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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
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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 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.

Keywords process mining; trace clustering; concept drift; business evolution

/it

B

A

5l

T

SRR/

2 i 4 R b 19 87 0 25 1 T 5 K R R

A 2 s (2) Ander PR E G A 2 A IR 55 ik
FE. 500 A A {5 S A A A e A A5 Al 78 AT 52 Bl
S AT KRB E M H & (event log) , X 88
Hodli 2 LA FOE e RTEE B RS (A esv X
). 35 (process mining) BY 5% B J& 76 20 12 ¥
FOEHERAEMERNE R A A 454
S X B A B AT LR AR B R 48 LA SRRl 55 o AR
AT - B Ry St T 43 0 R S0 2 8 St 19 ol 55
WAL B L RS T R RS A L bR sOP i = A
20 NN SE R O B O L a ) N K s o e N P U
5 ELAANE -

(1) 1372 & B (process discovery). %37 5 1 ki
AJe b 55 AT JG 7 A i E H AR i R e R A,
ittt 1 2ol 55 3 R 1 B Bl P A ) L o R AR AR OG

O.

oKk il

Pk %/\
T

BE T A

v
=\ /=, “,
=\ wEwas /(@ . O
H 3o TR 1 i

K1
TN AS T DRI — e ] D2 2 4R 1
B UBTRL. AT BIF 9T 10 48 B T AT < QTR TR S AT
S R ) 355 1 i 4k B Ccontrol-flow) ™ | ¢ V1 1% sh #&
HFFE 2 1 GE VR 2 B RN G 55 2 5 A 0 1 A 52 4
JES ALl T T A ke B H AR BN P2 R g R A
B VR 222230 B0 T 38 Y e A% L Al 1) 42 0 5502 <
Ja &k RIZWBE LD T Markov 8 192 98 8L

SUREE FoF [TRVIE: AL 83775 3



1948 it <A

Hl

Y,
&

i 2022 4F

WAL 42 I8 54 =T I Inductive Miner 425 4 B2 5050,
HAG— LI fif 2% van der Aalst 58 A$2H 1) Alpha
SR T e LS AR R % T e o 4
MR AZ PR A A AT AN H AR Kk B 55 T B
Z AN B e I K AR PR S5 2544 9 LA Petri
WOAE A 25 S i th . FE B SE Rl L 3F 2 2% & 4 Alpha
SR TR R PR BT AT S RN Ak A
M ¥E B 45 #4 (non-free-choice) B y:UY IR H 454
D 3 T R B 58 4% (causally complete) T 9 3
KA IE AR

(2) 4 31 45 2 (conformance checking). %%
SRR A H SRR AL, A S M AR AR B
P A I BE S 25 28 ik e 1) 2 SE B AT AT O CH D
5 EERRAT O (REAY) 22 [ f) He o 2 S il 4
P AR S — A 8 W TAR AR G R RD A
IR TR RN RS % P CH BT H
TR 7 A g AT DL T A A A SR
(] e 22 L A G R A 2t AT DA R A
AR A M ER R Wk R H AR SRR
] (4 22 SRR AR A - © UG (fitness) V™. I 4
RIRERE #  (replay) H 347 N 68 115 @ K i 2
(precisiom) "™ PEM AT AT 2 /040 & #E H
B AL (generalization) 'S JEM BTG /047 N
AFEH B B ZRE 1. BeAh A & 1] 5 X LR
2% BE I BE REAR AR complexity!™ 5

(3) 3 F& 1 58 (process enhancement). %3 5
HE PR A Z B BA B AR H ] LUE R
ST A FLERG A 37 5 n A 1. A TR AR H AR BUE S
IEARATRL e G RS i H R s A, o, H R
Ht i R AR O A Y AR CInARE AL SCR) X H AR
HEAT O L H S 4 T O B AT S 4k BT
SRR AT AR G Scik [ 22 106F () 28 AL 1 T
ShAEAT B ST K 1B AR TR ) 40 550RL B (fine-grain)
15 Sl e 55 Ay [) 44 1% 2l AR 1Y T AR 2. BB 1 o
SR H S s S 2 2 e 1k {F B 45 A U R
XFE A B A AT e gk, B O e h AR A o
B A A R A ZUE BB T R
DL K B RUE & (model repair) 25200 4,

