PR
CHINESE JOURNAL OF COMPUTERS

H e 22 1Y HEX 0 B AR Ek
WEE VIR A4 Vs V2 T R 1

1) (BRI, AL 100084)
2)  (PREE R0 5 N bR B sk 5, Jb 5t 100084)

# OE ISR R RN RS AR O SRR R A MERE R, A TR E S S S d . S IkE
B, kﬁ% WK SRR IR AT A S5 WA BN E A, BERIE TS B g E . b R N, A DI RE

BEATRI Gy, ATAS AT 0 B o0 i SE A R A, e T ARz IR B R, 1 BRI 1SR B R AR R AN A ) R
WTHE&HF%%%H*M‘ﬁ%A¥H s RSN I FZ R AT A AR M S . BRI AR 2 IR T I E I B H
B, T3 s T B P R M Lt R AR T T B S FIAR RN TR o AT, AR R I AN M R 1) T ¥ 40 il a0 SR SR AN M A 2
¥, TIX PRI R AR TR 2 SR AR S H AT 7RI o AT RS S SR AN SO AT A S g, KRR
HHER S NE XIS R E S e, W SR REHT A T AT S 5o AT, 8ER T RANET AL S
RIE#ESH. RE, WETIHATRINENEEER, KPUTRE NIEEIRE) ., BERIKSAR G RK=, FEMSER
PN GRS, &5, FHATTBEENRAFRR LIRS, JHE AR R R T M .
KB AR P T M MY S5 AL
HhENES XS TP31L

A Survey of Log Division Technique in Process Mining
LIN Lei-Lei®?  WEN Li-Jie?? QIAN Chen? ZONG Zang” WANG Jian-Min®?

1)  (Department of software, Tsinghua University, Beijing,100084, China)
2)  (Beijing Key Laboratory of Industrial Big Data System and Application, Beijing,100084, China)
Abstract Process mining aims to extract the valuable information from event logs generated by software
systems, which is often utilized for configuring and optimizing the ongoing business process models. Meanwhile,
the development of information technologies (such as big data and the internet of things) not only makes process
models more structurally- and behaviorally-complex, but also accelerates the speed of business evolution. Under
this circumstance, it is necessary to analyze, design and simplify the original event log into sub-logs for
effectively-reusable purposes. Therefore, it is more instructive for process mining to mine the process models
from the sub-logs instead of the original logs. As we know, data division is to improve model performance
through subsets analysis, so the purpose of log division is to divide the original event log into multiple sub-logs
by adopting different methods according to different issues. The analysis of these sub-logs can provide support
for process mining research,especially in process discovery scenario. It is known that process mining has three
application scenarios, namely process discovery, conformance checking and process enhancement. The most
crucial learning task in the process mining domain is process discovery that is defined as the construction of a
reasonable process model from the original event log. However, the model mined from the original event log in
process discovery scenario is always too complex (spaghetti-like model) and inaccurate (neglect evolution). At
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present, the solutions to these two problems are trace clustering and concept drift, where the trace clustering can
be considered a versatile solution for reducing the complexity of the mined models, and concept drift in process
mining is to detect changes in event logs for improving the accuracy of process discovery. In our viewpoints, the
principles of the two solutions, trace clustering and concept drift, are the same, because they both improve the
quality of the mined models by dividing the original log into multiple sub-logs. In this paper, we summarize the
two key branches of log division -- trace clustering and concept drift, trying to clarity the similarities and
differences between them. We find that trace clustering only considers the similarity between different traces in
the original log, while ignoring the timestamp attribute on the traces. In contrast, the focus of concept drift
research is to find out the time points (or the locations of the traces in the original log), and then divide the
original log into sub-logs based on these time points. Moreover, we systematically summarize and analyze the
development trend of the related studies through the literature protocol, and find that the growth trend of the
concept drift in the past five years is greater than the growth trend of the trace clustering. More concretely, we
classify the methods of trace clustering into three categories (i.e., distance-driven, model-driven and hybrid
clustering) and classify the methods of concept drift into two types (i.e. single type and composite type).
Furthermore, we use the publicly-available datasets to evaluate the advantages and disadvantages of different
types of methods, and sketch some potential development directions of future research.

Key words process mining; trace clustering; concept drift; business evolution
< B3t/ fifk
= C sEbRlkg?
1515 \if/g
I’rﬁ/%‘é%ﬂT
U AR M E RN TR, 0 soB st

-]
AL FUB ) ST FT D Ve B S o O
AR 2 ) W PR DA RS | : In A
. SULREE, (3 EAE R B e AT ’“WLMM%\\
Szl 45 i B R A T ORI R S Cevent

log) , IKELHHE £ LLRERIY AT SRS B R Goh
Cln.esv XY o i FEFZHE (process mining) 5%
SRASBEEFASPENENEE (N, %
V. Ff. BRI X T DT

&
i@

F & 5058 HET AR

K 1 R 2 e = A2 g 5

W RF USRI S5 BT, 8RN R T4
B et B2 gt ik 25 A 18 1 R OR T
IR SLR R = AN Y, g Rk
W AR o AR s, BARMR

(1) A (process discovery) . i%¥H
AN S AT E = A EEH &, 2l
FEAAY, i PRk 55 3 FE 1 B B A0 B A )
AR G B A A ] LR B —4E R, AT DL
2 NYERE AR B B TR 4E R T B
Hoe RN B PAT S 5T R 4
Ccontrol-flow) . e i ZhHE I HE 2 (0 9 VR 4 i
BRIk %2 5 Mt e g s, oy T E 4T
ORI H EHAR RS I R, 2 E R
71T 3 A EAE A 298 500 8 R Ui R
P BT Markov S 145 4

wyEP i =R Inductive Miner 323
VEBOL E AR, F 22 van der Aalst £ AR
f¥) Alpha S0P by T Emf ki B S 0, BONZAT
B N2 RS IR . 2B U H Sk
B S GB Z M  ERE . FER KA
g58, JELL Petri MM AL R . fEULEEAT |,
YFZ 220 Alpha AT TR, dnf@o A mT I
E 5 5EY e k458 (non-free-choice)
M EESEMEEPME TR R R
(causally complete) " f13F J 46 42 4 51,
(2) & MPERE A (conformance checking). %
st & H SRR, Syt R A7 & 1 B AR b
BRI RS R, AR SR ATAT N (H
B SEBTR R 2 a2 g,
i, PR AR S — N [ ) AR R G AR A



MRS S 2R H SR BOR SRR 3

A, MELKKM R THEREREMRSES (H
BEI . TR TR, ST U A R
B S F IR, A, AR TR
A DAY ok i R Y2 HE SR O HERR R . R
RHESEMZ WM ESHEERA: O HUEE
(fitness) (8, JRANIEALGERE I Creplay) H E4T
MRS b) KEFE (precision) &7, YR RIAEL4T
NEZ DS ¢ ZAE (generalization)
D81, SEANRERAT 22 AT NAFE H B, B R AE
BAh, A TR AR 2 R R AR A
complexity™,

