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Three-way Drift Detection for State Transition Pattern on Multivariate Time Series

SHEN Shao-peng, MA Hong-jiang,ZHANG Zhi-heng,ZHOU Xiang-bing,ZHU Chun-man and WEN Zuo-cheng

School of Software Engineering, Chengdu University of Information Technology.Chengdu 610225, China

Abstract Unsupervised drift detection for multivariate time series (MTSs) is an important task in machine learning. However,
this issue is challenging because the definitions of sequential patterns and their drifts are very flexible. Inspired by the idea of
“Think in Threes”,this paper proposes a three-way drift detection method for state transition pattern with periodic wildcard gaps
(3WDD-STAP) , which is improved from the incremental mining algorithm of STAP. Without additional parameters, both fre-
quent and drifted STAPs can be obtained simultaneously. Considering the support changes around the increments, we define three
types of STAP drift. Type I drift indicates that STAPs change from frequent to infrequent. The incremental dataset needs to be
rescanned. Type II drift indicates that STAPs change from infrequent to frequent. The original dataset needs to be rescanned.
Type III drift indicates that STAPs retain frequent or infrequent, namely,these STAPs are normal. No dataset needs to be res-
canned. Finally,experimental results on 2 real-world datasets show that:1) we obtain less drifted STAPs with less @ and 3, and
vice versa;2)the two types of drifted STAPs obeys different distribution for various datasets;3) the obtained STAPs and their
drifts have strong readability.

Keywords Multivariate time series, Anomaly detection, Think in Threes,Sequential pattern discovery,Incremental learning
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(2) oA B
# 6— 2 9% T Datasets I il Datasets 11 I pfi g2 1k
RETREBMIOXEBRAB AN AAIUGRE. H
KoM IREBBEXWBE G 5 MW EE RN Weibull

# 6 Dataset I 1B g8 b kA T R EERB B /0 5 2
Table 6 Distribution fitting error of type I drift STAPs on Dataset I with 8 changes
2 A\ 0.0071 0.0072 0.0073 0.0074 0.0075 0.0076 0.0077 0.0078 0.0079
Beta 0.00923 0.00727 0.00521 0.00754 0.00876 0.00587 0.00716 0.00908 0.01118
Logistic 0.01040 0.00942 0.00884 0.00927 0.01134 0.01104 0.01085 0.01334 0.01323
Normal 0.01040 0.00877 0.00827 0.00895 0.01013 0.01070 0.01019 0.01280 0.01304
Exponential 0.02021 0.02010 0.01969 0.01984 0.01828 0.01762 0.01681 0.02210 0.02412
Weibull 0.00880 0.00666 0.00559 0.00668 0.00857 0.006 34 0. 00655 0.00939 0.01041
F 7 Dataset I LB pARfL & A 1T 2 EERAE 2009 43 40 0L & i 22
Table 7 Distribution fitting error of type II drift STAPs on Dataset I with 8 changes
ﬁ‘}ﬁ\ﬁ 0.0071 0.0072 0.0073 0.0074 0.0075 0.0076 0.0077 0.0078 0.0079
Beta 0.01574 0.01319 0.01478 0.01091 0.01214 0.01529 0.00817 0.00854 0.00828
Logistic 0.01621 0.01662 0.01613 0.01377 0.01387 0.01867 0.014 84 0.01496 0.01652
Normal 0.01874 0.02129 0.01912 0.02006 0.01847 0.02440 0.02068 0.02119 0.02168
Exponential 0.03000 0.02885 0.0306 0.03000 0.02963 0.03588 0.03076 0.02802 0.02638
Weibull 0.01463 0.01397 0.0151 0.01278 0.01255 0.01840 0.01178 0.01102 0.01046
# 8 Dataset 11 LJ gLk A 1 REBA N 5P E 1572
Table 8 Distribution fitting error of type I drift a STAPs on Dataset II with 8 changes
2 AR 0.006 0.0065 0. 007 0.0075 0.008 0.0085 0.009 0.0095 0.01
Beta 0.19307 0.14354 0.13626 0.18399 0.17971 0.16804 0.15532 0.16913 0.15291
Logistic 0.18617 0.13541 0.12936 0.17976 0.17149 0.16122 0.15009 0.16786 0.14904
Normal 0.18696  0.13689  0.12983  0.17948  0.17232  0.16195  0.14938  0.16724  0.14792
Exponential 0.20014 0.15157 0.144 39 0.19391 0.18907 0.17658 0.16800 0.17974 0.16205
Weibull 0.18779 0.13701 0.13098 0.18068 0.17371 0.16339 0.14988 0. 16681 0.14832
# 9 Dataset 11 IJfi g8 1k & A= 11 IR R4 211 o3 A 4L G 158 22
Table 9 Distribution fitting error of type II drift STAPs on Dataset II with 8 changes
7]\7%\[3 0. 006 0. 0065 0.007 0.0075 0.008 0.0085 0.009 0.0095 0.01
Beta 0.01582 0.01738 0.01970 0.02213 0.02335 0.02848 0. 02805 0.02525 0.02255
Logistic 0.04203 0.04342 0.04084 0.04523 0.04593 0.05459 0.06162 0.06330 0.05765
Normal 0.05344 0.05199 0.05266 0.05844 0.05808 0.06585 0.08349 0.08528 0.07749
Exponential 0.04637 0.04543 0.04289 0.04843 0.04876 0.04915 0.05112 0.04084 0.03937
Weibull 0.02154 0.02316 0.02160 0.02892 0.02947 0.03508 0.03550 0.02731 0.02669
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(3] BRI R A IR AR . RS A 9 = 43 SR W DR T 9 S AE 1

