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Time series motif discovery algorithm based on subsequence full join and maximum clique

ZHU Yuelong, ZHU Xiaoxiao , WANG Jimin
( College of Computer and Informaiion, Hohai University, Nanjing Jiangsu 211100)

Abstract: Existing time series motif discovery algorithms have high omputational complexity and cannot find multi-
instance motifs. To overcome these defects, a Time Series motif diScogety algorithm based on Subsequence full Joins and
Maximum Clique (TSSJMC) was proposed. Firstly, the fast time\seties subsequence {ull join algorithm was used to obtain the
distance between all subsequences and generate the distance ematrix. Then, the similarity threshold was set, the distance
matrix was transformed into the adjacency matrix, <and ‘the sub-sequence similarity graph was constructed. Finally, the
maximum clique in the similarity graph wag “extracted by the maximum clique search algorithm, and the time series
corresponding to the vertices of the maximum clique were the motifs containing most instances. In the experiments on public
time series datasets, TSSJMC algorithm was compared with Brute Force algorithm and Random Projection algorithm which also
could find multi-instance motifs in accuracy, efficiency, scalability and robustness. The experimental results demonstrate that
compared with Random Projection algorithm, TSSJMC algorithm has obvious advantages in terms of efficiency, scalability and
robustness; compared with Bruce Force algorithm, TSSJMC algorithm finds slightly less motif instances, but its efficiency and
scalability are better. Therefore, TSSJMC is an algorithm that balances quality and efficiency.
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1-NN) , IR AR RURE 5 /25 1 P T3 3 BRI R Bk i 3R ik ok
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S JLUGHEL s ISR s E] , 38 BAEX P 79 Z RN AR AT
il —NFF SR D(C,S) > r, BAEANRETEFLILHS.D R
PR R, AT R R A Z AR, r R E X
FERTEME,

EXS ®mKAMFTFHEHE
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B GWTSEERE CHBE.EG
e I e — A VR R 22 T i Y O R
FHE CH— e TR R 4
AR EAE—F T as, B EAR 1 XHE
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Fig. 2 Motif example
1.2 Brute Force &%
2002 45 N2 " 2 15 Brute Force( BF) B 3:  SRFK B R
m BB B TR 18] 3 51 B BT R 1 AR OO A1 P 31
PSP AT r SEE AW, BT R 5 R HEAE LT R
WS — AL T R S & TIPF B2 A T8 i T 751
MR F P BR , R R AR AR E, [
Bt 92 PR P R DA TP HE A 3 g o 12 7
BF Sk RS angE sk 1 R,
Hi#%1 BFEE,
won BEP T, FIPIIKE n, AR r;
W BHEFS T § 1- motif L4,
best_motif_couni_so_far = 0 Vgl
best_motif_location_so_far = null
fori = 110 length (T) —n +1
count = 0
pointers = null
forj = 1to length (T) —n +1
if non_trival_match (C[i;i +n -1], C[j:;j+n -1],R)
e SN
count = count + 1
pointers = append ( pointers, j)
endif
endfor 7« RAPERBRENTIFINES +/
if count > besi_motif_couni_so_far
best_motif_count_so_far = count
best_motif_location_so_far = 1
motif_maiches = pointers
endif

endfor
1.3 Random Projection 8 %

Chiu 2210 32 Wy T 2 F 4% % 42 (1 Random Projection
(RP) B ¥k, 1 56 8 43 BX 5 4 3T {0l ( Piecewise Aggregate
Approximation, PAA) B XTI 18] 5 50 #EAT B ik, SR 5 R H
SAX B8k XF B[] FR A HEA T /540, B (i FBE ML E A 5
FPR b R B, REHIL B o FITRE fa 0 R AR S ZE Rl 454, i
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k2 MASS,

WA AWFS Q, IAFE T;

#rih EFES Q /) distance profile,

1) QT « SlidingDotProducts(Q,T)

2) pg.oq,Mr,3r < ComputeMeanStd(Q,T)

/TR QM T WIEMNITE, e N Q WFHE, vy 4 Q
Rk, My BB EFS] TRE D m iP5l M-FHfE,
Zp BB EES) T8RN m 07 T 5 AR «/
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/TR ET 3L BRI
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WA #WFS Q, IAFE T;

Wl AT Q M EFF T A T 750 Z I8 1 &
Ho

1) n « Length (T), m « Length (Q)

//n REHEFPS) T KRR, m HEHTS Q BB

2) T, <« Append T with zero

7/ G 8 FRUTEE R A1) B R M R R B

3) Q. < Reverse(Q) /7% Q ElFF

4) Q,, <« Append @, with 2n — m zero

//RENFIRR @, A 2n - m D,
/7R 8 ST EE R A BEA M R B B

5) Q. FFT(Q,), T« FFI(T,)
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6) QT « InverseFFT( ElementwiseMultiplication(@, .+, T ) )
Y/ HTEWA R BICRFTN, H A P AT FFT
7) retun QT
Rk MASS SR 2-H — A6 B BRIRBE B Dise[i] 1A i JH]
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H: m AFFIIRKE; wy A EFIFFY Q KF1
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AR, BEERTTE R R AT 5 58 H 5 I 755
Z R BE RS , BIAT (8551 T #)BEES 4347 ( Distance Profile) .