(3) T FEMGE (processenhancement) . %1%
S AR A 2 WA H SRR, E2rE
E S G IR S S, AR HE
Ko 5 FEAR AL, O 5 ) H R B A
Horp,  HE R AR O AR CanfsiA
SR o H BTG, BRI SR E, A
7 58 47 B PR P I D 1 AT A R P02 i, 3
R [22]% [FI S ALK TG Sk AT W, K0 AR R 4
WORLEE (fine-grain) TEBIILS A A& D), FRIKEL
WU . BRI SR & R H & s sl 1) 2 4k
JE AR B4 A UE AR, B A AL AT it
BB A B2, Hop, iy
SRR A SE B B s B AR
(model repair) %

MZAR SR E, P20 32 B A 14
WRFEMFHE, B rm il e, A
I, 7£ |IEEE ;I F242 48 TE /N (IEEE Task force on
process mining) 2011 A& A L FEI2 I E 5, Fr
Huks I FRACBR B 1% A0 A 45— S Bt e i 1.
S ZEMERE, HEBGHESE T REZEENE
bk, BFANEW TR EE . HERSHA (log
division) & AL G Bl B S, HOR B 2K
JFas HERIS R TFHE, SMEZ . ASCEN
BT ) 53 2% 5 AN IE A M NP0, 6 H BRI HAR
R RS SRR S RS AL AT T G 4, B3
ELHA: 2 BRI T 5 RS, i sEhy
FHIF AR E . 5 3 SR T A
WM R G AT ORISR . TR RE . 2R 4 B
S BREBIIBT I N AR S2Ib R, % 5
TR N AR, IR AR, 5 6
ext HERI RN — MR, 587 X T A

thttp://www.win.tue.nl/ieeetfpm/doku.php

ST T A SR
2 O)RE =

AR R LA R A D B, B SEBR
S Y T s ) e R A A 0 R A A R AR
HE R HATEER), ANRE LA S M Ik ) olk 55

i



4 THEMLFR

: 4 Ex
358 ~T B =
— H Sub-log; B 1 . V? s
JEIRH & 5 i o | X|  Sub-log; Sub-log,  Sub-logs
| =507 B 3 —> SR
y ._1—’ﬁ o K3
T L A | | Sub-log, LI 8) | &
I i VS ;
B J| 1= I == = ’i> ——
e . N FmAE B
AR Sub-logs B3 Sub-log;  Sub-log,  Sub-logs
(a) SZBx ) (b) fiEtuk s 50 (c) ANHEAA

P 2 AR P SE bR i R (a) s T (o) FIASRIAIL A (c)
®1 HMERESHEFBZENRESR

A PR [ W
i NS WA H & WHEATHE

e e R 5 2 FE R B R TE
B % AR A
KL B AR A IS
i R pE e ] @ PE L
2l S Wi ] LA X

B, XFPEEFR 2 R R HI LAY (spaghetti-like
modeD) P, K 2.a fox. FRHERE, 29N R
BN A AT M5 B R RE— MR, X AR
ik TEAR . BTRL, SR U s S A H
B F BV H BT, R H BRI
REANTHE, pmide CE 2.b Fras). HELR
53 BRI 5 S R e e 1) I R AH OB, Bt 1)
N T FRRAR S TR R 0, ] ORI s 5k,
KL 54T N R A —ATF HE, BT HEZ]
2 SRR R AT s 2) N T R 2 A
B RASVRAE — i T B P2 4 B A A IE A )8, A
DX H AT MRS AN, Jd I A I 2 AR A A
BHERI D 2T HE, BT HEZE R
it R — AN CanlE 2.c BT ). #z S RATE
IR R T H BRI ERRTEW;, 15 SEPRfig
I 50 PPt A P R R Rt 2% SR L. R, A
T PR B (0 57 ) AT MR . R 1 poR: =
FHERNRIAEFE SR A—NHE, fd ekl s
ZATHE. RV, B0 %2k 3 Ak
)2 GnAe] PR Y A2 e B, TV AR R A A TR PR A2 R
Tk A R R R AN IE A . AL, #
TSR RAE FEINT GRAT AR, R AR 5%
FPNHHT RS, TR R A . AHELZ T,
NEEIERE T BN ST AR, @i KIAT A
HIARA KA H B PR S (BFR, D,
H— DR ok H BRI AARTHE, A

RN S AR AR ACRAS . BAR, PR
MU SR R AR T (RS A b, TR VA T2 5%
R A E A R . AR, ZFERRIA
[l S M I T H ST R R 4ERE . ESERR
R, PSSR AT A S o e Al m]
LS M B & A AR TN ) 3 AR AR [R] AR 1) L 55
B, R I B2 FE S A — A A AT
BEATIRER, (AR A BEAR & 70 A Bl 55 1R s AL
AR LA AR 55 A BB AT IR L AN R AR 5547

3 SCRRALLY

NTHERR A RN R, H BB
J B SCRRIEAT 21
3.1 #RE)EHISEE

A S T AR AN AT BRI R Y 4 2 R R AR R
P E) IE B 1 AN ) R, o ] R N A AL EE T
iy

JEE—: AE SRR S AT, G e] £E AL FE Y
B A 5 2 RN v IR A2 2

ST = B EE se M, WLl s T A
PR R RS B2

[ =" LA R G A B N IE W A T
EA MR DL K AR R A7

M —AEHEZ R 1) W R g Ay
JEE R w8 I 0 P 2 A 22 AT AT 4 T i P 1), AR



MRS S 2R H SR BOR SRR 5

T A SCREBIE FC (0 S el PR A 2 I RE A2 R U 20 v
R FEAZ I SVAAE R REE BB DU B
IERE R, W, BOREERPT. (R, ALk
WA PE AL BERY B H SR 80K o

i) AL 4 AR SO I 3 BB BR 2 AE AR H B
& B AT T AT . 40 H B RO AT LU 4 2
SREFRIHE, ER, AN NE RE 4 2
BARBONEAI T T, B L 2ES BRI 4
B S BRFERB R R RE . Hobh, EREZH
R B0 TRl 35 b 3 S A AL I Ak
BEE, HABENGHAMA: —Jim, WA
M 5 Arb T 75 VR AR RS T TR R LS B R . e
TR YL, MR AL TR D) ) R — s AT, A
WIERAHSE S BN S — T, MEAAEEAR
NG AOE R, B, AR AR —
AN B AR B

=, A S R F . P
R R & H BRI A AR, R 1
PR R T B A Rl AR SOR 2 0 e X
ANEBH BT R, JFEET A9 K, e
HF— I ARRK RIS
32 REMXBEFESHIRE

N TR AT RE 4 7 o B T A A SR BT T
AR SCIE L 1 SR Y o ORISR P 1 5 3585 1 3
BRTENERBXT B Horr, HACH A9 304

% 8
P =
S ERBR R

XESHE 21 H E 5

¥ f& process mining . log division . trace
clustering. concept drift. th4h, HR¥E AR AL K
YWILZE R, § M E T process discover. log
divide. trace cluster. log clustering /% drift detection
(detect). 3 4h, HATOR K8 SO B S i 1R
2498, HERS . PUBREMMEER . BT
FEOON IR B E R, By REER TRAEZE. 1
BUIE, HERE, EBRN. Bk, #%
PR THENT:

AR Bk (HE) REK, MR (F
BrrilD +HER (TIRD sud 248 Rz
D .