=S R 7 55 ok R o R A2 32 AL B KR
Pt F O H A HbR o 7 e B i ) R AR AL R
Ut . 76 1EEE i3 #2924 T4E /N 41 C(JIEEE Task force
on process mining) 2011 sE B i ) 2 E 5 4,
Fedhof Bk 1040 B8 50 Sy i G B A — A Pk e
MU g A R R HE TR AR T AR Z

TR BT AR S . H SRR
(log division) J& Fil &b BEE [l v (9 AF 7 il , Hoot B
S iR H AR 241 B a2 A SO
Xt e TR 18 S 24k B R S A A S A A L R H RS R 4
R BR300 SR SR S R A I AT I A L
BELHA AR 2 T 5 Rl S B
T AR SCER AR Y R 5 3 T TR AR S
i 28 G 3t A7 SCHR O O 28 1) 2o 5 55 4 T R B
LRI TSN AL 2S00 03K e R B 5 55 5 YRR
LA TS N AR I A B L B R B 5 5 6 R K
R BEFE N AR — A 18 s 55 7 1 0 AR SCHEAT B 4
HREH.

2 EEs

TR R B A R A R 0 % O B {H A S PR
o7 Y H T I ) M A N H R A R 114 A R A
HE 8 HAS A B2 A BE IE 5 S e Al /9 M 551
B, 3 Fh A R FR 22 o 3 K I TS Y (spaghetti-like
modeD ", B & 2(a) B, FE HJFE R L 4340 A LK
A BT AT R AT IR R E — SRR S AR
it T AR BT LA R 0 i oy 2Ost 2 A A H A )
oy FBod e hn B AR HEAT 0 4 R R LG B AR Ry b £
ANFHE.MEZ A 20 fia). HER 28
U] 5 52 fige e 174 i) AU AR DG BG L E s (1) S T
DA TR 3o 52 % [ 8L, ] AR 300300 3R 25 8 A ALY
W4T R R —AF B & AT AR 20 2 5
GRBERL R ER A AT A5 (2) N Tk Pt B 2 A T AL AR
TR AE — R 3 B2 B A5 RS 1E 8 n) &, v] DA H A&
AT AE A B A 0 Ao A T 3 ) AR Ak 5K B R R
YR EATF H B EA T B 2 S5 i R
— AN RRAR I 2Co) B ). B30 38 2 A & 5 % 4
byl = I U v NN TN R o 9 37 [ Bl el G
T R o 5 AR s 5 g R L. TR s A X R
AW S ) 5 AT B AR INER 1 TR - T B R A A TR
SOEMA—NHE RN AT HE E
fiff R[] 0 T 00300 SR 2 2 B ik o 118 2 T A R I A
TG 2% B T MR S T A A DR 1 2 | Tl 55 T Akl R
F18 475 I A TR A I [ AL O U 30 SR AR 5T I X 42
SEAT AR S R F AR AL A 5517 O R AT B 28, DT
BEARBE R A & Z B A EL 2R S M RS I 93 0 % 5
JEAT R AEAL 5 & AT o AR Ak ok $R B &

@  http://www. win. tue. nl/ieeetfpm/doku. php



NI P L Bo R ot THURE W s %/ S 2

1949

= B
=
ﬂ U3 ;‘)
j
@ g Sub-log, Sub-log, Sub-log,

~

P Ect T

_» - »7; .’ '—: | S—
i Sub-log, T :'
\ i P VRN Sub-log; B3 ) Sublog, Sublog, Sub-log,/
(a) S x ) 5 (b) k7 (o) AR A

A 2

A ERAS R (L FR A Al ) » 1 — 2 R TR S 0 H AR
353 A ASTR] - B DI AT 2l 55 3o A 19 AS ] 5 1k
JERAS. AR L B 2R S A M A AR R R Y A A
b A AL U S TE AR R A B A AL R ARl
AR CHEBEROARMERSEREIET HE

F s [ A48 2 A 52 B I R A AR 2 T L S Sl
FHA. iAol AT DA S 0 A8 3 B B A it F A R A
(] RRAR 14l 55 45 80 AR i 388 i 0 38 3R R [R] — A B
A AT D9 HEAT SR 28 L A Al REAR 47 0 A i 48
Aol 55 9 T A 2o A DA B Al 55 PR AT TR S8 AN ) 114
W55 43 0.