2 TSSIMC & #%

2.1 HxRE

A3CHE Lin %70 B H A TF T 5 50 2 18 AR oK B o e
R AESLELR b, 456 5 T Matrix Profile [H [H] J7 S 4514
RUESE, RBE THAE R HREAANL FEENET T
F7 9| i AN B A i i) 2 1)k 2 B 35— TSSIMC.,
B MASS™Y AT T 50 A 8, 8 8 T RS B
W, JFBIBRF JLUCHC ; 98 J5 3505 AR AR IR AL, 88 60 I e £
R SBEHE M A3 TIR A A ALE, B R TR AR TR, B &
IACERNE R IR /N T 3O BE A BIC R B , FHRE D
B KB, 5K B o B TR X R ) 5 B Dy — AR
2.2 kx|

TSSIMC BB BRINE 3 fis B FFFl e WaE T
TR L R FRE KA =0, DRI 4 FUR,

Hx4 TSSIMC B,

WA BTSN T, FIRFKE m, FOIERIE r;

b BHEFA T & &AL,

1) n < Length(T) //n RS T WK B

2) idwes < 1:n-m+1 7/ Witk

3) excZoneLen = round (subLen %0.5);

7/ LG R HE R X,
4) for each idx in idxes
5) D« MASS(T[idx],T) //iFEPEFIFF 2 mmES

6) D = abs(D);
7) D1 = sqrt(D);
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8) excZoneStart = max (1,idx — excZoneLen) ;

7/ FBF FLIL I
9)  excZoneEnd = min (proLen, idx + excZonelen) ;
7/ B FLIC R
10) D1 (excZoneStart:excZoneEnd) = inf;
7/ B FLIC R
11) endfor
/ = ¥ Distance Matrix 254k A 4R HE4ERE = /
12) n = size(D1);
13) fori = 1:n
14) #D1(i) <r
15)  DL(i) =1;
16) else
17)  DIG) =0,
18) endif
19)  D(idx,:) = DI,
20) endfor
21) maxcliques = FindMaxCliques (D) ; 7/ AR
22) derive the motif from maxClique; //RERSER TR
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Fig. 3 Flow chat of TSSJMC algorithm
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Fig. 4 Transformation of distance matrix to adjacency matrix
2.2.3 FHEEKRH
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3 EBRERL AN

3.1 HEREHE
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F1 BRBEER
Tab. 1 Information of datasets
F5 BiRE KA E- 323
1 EEG 4000 g e, P AR 4
2 EOG 4000 IR BSR4
3 ECC 3001 oL H E R AR
4 Insect Behavior 4000 B lfTAsise

3.2 ZWHE

S % FENIntel Core i5 CPU,8 GB NE, BIER SN
Windows 7Nk 44 Matlab R2012b,,
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WK 5 ~8 i,
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Tab. 2 Found motif instances comparison of two algorithms

¥t BF TSSJMC HiEs BF TSSJMC
EEG 7 5 ECG 14 14
EOG 5 5 Insect Behavior 10 6
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Fig. 5 Found motifs by BF and TSSJMC from dataset EEG
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Fig. 6 Found motifs by BF and TSSJMC from dataset EOG
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BF ByLAH (R, Ui B TSSIMC Sk B A8 m s e, 3F Bk
BANH KR I L A,

3.2.2 REHH

AL S = AN B R B AR B r AR BE m
MR SHEREST LR G REME. RPBEEEHENSEA
PAA Sy B¥ PAA size, SAX H)FAFHE o FIIEIRIREK repeat
BABARE RP BB R EINE 3 B,

B9 4T =FE LR IAEE T Fiz ot L4
o B9 T LIFE B, TSSIMC B 3 T i s f7 i A K+

BF B3, FIAEIGE T RP B8k Wil 1 TSSIMC B B R
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Fig. 7 Found motifs by BF and TSSJMC from dataset ECG
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Fig. 8 Found motifs by BF and TSSJMC

from dataset Insect Behavior

£3 BYEERPHESHIRE
Tab. 3 Parameters setting of RP algorithm for comparison datasets
i PAA_size « repeat HiEge
EEG 30 6 60 ECG 20 360
EOG 25 5 60 || Insect Behavior 30 5 60

1 39

PAA_size « repeat

3.2.3 T RESH

LR R AL B — T E T LR AR S,
B Ky 64,128 256,512 11024, =ANE S FTR A4
RN 10 fiizs 58 R4 Wik A EEG 71 EOG $HE 48, B
MR, ARBTLL 1000 f2 Kt SRR K B, =188
FIBfT R R 45 R AN 11 BioR,

SyHTE 10 FT40 : BEF AR B B30, BF B8k 192 7
5] R B FORLE I, W TSSIMC il RP 83k 132 47 A B) 7 27 1%
F BF &k, fEizfTHI A # - RP Bk A kb BF &k
%, (B RE B BE B3 I, Eo3 Kl 3R i T TSSIMC &
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