edu/ ~ eamonn/time_series_data.

[14] Yahoo! Finance[ EB/OL]. http://finance. yahoo. com.