Rl NERAERSEBZEANFRAR
5 [l 451 LiBUE £ BEEE
B A i MA—AHE W2 T HE
fifp B[] At Wip R A 7 52 7 2 P o A 2 I 1
[UEITE S 1 9 AL 1 Ak
AN TR R AL A WA A
IS [ 4 5 7% BE I [7) Ja Ak 5 IS () J 1k
S B Wi T LIS

3 XEAIZ

T W A AR SCEE IR I N ZE A B
(9 SCHRHEAT 24931
3.1 MREFAAEE

AR SRR B AT AR AT ASE T 5 4 i g A5 RN R B
(18 I P T A o) 0, 2 B R 2 N G I

o) &3 1. A A S0 i n] e AL BB B R
I 52 2 B2 F0$E ey T 1k 2

o) /B 2. O i v R L TR Ty vk R T LR B
A5G B 15 B 7

B 3. PUA i P R AT % B R OE A M Y O 1k
A B DL KR SR R AT A7

TR 1 2 R (1) g o ARG A R 4T
JEE IR fo I I A 22 40 3T 2 T I Y I A 4R T
AR SCHE W ST 1 0 T B ) A o AR A A B (2) @k

T AR Z A v S BR R) () A e T 3 (b)) RS TR R A (o)

AR PR A2 4 S R A — e R b AT D) AR % B
PR GRS AR (R AR SO LR N R AR P AR
ToAL B B H AR HOR T

)il 2 A SCHIFFE A4 R BR 72 AE Ak H M5
SRR BT, 40 H AR AR AT LR 4 B AR AR
Bl h H A& AE A SO 1R R b PR R By
BT BN B 0 208 2o 45 R I A6 B 1E Bk
BEARASE L 5 Z B . 53 A o T 48 v 42 A B ) IE A 1
M A B A SR AR R R LA Ak BT B AR R
2% B A PIAS - —J7 THD» BEA M Ak 35 v AR M
T3] P AR R R L A ) G MR Ak PR ) R
i — ST RO B IR A R B0 e s o — T
AT M 5 A0 3L A A A TS 2 H AR R AT AR Oy
A B AR f) — A i AL BB B

)l 3 2 A I 18 SCHE A 10 24 A [ L.l 8 2R 26
MBS BB HER A AR AR 1R
JEIR T Y S ) L AR SOHE 0 0 i i S
H AT oF o kg IR AT B8 o 2K B R IR — T R
e Ky
3.2 BEMNXBFEHRIERE

Y RR]RE 4 T MU 75 3 B A A 5 RIS AR
ARSCIRICT SR Y SO S TE P AR R E RS I SCER
Yo 2k Xk G Homp, 5 AR SORH 9 19 9% SCSC i 7 2
process mining. log division, trace clustering. concept
drift. JtAb, MR IR AR A8 1k S 005 22 5, T JR I R
T process discover, log divide, trace cluster, log
clustering M drift detection (detect). %5 4h, 52483
AHOG B SO R S B2 8 L H AR ) 4 VB SRk
MREEEERS. BT sc | B 25 0y RS R
TR HEDIH AR R EBRAD. 25 A
WO RCETFHENT

RCREF. FLk (HE RE MESES (5%
R 4 H K43 (UIED 50 B2 0GR A2 4D

B EEE. trace (log) clustering (cluster)
concept drift Cor drift detection, detect drift) + log



1950 it <A

Hl

i 2022 4F

Y,
&

division(divide) Bf process mining(discover).

BERF LA b O B AR 3O3R IR P A 3 R AE 5T
TR P R AT 1 5 L e SO R R BRI 2
Web of Science,IEEE Xplore, SpringerLink, Scopus,
ACM,ScienceDirect. P XK RIEIBEE RN .7
5 MAEE . Ak, 454 Google Scholar FIH B 2% AR
R R G| A AN, 75 U2 AR R 18 3
5 B R 5 0k BN 1) XE A 2 5t U B Y B T RCR. H
T s FEARAN T WA SCHY 58
3.3 EERE

AR B PR g B85 Y B 15 2 Hh SORIEE S, LR
FE T SCHRAY 2R B AR SR GE T Koy i 5E I AT
FH OGN 25 THT I A9 306 e o 1 B R B, A S
Tl A2 T SCHR T 18 9 29 A T D R0 HE R o 0«

NN

INT. BFFEX G2 i PR 424 Sk 1) B A5 55048 5

IN2. SCE 2 R 42 4 S ) SR 2B MR AL 5

IN3. SCHR A 4 1 AF 58 O .