2 10 ¥t T #E Datasets 1 fll Datasets 11 " Z25% 72 JF J& 1
TR VKB 2 9 STAP EERSAG TN 4521 B AR #4855 AR
HER R — L5 R R, WL 10 fk 11
(BRI 11() AR 11(h) A A SR SR B 55 1 41
SLEAA A
# 10 Dataset I FAE S 2 HIEF MR B = A i A IR A5 e R i X
Table 10 STAPs of length 2 and with top-5 drift degrees

on Dataset 1

(a)Type 1

{(CO(GT) . D, (PT08. S1(CO),d), (C6H6 (GT) . )} = {(NOx(GT),h)}
€0.24%)

{(CO(GT),D,(PT08. S1(CO),d), (C6H6(GT), D)} —>{(NO2(GT),h)}
(0.24%)

{(CO(GT),D,(PT08. S1(CO),d), (C6HE6(GT), D)}~ {(NOx(GT).h),
(NO2(GT) ,h) } (0. 24 %)
{(T.b)}—>{(PT08. SL(CO) ,c), (PT08. S4(NO2) ,b) } (0. 24 %)

{(T,b)} > {(COCGT) .0, (PT08. S5(03) ,e)} (0. 22%)

(b) Type 11

{(NOx(GT)»d) } > {(T,d)}€0.62%)

(T d) = {(NOX(GT) ,d) } (0. 6 %)
{(COGT), D)} —>{(T,d)}(0.53%)
{(PT08. S4(NO2),b) }—>{(T.d)}(0.52%)
{(T,d) )= {(RH.B)}(0.5%)

# 11 Dataset 11 FRFEEH 2 H RS TR FE AT 70000 R 5 54 o A X
Table 11 STAPs of length 2 and with top-5 drift degrees
on Dataset 11

(a) Typel

{ Coil pressure(Mpa) .d) } = { (production fluid(m3),B)}(0.54 %)
{ Coil pressure(Mpa) .d) } = { (producing water(m3),C)} (0. 54 %)
{ (oil pressure(Mpa) ,d) }—{(gassiness(104m3),f) }(0.5%)

{ Coil pressure(Mpa) .d) } = { (containingwater( %) . b) } (0. 49 %)
{(oil pressure(Mpa) ,c) } —{ (oilpressure(Mpa) . C) } (0. 47 %)

(b) Type 11

{ (production fluid(m3).B) } —>{ (frequency(Hz) , H) } (0. 17 %)

{ Coil-producing(m3) , A) } = { (frequency(Hz) , H) } (0. 17 %)

{ (gassiness(104m3) ,¢) } = { (production fluid(m3),b), (oil-producing(m3) ,
b)}(0.17%)

{ (frequency(Hz) . H) } = { (production fluid(m3),B)} (0. 17 %)

{ (frequency(Hz) , H) } = { (oil-producing(m3) . A)} (0.17%)

FH AT, T2 T 2R ER ) STAP X B oAF, A
AR 2R, DL 10 X R0 A K5 B RO S ], A8 X
“UT, D)} {(COGT), D, (PT08. S5(03),e) } (0. 22%) 7 %
EIRE TR 2% ~4% 5. 78 1 8 2 A 5 fy i 5] [8) B 9
COGTRMEE L T M 32% ~64% H PT08. S5(03) < {4
TR TR 16%~32% . A M BAR Sy R %, TT RE
AINT 0.22%, FR{COGT), D))= {(T,d)}0.53%)”
BAETE COGTY ARG/ BT 8% ~16% )7 . 76 1 3 2 A3 fif
FRF ) 10 G P L R B S TR 8% ~ 16 %, 2 = A A 931 B A 45
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