R HKEZ:  trace (log) clustering (cluster) .
concept drift Cor drift detection. detect drift)
+logdivision (divide) B, process mining (discover) .

BEXTBA b B, AR Sk B A A R
FREE PEBEAT R Horh, S0k B B e
#& Web of science. IEEE Xplore. SpringerLink.
Scopus. ACM. ScienceDirect. 1302 ¥4 e
FEE . I gEs . Ah, 454 Google scholar
MEES AR R RN EE2MNE. FETN
&, MWRIRIRSCRIBEE 8AE, 1 B 1) 3 o 2 8t
JRET BV TR o (R, J A AN 52 W AR S 1) &

wo

o Event log =
WGt [
O Trace 1 = <A,

B, C, D, E>,
Trace 2=<A,C, B, D, F>,

yele.xesex
’ X "."") /> ]

Sk

: Register prRin)
: Check ticket K
: Examine casually

Decide

Pay compensation

Reject request

Tmpﬂw)

T FERE Y

K3 XES#HAMHEKMEER

3.3 kEFERE
AR, RIE R S (K BHE R e s,

PRAE T SCRRE R Mt 1, (HER ST Ko # o
P AR A, T Il A B Al R AR B . A
Bb . AR ST RE T SCHR 07 8 1R 20 N HE DU R HE B



6 TR

e
AN LN
INL) B G i FEF2 40 ek iy H 36 20
IN2) JGvE SUR I R P2 38 G 1) SR AN
IN3) SCHR LI 4R A 7o 3
HEE 2 — MR IS, ACEE RIS
BEHMEAEE OND. wE 3 s Bos TR
B AT M AE AT BRI L 55 = AR ) H B2 . B3 1)
Feil 2 UL XES #& AR HE WA, — S i
(log) ¥ TR Z S FEZRM, A RH RS —
GEEEPATIC T, R RIA S — 26528 (trace) .
B L HIBZAFE Cevent) ik, HAFH
H H XN B35 8 % B Cconcept:name ) . HiJ [A] #k
(timestamp) M AT M & (resource) %, #U%
FE H E b, W XES HEWH S A 3 il
W% Event log=[<A, B, C, D, E>, < A, C, B, D,
F>, .10 WKEESCHR[1-2]€ X, HERZIEHES,
T 5 2% 0308 372 B A BRAS S0 3 IR AT 07 HE 21
M. MR AL RIE, S RMERIEEA
Ef&geffmt (8] 7 7ML (H2, AR X
BITET: L BHEFH COESLEE N E, TH4T
FICLBSBUE BN s 2) B [a) 7 F1 70 7% SR [a] &R
HUE, BUERTEMEHECRIRGS. Mk, FHH
HR A S P AT =, BT LIS AT AT S
W REMK. WK 3 PR, 53 B FIHATHAS T
TG A AT .
GINAEN] IN2 ] T A SCORTE B 2 I R 2 48 4
W EE RIS (S0 4 7)) FEREN (058
5 &) WAANE, 0T H ARSI M)A OC N 2B A
Wie A, IN3 BRI B SOk 4% i 7R 3T 1 4F
Wo [FIEF, AT H B  JEIE ks . IR 2R
Xf—LeZ dp TAE (i, SCHR[33D » AT a i
WA T
FEBR D
EX1) EmNAERAMEMME, 80 CRR
/bF 6 T
EX2) #EE S AR CEiFiE,
EX3) XHERAEXNCOHIENNH, WAH%
pi
T RUESCHR P LS AT AT e, EXL AT EX2
3R R BN SCER AT HEBR . EX3 SRIAHE LN
BB RPN i, SCER[34]17E % T 5
(fog computing) 51N T HESIERS, Bl Hfig ok
T B Apps MIRRCAS IR, SR, 1% SCRTIINEE RS

iR B T 3CHR[35],  FF AR R AT 7 it AT $ It
it
3.4 kgt

AR T A ) R AT L R OB DL R A
PRAE, AT R SCEREEAT T AETh, R E I
SHEIRANILTRI 33 5, MSEE 39 K. 1M,
FEBRAENHERR 7 AL RIOCE 31 F, MRS 28
e B 4 J&os T B SO AR R S DAL
REPTE A B ARSCIRACR . BRI RAVE H, iat
FERPIATT T (R SRR AR ARG I, AR -1 2 i
WRKEEH 11 . HAh, Pl REH R A
16-17 A7 —MRKMIIGIE, AR K 7
o XMEZT, MESEBK &K EZE 18-19
o, AR EHRHK T, B, f£16-17 2
A, BESE BAE RFFIR A, H iR
AR AN, BT SCTE BEAE AR KP4
Zit R A PR R, (HRME SR, HE
BEAR

18
17
16 e R W
14
12 11
10 /- -
W :
ES 8 7
6 s 57
e o
4
2 .
2 |
0
10-11 12-13 14-15 16-17 18-19
Foy
K 4 5 +FE T EA
s
4 FHiIREE S

IR TR 6 LT SR 2R B A T T AT SR
FEMAFH=ANE: B, X HEH TR
RE AT o UL K4y 25 . ok, B B se s
SEVEBHTINR . &G, BT RN R E
e,

4.1 BEEZESR
Greco 55 N\ 1E 2004 FH F JZ IR R RIZ2 0 TAER

2https://pan.baidu.com/s/1B1Q1WdIpsPZT_nArY8umQA #2Hfi%: THUL



https://pan.baidu.com/s/1B1Q1WdIpsPZT_nArY8umQA

MRS S 2R H SR BOR SRR 7

H &4 %5 (global constraints) oV 2 ik
REMIF L2 AE . ZSCHR AT S 1S E T R A2
—Fh #2958 (local consraints) i1 44k &
TIE R TAE i I PATRER, a5
5 R I BIAS [F) 75T AR AR A FAT I, B f
B R E —FRER N H 2R R, & 24
R, I AR R BT il T 4k 1) e
ERAE T B R BT g 3 B 2 0 A T A S
W HERARREREZ, BMRAEMERT —4
REE I R (B, SRR R AT )
T 3 ) 1 SR AT Aok AR AL (W S A . el
BBt e T AR e — AN EE SRR, mxT
R VR T I B R EGE TSR U, AT R R e e
A2 A IR R B T At — DA% 7.
I, ATDARI S R NE L R G R H KT
MR ve T I H B8R, e OA IR I
(5,8, 121317 A LA, NIRRT
i & g R A=