H S EE 2 — MR A& A SCE gl

<?xml version="1.8" encoding="UTF-8" ?>
2108 g "

105:50.000408:00"/>

XESH R 1 H H50R

St FE A EAND. K 3 s EBR T3
PRI AT M 7E $RAT BRI 55 7h 7 A= 1 B S8, 1803
75 & DL XES #8 UAA 0 H RN, — Dk 55 3
e log) 4 TR Z 3 BG4 454> Z 40 2l 55 1Y —
WTEBE AT 1L 5% o X I AR SCH 1 — 45 33 (trace).
B ZH LR ZAF M (event) 2H AR, . F5 4 BL 1 A H:
X5 N P15 301 44 FR (concept : name) |, B} [B] #, (timestamp)
S ARAT A €, (resource) 4. 44 A5 1 H & H 42 1
W XES HER A 3 4 N4 Event log=
[(A,B,C,D,E), (A,C,B,D,F), . £ 18 3 fik
[1-2]5E SCo H 352 B0l a0 46 45 T 4 4% 9k SO0
A BRAS F A4 BT YR HE 90 0 8. B o3 B A 2%
OB 2k B RGBS TE X5 A% 48 1Y I 8] 17 91 4
SARAL. AEL 3 B A B X AE T (1) 1 [R] 5 41
DL 3% 22 8018 oy 3 0 g 0 R 5 LA RS TR 3 O 3
(2) B[] 5] 75 3% 25 B[] o #4002 H0O(E, $000E i ) /)
PR RARSS . AL F A H AR B RO 55 AT
P B AT Sl PR AT 1Y A 2 i R AR O, AN 3 B
7N 1E B B ERAT O TS 3 A B9 PRAT.

. Eventlog =
TR ¢
[ Tracel=<A,B,C,D,E>,
Trace2=<A,C,B,D, F>,
]
Hr

A: Register

B: Check ticket
C:Examine casually
D: Decide

E: Pay compensation

A
R

F: Reject request

Ry i

B 3 XES#RAYH & M5 %

ANAHEN] IN2 W 1 AR 3C QT 1 2 2 72 47 4l
U BRI (S DU 4 ) RS R (2 0L AR
5T AN YA Xk A 45 J8 0 R OGN R AN BT
1. F3 51 INS K £ 34 19 SCHR 2 il 72 30 4 . [
T B TR KA IR B A L o — Se 22 L T
P CISCIRE33 DD A St 2 M 75 0 A

HERBR HE M .

EX1. RN A R A H 2 8E SR

DT 6 5L

EX2. 51 F AP CEsih;

EX3. 3eaE X C A 7 i my L BOA Bo.

g ¥ ORUE SCHR Y 252 PR A e] e EXT FT EX2
39 %8 48 2 B (4 SCHR AT HEBR . EX3 5 8 BF 5T N 2
ANREAE Bl ) . B an, SCERL34 178 %5 1T & (fog
computing) PG AT LS IR B R T T2 5l
Ui Apps B RUAS 6] L. SR 32 SCAS I % 1) 7 15 R



9 NI P L Bo R ot THURE W s %/ S 2 1951

F T SCHRE35 s 3 2R X I O vk kA 7§ T it
3.4 x#Egit
ARHE AT TAT 0 [ R A A AR O B LA Rk R A

HE AR O K R SCHR AT T G0t e AR 1 E 19 2 5 3
KA B 2R S 33 i BRI AR 39 . i AR o DU HE
B THUB RO 31 MBS 28 WO 4
N T 275 SCHRTE X 45 18] 1 3 LA R A 4 1) HL A
SCHR A NI a] DL Y O+ AR A7 1) 118
SCHCRE AR AE S s N dse AR 2 0 R B R T 11
Fii . LN B RIS G AR 2016 ~2017 4F 4 —
AR S e SO B S T PG X2 T L
ST I B K R S AE 2018 ~2019 4L AR E L2
B T AR, A 1E 2016 ~2017 4F 2Z i & IR A
WARTE OR 15 I A 3o FUR S I AN K. AR SCA
AR A TR 5 T JBE A R O A N 2% 3 2 2l o ol 2R
e ER IR 2 g% B = AR

18

- B 7@
16 -@- e ’
14+ K
//
12 / 11
10 e i
i 10 P
= gt ;7 e
6 S
[ 5 -7 5.7
AN |
4t //D
2 o~
2+

O s s s s s
2010-2011 2012-2013  2014-2015  2016-2017  2018-2019
R

(I i RSN DR SR S

/|

4 HIERZE

AT R R R R B B AT SRR, E
AR ZASNE 1 5 6 H BT E A 180 R 2Rk
AT 258 LA B3 28 5 U ) L S8 B0 X 53 s g A )
W e BE I R M .

4.1 REHEZR

Greco 55 NTE 2004 4 F) J 2 U 3R 2692 48 LA
W HE R L R 2R (global constraints) ™% 2 Jg& #
MRS IT 1L Z A, %30 AT 55 1 56 J5 e 2 &
—Fh EER 29 K (local consraints) , % it & £ W
FIVER G B T AR W v A AT 482 2 B Ot 3 ot 0
S B AS [R) F5E AT LA B AR AN Tl AT B = A ol 85 X
RFH —FR RN RA R, & 248K
8 SR AL AR BT g3 T 52 A e b R % T AL

UERIORS & SRR 7 BT B Y (RNl ks Aaall = I L N
[F] SRR B AR BB SR T — > 4 2 19 3 R A 7Y
CRIV 52 B A8E Y v (1) 38 3 A7 24 ) 3d 4o 20 1 Jey ¥ AT R o
R ARG TR (%) &2 2 BE . B B e i 1297 TR — 1k
AL A 0k AR L TN T R VR ST 1 BRI U
A AT L SR g T 32 0 A DG i AR A0 T LA — 254l
TR S5 1. s mT DA 0300 58 26 I = Be 3 ¢ v 5
KR TMERT S . e AN
R LR R AT B S A O R R T 2
7 e 55 S LA AL T Be.

VAR B R B E A =2 (D &R
FHE B BK B (1 BRI FL T (2) ST AR IR Bl 1Y
FIBFGE S (3) B A I IR 3 R L K 2 A TR
B RAGEN L E S FR L IR SRR R
& =AM O WA B et B AR 3E AT 20 i 4
H AR 2R ok (AN LIk %6 8, traces profile).
& 38 e BB B AE s E AR R U 2 1) R L
e JE TR G0 1 R (AN ke-means) H B3 K
Gy AR M. M L 2T o A5 Y BK B ) SR S AR vL
T3 RFERAR  ELHE R AR R, SR 5 T8 2o B R 55 0 5 2
[E] B PP 45 b (UL B L 52 2% B8 48 R 1 Uk 8 T
WEAS 2. b I R Y BB AT B2 AR AR,
A REE 1 H AR i B 2 B AR ] A B . AR 2
(] 245 B A B IR 2 T Ae] 2 4 H A5 o 9 B0 4
ANME S CAN B0 WS L ST 5 UL FR B IR Bl i SR 2R
EHIER T RAM S MR GEAE R e
JR) 25 BT AT R (A AHRLRE . T A TR K Bl B R AN R Y
HIBL 0 55 B AL (0 DEAR A5 I 2K 55 1 o R T BE BL
TR B B0 SR W R I L 1 & 45 5 BA A Ry BB A A
M RG REBEILLE G IR T B AR T
P Lo B R H0E AT R 2R

(D) FREg K 3 1 R R

AR A #0970 20 19 AN () B R 2] DLy oy FL AR
AU G2 A0 7 Fofr . 2 A Y 1 20 1 3 A A AN R L
MU Aoy 2 46 o B 42 A 000 B 1T AR R BE. i BRI Y
Bose % N"06 H 3G b i BTG 15 sh & B 2B 0
FAPIL R — D F A7 R 8 B /)N 4 4 R 2
(levenshtein distance) {28 1 708 2 [8] B AH L. &%
JG iz A1 k-means #1730 B 2. % J7 5 (Maximal
Repeat. fi # MR i {15 o5l J2 fA7 B0 g 280 Bk s J2 X
LAl DA BR 45 4

@ https://pan. baidu. com/s/1B1QIWdIpsPZT _ nArY8umQA
PHUE . THUL



1952 it "

L 2 i 2022 4F

JEds H i

(i

3 e i
ka8 |52
~— 7

L B m
AR |10

iR IR S RPN fliaey

BRI ) B vk BT AW
P SRS R KL
\_/_\

L SRS B IK By 1 3R S 51

Markov# 7
M Petri X 1557
¥

- JL

|
|
|
|
|
v

! <

|
Kemean "1\ )\ /' g v W s
JRURR /ﬁ SRRt R A B A R% ﬁ BRI
. .
< <& <
Sub-log, Sub-log, Sub-log, Sub-log,