RS, PO RIS RE T E A =2k
D) FET R IR M R EIEES, 2) Bl
DR 1 B L8, 3) B pf i s K A R T
R A BXE ML, mE s PR, MRS
REFARE =M ONE: B HENTET
Z, B R AE SRR ok B R BT,
tracesprofile) . #:%, @It gmHIE B ETHEH
BB M EARALE . e, TS REE L
(4 K-means) 4% RA R EZE. Mz
N, ALK R R EIE R R AR, EHE MR
MR, SR B 5500782 M PEN FE bR (L
GE BERES ke YulE TRk, H
W, NGRS T e BB NI, AT REIE I
H 25 38 2 B SR R A3 20 1 o a0 SR 2 (a1 3215
BRI, 4wl 2 H 28 R 0T A
ROCNBUIES) o RS W, PR R R E
EERH T HAPE S XMTEEEE, B
AR R TAT AR

AR H &

(~E

SRS T BARRE HBRRh i) T K
PUBFR |y /8 Hm Markov#iAl
R w C:@ Petrifoy #5471
Gt s oL i DR
ARILBERS H T AW C:@ i1 s

- = m

|

|

|

|

| | ]
K-mean iy \ \/ W e

¥ =

Sub-log, Sub-log, Sub-logs Sub-log,

K5 =FARZEBM R

o T, AN BR BN BFEAN E RS 2 R P S R A VR
W55, e ZRARE I & R F BE ML SR & Bl 3 D0 3R
WEIRIUR AL AR, B PaNR R ik, ’E
REEIELGEHE T AR, £ T HEh
Pt H BB T R,

(1) FEESIRBN AL
FR PGPz 2 AR R, PR BB AT DL Bk
BRIl R A PR Mo B AR 2R ) 220 i g 92 gk 2 A X
AT A ¥, BEEAEPIE LR AT 5
Wit Bose 25 NP H 26 (K BT AT 5 3076 2 7B
x2, WEFPLEA—NFRE . RE, RN
AR EE S (levenshtein distance) L% 2 [8] ) AH
. e, 1M K-means BEATELIE R K. %772
(maximal repeat, fAFK MR) I sl 2 f B iy
R R ME AR G IR 54 o

FHEEZ T, R B 2 A SRR E PR
NE . BRI, Sz e i, SR 5 BT
) B RO P AL . o, BT EE BE S
Wi 2R T7i% . PLdsie B2 POl A R A 1 1R)
B2RE, ERVTHAP MR ARZIEE, HH
A DLRE BT LA N B PHEE —ilE . W3R 2 B,
fE7R T WIS M Cactivities) Flff 5 (originator)
Pk zlm P 3 i H B . TEVEShACRE R, 2
B 1 A1 0 73 A ZRIR 2 2 RS shfE B b B S AN
Wl fEREANRRES, BUEAARIZ YHT A6
25T 2/ DAk s, AP En] B
& XA AR A FC IR, FH T 2 7 2 2 [R] AR G
RIMNAZIE (transition) #CEE. FH T Z1 M S5 A4 A7 B
M RE R B 25 . BT PR B 3 R 3R,
st A DL B 2 TR AL RS AT H B B, XX
BR[BTIIETE B HCJEE I AN UHE 3R LA S AR 3L 46 58 1Y)



8 TR

Femll b B gk 4T R A JZ IR 2K (agglomerative
hierarchical clustering) , E& 177 & F B EE
5 A 7 2 T P Bz B 3 A DR A ) BE S AT TR

4, EP48E7750 (complete linkage) . Montani %5

N8 Lhr H AR IUR 2 5530 1 Js P & A R R
EH, A

R 2 EHXIE 3 B HERIER AT BRI 5

$\3 1D EBIH S5/6
AlB|lc|D]| E|F Bob | Saa | Ellen | ...

Tracel 1 1 1 1 1 0 1 2

Trace 2 1 1 1 1 0 1 2 1

Trace 3 1 1 1 1 1 0 1 0
HAEAMRAR . EEHZAAERRSE. L, EX
TIEARKFE S (neighbors-graph distance) SKit-54h < 2| < 2| < ‘> < 7 >
25 2 TR AR LA Y, 05 £ PRl 1 2 7 | TR Me | TR
TR . SCHR[BTR B AR ALh B2 WSk Dy i ) 1) ! S s

vi i i B

AR R NI AR I ) AR B AN R4y, SR JE R R X
PRBR RN 150, e A S SRR
% (spectral clustering) #4752, HaTHE T/EAF
fe: 1. ARIE [n) &40 BE -5 AR AT 50 80 1) 4% 5T X il £
TR M EFE TIHEARR: 2. HE T AR
FMACE . il KESLRAAH, BAME R
FEFH TAEF R RZE S, HIEESHE
2, PHEEACE RIS s AHALE N 0.3, ARt
FIBLEE A 0.7, Appice 7E[40]F4EH, Wi H2
R AN R0 AR B ) S PR A — T AR, A7
FEWAN R 55— 2B T AR A Z 18] 1A
SO R fRIERPHERTA M B 5 gl E YR R
Heo L, FIAWREUIZRENE (co-training strategy )
7 B0 AN 5] RR A7 A AEACLRE B, 4235 ) FH BRI R & o
FHGBAHPLEE, JF HRA k-medoids kAR
k-means 4752

Delias %5 A\ 45 H BLA BU2E SR SRS AE AR UL )
E FERARIERI G, T, RO SERRIE B2
RIE LS T 2 A CnvGsh . e, IEE
R N o ST = G R B AT A B S 1 P i o
TR I ROTEM, mE 6 FR, EERE =R
B (vis iy s X T AL DU AR AL AR B
AR, A7) o S5, I PR AU T 5 H
7 2 18] ) — S M Cconcordance ) Fl R — F
(discordance) PiME. fifa, HUMMEH )R/
f& (B, min{concordance, 1-discordance}) fE A%k
IR, IR ARG R R EEEHEAT LR

%‘éo

K16 AHUE R Y 7

SCHR[42] 9 JRR R, ECA T LA
ANEZER (expert knowledge) o % T =Ff
AFEW L F IR RENE: 1. RPN
(expert-driven initialization) . B[, 7E&HEWILHL
RN T AR W, e T SR N R
PEAEHHAT k-means B¢ k-nn 5828, X FE AT DUAR 74 il
JROHER, ARG TR IR b AT AR E i 4R R
2, 2. ZIREZ (constrained clustering) . 355t
PRI R AR BN R RN, Wl A
TCER WA TE, WRLS N ST — R BT 5 3.
SEREL 7% (complete expert solution) . 7£H 3
RECE FRNR R Al b, SER RN . It
Gb, KRB, WA PLRHE & 5 AR EOE R
FKo Lu F NN N TE R K T7 S0 S8t R B A
M, AMHEH TR E IR R, R
L R R D B R AR SRS, AR E 358 B
B IR,

(2) BRI IR

R B 7)) 5 B B ) () 3 SR SR AR Y 32 2
XAESIAN T REWNSRY) (R, SEBEED .
Ferreira &5 N\ ZET—Br 5 /R B B R AT sk 52K
M1, 3 38 g R B IR L DR B R R 2
e, R JE I K BLAR il T 5% Cexpectation-
maximization, EM) AW # S H0E R H 2 IS
NG R, VLGP EAT MR %
T AR REAR L5 B T2 B (AN 1D B
] j, H R 2 PR T B Ak B . Weerdt
S NN HE T 00 8 S SRAN T B8 1 032k 2 Ta) ) AH A
PE, TR IS IR VT 48 A X 0L B B O
B, Wi Z AR mZE, BPR2EMmLT Cclustering
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bias) AR 1T Cevaluation bias) = i) #2219,
b, SCER[L91FR T 2 T8 Ak e Sk A A
IREN SRR ETTE, O PR

a) FRHRE A OO s Pl A8 &) B3 R 25 (R
BTN D R AR, RFEAHAT S K
KIZIE, 535 R AR

b) THEARIA L PR AR 2 TR LA B, R
INTFEhE BEARTUA B tf, WIREA N —ANE, Bl 2
B o) WRRKTHEMERMEE tf, WEL
a)b):

¢) HlERIHE LT ER TR EHE nb. 1L
&F nb, MFE R REUEETIA N — AR, BIEE&
k. W% /NF nb, EH a). b)b.

HCL b D IR AT 0, AN Bk N A S i ) 2 A
PRI B (FUDRES) , R BARE AT
HEAWEW, KW NRHEML. FE, BT

BB REABAT IS8 . YA, BRI A B 2
2 BR 6 om T A SRR B

SCHR[45] 5 11 THI AR 2 B 50 (1) 3R 28 7 VE A [R] R AE
F: D BIMERAH. RETREEXIZHEEEL
BRI 5 KRR, SRIGHA Petri MRS, 2) FRFRA
Al PPN RL SEE 2 (A FR AR 25 & 5 FE TG B 2L
RIREW T 3) KR SRIE A . SCHR[L9]
Pk H BRI, KRR A —A
o T SCHIR[45] 2 8 i P o A 75 A A SRR R
RNy %o S, R P g Bl A R B AR
pattern={ p1, P2, ..., Pn}o G, WYL L EEE
BB py, K HERI B, IHEIRRRE
scorej. A, WA 1570 B R ORI
HE—AZ. &, BRI rEk e
A TR

%% 3ATC F0 AMSTC FF#H773A3T & 3 #REFN BRI FFERELER

T J5 L H & s i3
<A, B, C, D, E> 0 i
ATC <A, B, C,D, E>
<AC,B,D, E> 1 i+1
O8O E ] <A,B,C,D, E> 0 i
AMSTC ® u“ﬂ ®
Ol cbO <AC, B, D, E> 0 i

Chatain 5 A\$EH T 2T X555 77 A 8hazs 2k
BEVSAN ) N S BRAER 2 R TR
PASREUI . DRk, AT DO 2 k0B R = A f
O AR T SRS, I A [ R 5 K
CA R HEHATHEER S (alignmennt-based trace
clustering, fiifx ATC) He1, Horr, AEANR O
JRI R 7E o5 (partial covering) , BIAE/NJ5 O #B 2 WA
MR TE B B B LE A MPATE R, HFHESE
FIHEBRE /NS ERME do ZREEXFRBER
A, HRTVE S RB A P AR AE IR . TR B
Mo NI, fEHAE ATC Hal By T & TR
FE N T B2 502 (alignment and model subnet
based trace clustring, f&iFx AMSTC) 7, 41 3 fr
~: 2<AB,CDE>AHKE 3 BAK—AFO, WF
Fl ATC SHixt#1ii<A,B,C,D,E>fil<A,C, B,D,E>%
%, SRR EPTSFORIEEA—RE (RN
0. 1, HIHEPIESHTEARFRRIFE (RI%E i
R+ o AHRZ, XA B TR A I
REERFEE, R8T —MRA, Sz 75 [F
—/Mk. ALk, AMSTC @AR#ERE 3 774 7 — M

B4 (R, BEEBES MR —0) , Ra
I PB4 5 A 2 U AT X 55 (BE SRR 0D,
BT DA S B R AE— AR CRIFR ) o T
507 NI R AR B S PR AU E NS
By, H ATC &R FHBLE = A B R S 2
M, AMSTC ZH B TREAS . 12057k
0 H R AUR S R SRR T, B, anf T SR
B o R B O N (i, R 5 A A
LD

SCHR [48) 4 H & A 1 S BOHE B O Ao #R
(micro-process) , FiAJyid i 5 2k R IIX AL
PR IR, AT AR SR AE. Ak,
EFE MR UOD BATE: H—2, XA HER
P, oA Petri MIARAY; R, K HEF A
A5 Petri PR EAT IS5, LA MR B
BB BN N2 o H, [, ol s AR
=, BEHUMEUHMGE RS Petri BRI T BE 551t
B, THE AR R RN S 5 A
WA EARPRER; &E—%, FIHBERESR
RO RN 3 NA R R . TR R 129 H



10 TR

SPOUSHKATNERE (BRI, el
TR AR LSRR, T V2 v A ) S IR A B
FHAT N
(3) RERKRHEE

21wl 1T S PR e IR 7 R N R e ol
I8 T P P 2 TR AR AL, (H R IR ACR T i
R 2 3371 5 T 0% ) () B35 3R S B AR By
S, RRGRTRIERE, TERALEER

FPE, NIGE FH D00 SRS BB AT SRR Sk R B
Koninck % N7ERT ARl B4 T
HE T 52191 (super-instances ) f VR & S S8 8012 (trace
clustering using super-instrances, f&FK TraCluSI)
U1, SRR LB NI b, BEERE)

AR,

R e HIE B ES BE SRR % P, AR 5 R
k-means

*® 4 U RAERRALER

KA | W PR E AL THE RRTT R BRAR
[33] IR /NG P k-means (=4 T AL BRAE IR S5 1)
[37] BHTEES R Wk 5 REZREHR ZA AR Z AR E
FREHEIES | EEEE+AL | UPGMA-ZIREE | Bl K A (o AH ” Ny,
[38] ’fﬁ EEE—%—— % 1[,‘{‘& g ng:—F I’f):l any
VEZ AT N . VB : iy Yk 2
- [39] &Z:JJ%%EEFK?EL_ S K {Exﬂiﬁ;xiﬁﬁz“ %Pg‘&ﬁgg A
X%
izl [40] B BR LY EanEr= k-medoids AR RIES TR Z AN ABE
[41] FEABLAE B R REZIREH OB B 2K
[42] IR Wi R 2 k-means 5§ k-nn Rl & K AR T SR SR I R 2
[43] AR P 5 ZH FEAR I 25 Pl B o) MAE—, S
SCER BN T PN T R BRAR
[19] Ja R A UL SR A CIDNG ELERETaRzA R FERT
—r GRER K S NI ERZG R (W | BRIIZGRZRTH
fe R [45] Petri [ ORI P BE+ AR VA B v AT P ) 2 2% P v
K E) : I ‘ A R A 2 . =
[46] Petri [ Bl 5 e Ptexs 57 A5 PREN WS T R
. . N — S oo s | BDR ARG LAY,
[47] Petri [ BEAL A HE MBS | BT R L Jopaide
PAN B Al 42 8] R M| B L A2
(48] petri 4 bl | gy | SRR REIEE
NN SCER FERRE R ZE BRI 9= BRAX
t'm
Bk B BR RS (S Ja R Y A ERS e
e [49] +k-means B ) +F-score RERR SR
BEAT IR (overclustering) , K EAHER &, HTREEERS, @&A D8 7T TERA 5

OB ZANE (4, 400 M) ¢ B TP, EEHEIR
R, B, HESEHl. PIFREENE: —. EEEED
PR f e WU VR R S B = S EERR A L
RAE RS B =20, MR SCHR[19] AR AL i
B EENS LI REAT R B H AR, AR5 AR
S 9) AR R 1 T A A B L A 03 7N B 7%
.