Bl 5 ZRORIR B i R I ATk

A Z T il g B 0 20 1 7 vk e SR Tk b A
R L. BIVRE A3 2 1 Ay ] AR S R T A )
THEX 0 2 )R ABLRE . v 0300 5 o S 1Y i
ZAMG 7 1. P A R S B A [R) A A Y ) R
B AVF P MAS R R £ ok 20 8 036 o 5 EL AT LUK B
AU NP . 3 2 PR, B T I
£ Cactivities) F1 ff {8 Coriginator) # £ 3 %)
3 bRy H AR B RS Sh S E b UE 1 A0 43
FE7N 2 AT Sh 7R B b B A L AR R
N BEAER 2 YA EERE 25T
Z /AR AL, HT P I8 AT DASE SCH: At A0 £R 58 5
W T 220 835 ) 2Z 8] 5 4R 56 £ 1Y 48 iE (transition)
AR T 20 1 PR T I ] Y RE A R AR AL T
Bl A BRI R R AT RAXS B0 2 ] 4 A oL
HEAT O VIR 2. SCHR (37 176 15 3 56 B L 1 2 B 5
JE LA R AR T e R A Ay b B i AT RS R IR R
(agglomerative hierarchical clustering), 8 & 0 J7
22 ) P R 8 SR A 52 =2 T ) e P g A Oy
(B BE B 1T R A B4 4 J7 2\ (complete linkage).
Montani 48 N\ % 22 52 Fx H 35 & AR 215 3 1t )& 1 2
ANREME AL 19, 40 P 25 A TR)E 28 B AS 7] L3 3l 22 [
FHEESE. NI, & LT 40 K #E 5 (neighbors-
graph distance) e i1 55 4038 2 18] B9 AH L EESY L B Je
o AR AP 4 2 R A7 2 R R 2. SCHRE39 T B
T8N A 85 B S Ay 0 3l 1) R A R A 3 o R T
FR 3 s SR J5 R IR SR R B R 3 A R A i A5 03 I

5 A1) FH i 88 2K B 1k (spectral clustering) g 47 58 25,
T TR AR [ 1 s« (D 7% 3 Jo 6 5 72 3 6 G 1Y)
A B NTE T AT 5 8 T3 BB R:OFIE T
AN TR AL A Tl R S I A L B R Y &
ZEBR B TAL 55 Z A 6 R E A%, IR AR AT 55 Ui
it 2 PR A A AR Bt T S A ARLEE Dy 0. 3, 22 1 A
RLEE N 0. 7. Appice fESCHRLA0 45 Hy 4 2R HJ2 1
BN AN [F) A0 A 1 1) e AR — AR TS AR AL BE  AF FE R
AR 5 — . Z W T AN TR AL AR 2 TR] YA B R e 5 5
T TR BP0 i 5 | R G GOME. S T
PRI 25 56 W% (co-training strategy) 15 B A [F) 4K £
1R AEARL R I 422 5 R T G P 2 0 Ao AR ARLEE L O
H %M k-medoids 5.3 # k-means #1784,

®2 XE 3 EEBENEER RG]

Wi 1D 1 356 B 25
A B C D E F Bob  Sara Ellen
Trace 1 1 1 1 1 1 0 1 1 2
Trace 2 1 1 1 1 0 1 1 2 1
Trace 3 1 1 1 1 1 0 2 1 0

Delias 45 A4t BUA B0 5 58 5 1 70 AR ARLEE H)
FE BRI AR T RO A, i T i K. PR 52 PR A O 2 R
52508 T Z A0 CAnG 2 A8 A IR SR L A fiE
NSRRI AN 2 R Ry i A R i s
JPENY U E 6 R AR F AR = A BIE (v s)
B SCES @ AL AR O A oRE LT AR R (AL AR A Y. 2R
SRR v Ui (o N T B el TR
(concordance) I AN — F 4 (discordance) Fj 4~ {H.
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0 - BOM A 18 A ) % 2 (E CBP min { concordance,
1—discordance D EMHE I IR AR A Z K
R E M LT 2L,