4.2 THEXSEE
HI T 21 A T BT B SR SR SR AT T A

L (ZIE D o #8102, CEIRKTEER

EHEESE T M EEE T ATAEE
o A8 X A N R EEAT — AN S B, AR A
1 B AR I R SRS A T B BE AT

R 4 JEoR T IUA P R SR ) BARTE FE A
2, AR E IR . AU AT B 5
R NANELS, BRI FIXER 4 1)
Bro BEHE, BN R

D WEET L, FEIKEN SRR Z NN
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Z FRTSAjn PONRIRERI KR, T, BIRIRE
(K153 % g M L 3 R4S,

2) {ESLIUTTI, PRESIREN ) EIE LR F R T
PR 2R PR B T AL B BT A0 e, B BR
PRV B 1) FEms b, A B L SR R Bl
T HEm [y 7 AT

3) FERVE R L, BEFTI S AL MR B B 5] fr) A
RIRZ), wiEFRARE. Hd, FEEIRII XM
TE AT &R BTN 17 51N KR S M
272@[42-43]0

N1 = MR BRI, R
SCG3 ) N o S 2R AR v e — AN SR AT X L
(MR ActiTraC™ Al TraClusI®®) . ghiix =
MNEEMEEZ: &) AFREH. =ANEVES AR
TP RER—HKMBERTTE; b AFFIEG. X
EANFEHAE A NIRRT 4 ProMPO L K i
i, PRUE 7 Soe i) ] B AT SEME . PR SRR
ORI bRIEH THRVEEMERE. K, A
JE 200 1] ) 2 s 5 AR A R W R, R R
I, EAREEENRZRD GRS RN, 2R
R AR . A7 BTN AR (0 T7 4R £ 37384549,
A5 BIE R T ESAE LA T 1CS-Fitness! Al
FITIAZ ST 0 5 PIT-CDM e+ 5 400 25 il & 2% i

E X 4.1 Clmproved Continuous Semantics
Fitness, ICS-Fitness) : 4 L NIAEZ K H EHHE 4,
4 CM i FEA5AY, TN 2% 2 [A] ) ICS-Fitness, fiz
cm— (=00, 1178 XA

ﬂ!!Pﬂrssdfl:rti;-.:itéss':L,C,'d:l—pun ishmsntll)
\

FL,CM) =

numdctivitissLogi L)

Hrp, &3 RF punishment 5€ XN :

allMissingTokens(L, CM)
|L] — numTracesMissingToken(L, CM) + 1

punishment =

+ allExtraTokensLeftBshind(LCM) ,2)
|Ll—numTracesExtraT okensleftBehind(LCM) +1°

7E Bk X, allParsedActivities B30 51 (E
Hd& L Al i CM EII T s sz
allMissingToken BRI%CIR [F] [ /& B 2 B 000 8 — 5 Y
XF 55 ol FE A w1 bR R ( Token ) %, T
allExtraToken-LeftBehind T %5 tH &4t {3 FH 1 2 & b
WH . LN HER A E M T K,
numActivitiesLog T 51112 H & HHiE 30 1S AN

numTracesMissingToken &[] f] /& % 5 H A7 7 B 2%
PRIR A

B, allMissingToken FI%CE SN T H &
O RAT NGB R B R SR A SIS, T
allExtraTokenLeftBehind % 44 47 A1 S, [ B )
& H & I BFAT A5 B rp I R 45 ) 2 A AN
VR SIS 5 Y £ Sy el N DN € /TE
PP FRAR (RS20, A SCAE F A 3 405 2 i
17474, How SUR:

favg = Zita(ni- [/ Zilam, ®)

Hr, NOAREANE n NEA TR E L
E X 4.2 (Place/Transition Connection Degree,

P/IT-CD) : X T&Aalzkik, |PANER, [TIAAZT

(1) Petri Wi FEAEAY,  H P/T-CD 5 X N:

||

> (el 1 @)

P/T—CD=2 T

ME X 4.2 7] FH, PIT-CD Szfr b8 AN E
JIT~F- 351 06 N P IR A 5 A AN A8 G~ 2 06t 87 PR SIRE
FEE, A SO AR F IR B3Ok T H R 24 45
P

P/T = CDgypg = LiZy(ni P/T = CD) [ Zin; (5)

Horh, PIT-CD; 8N SN AR A f) 34 T8 JEE A

BeAh, ASCIER T AN A I B SE TRR S
BEATIG, R 5 fra: Mo, Huade 12k B4
ZHLARAT L S HdlE , Bl R 2 R RAT L bE
AL S HE . WA BUIRERREHAE, FrlRg
B AN ) R 2 Y SR g

K8 25t T A Hd R AE = MA R R AU SRR 5
RKIEHIXTE . Bk Bk, BEE R,

MR A BRI, B A R PRI
#< 5 LU SR A A AR BIEER
WS b3 PLHE  HEAEE
i1 BPIC2014° 522 3451
#iE4E2  BPIC2017* 31509 1202267

REANME, WAEA Emm. BE 1@

3Http://www.win.tue.nl/bpi/doku.php?id=2014:challenge

4Http://www.win.tue.nl/bpi/doku.php?id=2017:challenge
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ActiTraC H N1, MBBAECH 6 1, HALAE
Lb 5 I AR R AR AR A R h () R, R
R T M RTHLETS R SRR, A H RN 4
FifFa s, Mtk N, BE S IRsh R K E L
MR BRI G KR8, (HRFEALRRE BTt
ks . 54k, RAERIETE TraCluSl BARER T
AR CRERE, BN FFEFE DT
G ERAR ), H AR O I AN T 2§ S
BERC. BaiE, pEEREMN, R4
JRAEFEAGE, IBHARE W 10 BT Uz 2 &)
SRR TERE LRI, FUREN R HE
B ER . 1k 7(c)h, TracCluS & 4 fE—

06 ~CF MR
’ ActiTraC VAN
| A\ TraClusl| A
0.5 o
VAN
b .
0.4 A D
g K . 24
£ ) -
£ 0.3 ; O =
o o
024, =
A S
014 .
o
001 = : , : i :
2 3 4 5 6 7 8 9
(a) BHEAEL A
08
O MR
1 ActiTrac
074 -~ TraCluSI
06 D AN
3 7
E 05 O S O |
i A A
R - i - —
044 o -0
.a -
0.3
021 i
0 3 4 5 ] 10 20 30
FHEAH

(c) Btk A e

BHAE T HAR AR, BB IR B ) 58 2K 05 v
ActiTrac 445 AL T FE 2 R30I R 2K 57 MR,
fHA2, 7EHIESE 2 R, MR PG RE T
FELt ActiTrac the MRAJFERFZ, ActiTrac 227411
2N R, 5K T BRI ™ B A n]
WITERE 8(d)H, M HUAF] 30 M), ActiTrac
DPERR AR 7 (R/NFERE 84 %
B, BIE 5 TG 0.26%), 1 E — MR 5
51% H & = Elkm. M2 T, MR P24 15
FHXT P — 2, ARG TR SR AL .
TEREAN SIS FE R, FERE I /2 TraCluSI<KMR

2o -0 MR
ActiTrac
- TraCluSl
1.94
B g
1844 O
3 B |
£ A Reep
foqz A A
SR R
1.6 o
15 T T T T T T T T
2 3 4 5 6 7 8 -]
RAEAH
(b) HAR LI A4 1
7
-3 MR
1 ActiTrac
. . -\ TraClus|
i A
AR
5 R o My -}
T =
S A H
i -
a4 A |
3_
2 T T T T T T T T
0 3 4 H] 6 10 20 30
B
(d) B g2 5 R %

7 =R SNAIEA RIS BRI B R SRR

<ActiTrac. ActiTrac A5 FE 75 AT 5T A
B, BRI SEAAE, BT LR
K. MAMET MR, TraCluSl B4R T A IR E,
RER AN, (HRHBM NI AL, i
ATHLE BB E R L. IEHESE 2 7,
ANHEAR T 31509 4407, @ik TraCluSI (15—
HRKE, SHERME 50 NMFEL (BI, 50 %45

W) o ARG, HHX 50 ST IR S Y 58
Ko PTLL, TraCluSl fEBLRL KA SR KM B,  HAE
SR D2 B IK T 99%.

4.3 NG

BEXF 4.1 BATHIUNERELLL K 4.2 FEATHISER 7Y
B XA PR X B SRR EAT — AN A B
e,
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(1) WEPNEREHBRBS

Q) IAMFRMNE—ERE (0, =HIG) ZHE
LR GRIR. M%) hEgGR R, 6
ek S5 T RE I E s T S, o A AT e
Wik &, AEt—SRBRAERRI. Rim, H
BHEAE TS P HARE B AT R (15, 7
SR EER, TTLHESITARZ AL, 22
UL T il 5 7. SCHR[SLIBAH B i el rh
O, TR RIS Bk, RIS E LR
BRI AR (local process model) . #RJE, FETE
T B A R R S R L ) R . BS
PR A o ) B P B AT L TR 2

b) TEAFH 2 —H ek BI1E 1 — 432Kl
B, TRV R R M. LS Rk
I PR A 2 AR A ABA I Fie Ao e A R o 7E A
Hfge, AU R R T AR AU AN A R fe
bR, AT N GUAT LR AR SRR AR, A Rk
PN A

) WRIMTHERMEEBRE"S., ik
SN N BN P A AP FE bR, LA
o AHAE, IR RS ANR, ToiE R A
SRBAER, MRMER TR, Ak, 5IANER
AUURTE S PR, AR Rt br S, &
PO BTSRRI AT R

(2) RFRHIBFFETT

M 4.2 FATAIEL, B SRR R REL,
P K T 2R A R R AT 25 (). &l 7(c)(d)
Fin, WE R e 0.6 A4, MXTEGEH
EM0.37, ARTFT 23%. FEEZLE I, HMER)
53T 30 AN HE, PIT-CD WHEIRTE 4 /ity il s
2, BT EIEATE 4 k00, TR ER,
EANFREIRRRE . BTl RSO RR
WRANEN, BT DAL =A% 8

D EHEEE, ENemtERE. Db
BIREN )RR EE NG, iRk K-means F2%M
ERBREXRDE, BERLZHETEFEARAK, W
NiZZE MRS (R, #lZim) EF. AR
T ) ] TV A R R AR AR R, AR R AN T I
TRk, WA TN W R AE T & H 4T
FRHIBNE, MEREEMRSE E—EH.
AT 1) AT LA S ML 8% 2 51 7 A ke 6 TR,
WISCHR[53] L TR SRS 5 Ak 38 A (1] [ & 11
RNk, BEnsE HERBRRNAE, IF
TR B T AR A ATt .

2) ERIEEH, ZRARHEFPEY. BE
T POV | 2 25 2 P B IR 5l B 2 S A 7R TG
IR B, (HSER LR & SE 5. B,
TR B TR L TRT B M 30 P 4% U AT 77 AP 7
—i (SeHEEIRENRE, FRMIREIRI , T
HEREN B HEHEME KNGS . Bagging
R PR ST IR AT S ST 500, H B R R T
Bl e 2 BB, W2 F, MK
B S VE AR T R FR IR B S5 VE VRN FE bR, T i
BT UMY B, Bk, TR %A R
S STHEAR, 4R T ORE 8 (R 2R R S T
ZHWI A

3 ENAHEE, Z2HMMERIZXNA. W
R 7 VR R RAT R R 45 BT, R
2 RN VAL 2T . BRI, T DAGE A N AR
FH 75 58 25 10 [R] I 2% R ) ) 24 3 R TR e A . 4
1, SCHR[55]7E B8 5 LAt b 51N T IR i 4
FRLAL, S M A 3 K A K B A AR K
. e B R R TS B R 2. A,
FAREAT A ERd, R UENE B R
MR 7%, B, JeFI AR SRS 0 ER D N E
AR, BEGAER LTSRS, M
BEARTHR KR .