< >|< V1< V| < D

53 X AX k| SFARMLX R | A A AL X 35
xRy xl,y Q.Y xSy
K @ Bk

K6 ARER D

SCHRL42 4R | BB EC A Y J7 % B
AL FHH Cexpert knowledge), X ZJie 7 =
TR L K FAR R R . © L K WK sh w1 4k 1k
(expert-driven initialization). R 75 55 3 %] 14 1L o g
AL L A5 M T L S8 MR /N B 80 B AT
k-means B k-nn I, 53X A A LUAR 4 42 1 5T 0 B
i AR TEI B AL B R T R B R R R 2K @O 4
B 2 (constrained clustering). B2 & F) %
R BB B A AR S T R e A T
W LE P AT — R AT A O LK ITR
(complete expert solution). 7£ H s 3B L F ALK
BEftl b S VAR IR SR N A AL L RS SE IS L ]
DIARTE £ ZAREH R K. Lu F AR BB LRI
SR ST R A R AE L O B TR R e T Y
PO REHE AW Z L KR D S AR A B 4
WLAE [ 3h o8 B R 2

(2) FERVOK )y ) 2R 03k

RERY K Bl 5 PR 9K Bl i B RS A ) E X
SOEGIA T BAERZ Y (B A . Ferreira
S NIETF — B B JRBE R A AT Pl R Y
BN RS SRR AR (1 250 8 5 i i A
KA SR AL A B (Expectation-Maximization, EM)
AN W R R SRR R B F RS AR Ghad AR L B AL E
PR SEAT AR R %07 1 AR RE AR D LR AR B
AN 5E R CAn LI 1D ) [a) @, (H J2 /™ 5 32 BR T HL ik
I E IR T. De Weerdt 55 A TA R 356 F IR 2§ 3R 25X
2 JECT B Z 1) AR AL T 2R S A IR B M 4 R
S AUA BE B AR A 22 R A i 22 5 B3R 2
iF (clustering bias) Fl ¥E M i IF (evaluation bias) 22
(B i 21 o SCHERC19 188 T 56 s & 4%
SRR O R R UK B SRR L D D TR

@ A48 A5 A8 O3 3 19 03 742 ) B3 B B (R
BT B B AR D Ve FR B REAS X RE A AT R KX
PR A5 B JE A A

@ TR 5 B AR AR 2Z ] ) AU B TR/

T4 ARG BE of  WIAREA g — A58 Bk e 31128 O
B AR R T HER ARG ¢f JELZO.Q2;

© I 2 F 1 Ui 2 A5 3K B8 8 B nb. WSS
T nb WFN AR 4 A g — AR SR 4 k.
FNT nb, HEZDO. Q.

H LA b A5 R AT S B0 0 o A ) 2 A
7 BRI B i (BT SR L A AR S T T A L
SUNEE A RS WL R 3 o /R D e R T iR
FEAR AT I8 S PEAN SRk I I (] A2 AR FE W el T
Fofth SRS k.

SCHR 45 ] 45 i T A5 A0 5K 2y Y 52 05 R ) R AE
T O BRIR R A, Jele 3 T a8 & 2 48 5 ke
B KA IR 5 % S Petri MBEHL; @) 45 5 A [H].
PEAN ALY 55 0 2 () (9 6 A 25 B IR UG B R
Z B2 J5 T 5 (O &) 43 7 9 A AN [R]. SCRRL 19 T2 it
F e 8% H A5 B0 3k B 48 AR st R o o — AR T
SCHRLAS 02 38 i B3 v 2 75 4 5 A ] 485 =Xk R 20
. A Rl B b TR S A [ R pattern =
{prsposeerspat. SRJE S MR B3 2 A5 5 A B A
i B H R P ER 4. i B AE AR 15 4 score;. 2
& RPE A AU A 2 dm B O K H B — 20
ZLRJE BT DR AR A i s A AT EAR

* 3 ATCF1 AMSTC F#h77:x 3t & 3 #£ 80

HERXMFERILR
VRES J0

HaPul gy 5%
(A,B,C,D.E) 0 i
(A,C.B,D.E) 1 i+l

(A.B,C.D,E) 0

ATC (A,B.C,D,E)

(A,C,B.D,E) 0 j

Chatain 58 A4t T & T %5 55 07 2000 il 2R 28
ST AEF AR S T AR 235 F S T LUK
IR DR AT DLE i © S R 7 AR B 4T 7 A 1
8 AR S 5 o 38 AN [ Y o0 B A 1Y H O
T8 B 28 (Alignmennt-based Trace Clustering,
fA B ATOM Horpr B A O #8 J2 Jm) #5835 (par-
tial covering) , RV 45 4> Jit 0o #B J& M ASE B T 42 1% 5 2]
RZE S PATE R I B S 4 E W H SR /N T 45
SEBIH d. %R ATy X ESR B H I TCIE 5 B B
AR R R RIS OL. i VE B AE ATC ik
YT TR TR AL T A X F Y 3 2R 551 (Alignment
and Model Subnet based Trace Clustring, fij #z AM-
STOM™. 5% 3 fiR : 4 (A.B.C.D,E) Ky & 3 f Y
) —A B A ATC SE X 8Lk (AL B, C, D,