5 #BE2E

AR E AT H BRI B SRR S
AT, EEARFE=ANE: mh, HES
B HINE SRR JIE AT SRR UL oy 2. ok, A
N TG s J Sk br s xF & Bk kA7 o7
W ffa, RAEWBGERTT V&S
5.1 EREELZR

MMV T B T R AR, W F B0 S
WAERAED, Mmidsh % $AT SR FEFH &
WEFEE IS . Bose 55 AXT 100 2 ANl kAT
ERERRE ST, AL HEEEAEEA T T 2 AR
Al 5547 RS, B, —AS RS H B AR
X AN
WA i, PR, JEid i B & R AL AT R
D Kk E T A RN R R, demiig s s
SRR IR SO Sl R o drs 2) Ik gs S
Ak, BRI . MET, SRR e
VS () 280 3 AR DU AR, 98K (sudden
drift ) . #i 48 Z 8 (gradual drift) . 3 2 E %
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(incremental drift) 1 /& #14EF (recurring drift).
Kl 8(a)Fm, M 5158 1 7EI [H] A1ty FHASEAL 2 B AX,
KPR KRR NRRERS . 0, EoS ) mm
REHLAE . Bl 8(b) R I IS [A] i3t FF 4R, A 2
BER AR 1 (FiE R IEATE ), FHAERA] St
FEARAO SR 1, XMAFRZ R .
Wi, FrEBoRrZE D b, a8 (F
8(c)) FAMAMEEEFR (K 8(d)), H I &7
JR AT MY 25 AR R it b — s s AR, T AT
F 2 7R B) 2 AR [FNY 55 7R AN [F] s TR B N () D048, nig
TS MR R IR 1R AA
A, KRRkl Rk o AP SR AT ik 1) B

| HiRi2

| > | | >

=]

FRART I L B, X R A Refd o DU A%
RAPIE—F; 20 EARMMM AL, B,
XREER A H BRI 2 MR,

(1) B— R I %

SCHER[S61EE 0 H B RAFER AR, =i T H
FIE K6 5 Chypothesis test) K 3] & P9 4> i B
(population) & 754 % 51 5HHs, HEmRH HEH
AR S WK 9 () Fim: |, HA S faE—
NS s FTHiE ANFIEERN, B A
R HERWM—&HE. BE, 2ax AR
WP EAT RRAE I . 1E 2 8 LT B ARRAE AL
HOERE: 2 REHE (global features) A1Ja) BB 4HFE

=

t fi 1] bt i 1]
(a) RRER (b) Wit ERs

| |
| |
| y | |
B o= =
| |
s 75 | |
T | |
|
t.

|
bt ]

1
(¢) HhHEH (d) ISR

K 8 iR fZ 0 DY A A R

(local features) . 2 JFHFFIEA A, A& RRK
Al i+ % Crelation type count, RC) #13% & #5
(relationentropy, RE) . THE R HFIERS, 75245
E—NRAN VG, SRETHRE ORI
% (window count, WC) FIE/MESEN 2 8] (38 X
1§ J-Measure. )&, 7ELLERRAEMIEAL B, X5
NPT RSS2 I Hotelling T test
FT K-S test %42 RRF AR S RRAEEAT TR, 7

A
|

e

FEL T2
FhBURFAE

«
B RREE
Je TR

£ JRHIE
JR FARE A

A
[E3E g5t

() A g

B, PINFREREAESK, HERNE—K,
WAEE®E—2. gsh—2, Wz —4
P-value, #1189 (b) Frax. AR AI P-value /N T

B MK Fa Csignificance level) , A NETE M

MEEARAZESR. Ed, a2 —1M&KE, —MK
HU{# 0.05.
BEKF a \/

|

oot P

() A BEAS

P 9 I B BEAGLSG: 4K H A5 BTRAS R

L_F 51k R AR REAG U BB A, (B TR P
Fe e MEUAREAE . Her)ih, P U2 A AR U A
IR 7 A A B ATV R A I ) A, SCHR [60] A F 4
%45 (abstract domain) SKAFRMESEFR, HAZLD
BASE: 1 BHES NINGEMNRE, SE
R VIGEF A PERRIE: 2) RIEPL TS
MEHE R, RER RN ZANAEN,

MR GREE N — A2 A 3) fHa Rl EE )
PURFIFERONEUE, BRBVRAEZ AT, WA
A, BIHAE HE R T ER . LRI IR
A AL Oy T BUELT S, AN AR TR
TS FEARAFERS o MSRIFIERE P ASER B, T EHE
I R AR LSRR (AT SRR 20 o RSN, B —
AR AN BEESAGI, — BRI RIS i,
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WA EEHZE T . Maaradji %8 AP K[56] 1
2 JR R AIE A J) 350 45 A0 A R VEE A e B ol 2% A5 2R ) A
fho Bt 1EFHMEY Aalst Z5 NTFESCHER[2]H 32 H 1)
HRRKFZR, BEHE LT —E Run F#+E, HTH#EH
HHEENESIZ RN R R, BHE, AR
BT JE PN g ) H & BOdEAT Run Rkl ORI
Wk . ZREH, ZHIEEAF B W A,
HRe R HAE TR A I B RS . SR T
IEFFE 2, #2107 Alpha #:1EP,

H 9 v, Rk T iER R s —0, #RE
HIESRHER AR . XML RE R TR
EORFRE, FNTHIGE R NI . A,
Zheng %5 N\ e, 8RR BT Ak FHRIE
% /5 (Tsinghua process concept drift detection, fijFx

TPCDD) Y, TPCDD fE 845 H—, 2%
BAHER N QAR b, ITREN RIS
Z MBS RRFHEXR, FIRENRZ
HEF MU G [ pHESD , EH 1ARERK
RIEPEHHIL, 0 ARRBA I F 00, i
BT P RIRERS . BE—MNKEED s, R

RISt AL tas HHEME A E08 0 88 2N

1, DU Ta) B ) B e — AN I T o — MR TR
R BBEOR, O YRR T A (R IR AR
17 DBSCAN 2R, 19EIZHRMN oL sl 2 S bt
W Rio AZITVEAEDRUEHER 28 1 L0l B ORI T
BE, MTAE LIS HE, FRACE R
Bk

P-value

t t i I b

() Zethifiae

t I} [ it t
(b) % Hii s

i el
(0) kAR IS

B 10 #i AR HS S 7 R Aar il

B sz —. {H&, TPCDD RIEH T H Y
Hto BPXTELRIA S, SCHR[62]%5 08 THLBE &, M
XTI R PR B, 4R i Al = ANgEEE R 2. Hid,
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Background

Process mining belongs to software engineer and service
computing area, which is aims at extracting valuable
knowledge from event logs commonly available in today’s
information systems. The topics in process mining can be
broadly classified into three categories: process discovery (i.e.
extracting process models from an eventlog without using any
apriori information), conformance checking (i.e. monitoring
deviations by comparing a model and a log) and process model
enhancement (i.e. extending orimproving an existing model
using additional information).Process discovery is the most
prominent process mining technique. For many organizations it
is surprising to see that existing techniques are indeed able to
discover real processes based on example executions in event
logs. As we know, a majority of process discovery techniques
have been proposed to mine the process models for optimizing
the running business processes, but themodels mining from the
real-life logs are hard to comprehend. This problem seriously
hinders the application of process mining in real business. An
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approach to overcome this is log division that includes two
topic: 1) trace clustering and 2) concept drift. Trace clustering
aims to solve the problem that the model is too complex, while
concept drift is to solve the problem of business evolution.
However, the above problems have not been well addressed
and remain considerable challenges.

This paper focuses on trace clustering and concept drift in
process mining. We summarizes the previous related studies on
trace clustering and concept drift, and discuss the similarities
and differences between the two branches. In addition, real-life
logs and synthetic logs are used to test for analyzing the
advantage and disadvantage among these methods. Finally, the
problems in each branch are discussed and some future
research directions are suggested.
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