1954 it "

Hl

e i 2022 4

E)HI(A.C.B.D. E) A, 215 3] P 2 Bk 15 it O
MR B A — 4 (G300 2 0.1, BRI R 2% ok 23 43 7E
AFEIRFE R « M+ D B2, XL
2l TR R A5 7 A R g T — AL, K
BRI 43 7E R — . A, AMSTC 2R PG K 3 77 A4
TR T (AL 5 3 £ 0 SRy Horh — R 43D
SR IR -4 55 W 2% 00 2R 47 X 5 (BE B8 4B R
0) s it A2 9 25 Bl AL — 38 (RIS J). 8 T %)
3507 2B 0T SR AR T b R o R AR R A Ry 2 B
Yy, o ATC 2 R R R RL ™ 28 1 B 1 o 2 ]
AMSTC J&F B () T2 E 0 2 L% i i
R S AR R S R far DL S R Hp R
B 0 A A ME R Can RS54 A iy B )

SCrk [48 14 H A& v iy 5 % B 4E FR Oy el
(micro-process) , F 1A il 1 58 2k A B X 28 K B
AP A B T R RO 55 R R R S R A Y
fER AL RS 5 1 L XA B BIEE, 7 A
Petri PAEAY ;265 2 25 4% H AP ITA HLik 5 Petri 4
BT AT 00 T 55 5 400 B A o 1 2 1 1) 0L 3
AN S R BB A5 5 3 5 AL Al B
FE Y Petri BRI HEAT BE B0 F 5 1B A AR 2L
TR BRI B 5 A A T RS T Sl RS RS
e — 20 FHTE R SR RO R 3 A W) 26 7.
BOTRRE R ZE H S PRSI A T N E R
F5 5 HAT R i R TN R 25 A AR R TS
2 R 2 B R S AT R

R RER L

S5 S VI I P S ) S5 BT - R
JR 25 JET TR 03I 2 TA) B AR AR R 2 ROR W i
Tt 20007 BRI B By 1) 0300 B 2 R DAY Oy 2
BRI R PT fip Be v o, E 2B i R E AR
1R A OGP B0 SR BB L R A Ok AR B A B
figgt'"*. De Koninck % A\FERT AR 142 H T3 F
#B 5P| (super-instances) B TR & B 28 & 3 (Trace
Clustering using Super-Instrances, f&j # TraCluSI ).
WAL ODNE N =05 1 D s I K. o,
FHT 2l 56 J35 55 e AE 220 I B3 SR J5 R & -means 5%
4T3 B 2% (over clustering) , ¥ R A H 85 R il #
ZAREN 400 ) 5 55 2 A PR AR R Pk, B
R S T SR (D 3B B R P AR e v ) LA A
Ry R A 5 @ BB O SR B S5 5 3 4D
A SCHR 19 v ity 452 1 BIK 2y B35 308 X S92 491 1547 2R 26
BT A L SRS R R S AR SR Y A v Ay
b 20328 5 o 305 A v

4.2 JFfEXFEE
HOTH 3 AR T M A7 4l BB LR R N

7o T R BR A 3k A D BT 5 AR B R K
(B WA 3 WUHED). Fia i . B AR TAE
AR EHRBEAE TR WE I TT I BT AT A
TSR I A A AT — AN B SR A L
1t HA AQF A A B35 X6 28 I B a1k A 0 3

F A RR T B U R BRI N A

R4 HBRREERNER
PR Uk 2 BT Rk s B
[33] A YT T k-means TR T P H
[37] L B W5 B BARKESR  ZHM K% 1 2 A0 U
(381 S RHERCE  GHEEE L ASEIBER  UPGMARUCEX  SUMIERCEIOMMEE 2N - T (e
g (39 iR VAR AR AU i VA L F RS AL b
W3 [40] LA B W 5 B k-medoids b 5 o R 1 2 AR
fa1 L e RARRESR  HHE% e
[42] B B Bt B komeans 3 k-nn A BRI B4 LR
[43]  BEFAIER B BRI e IR
ETET WO 2om BLk T Wik e B
(91 RRAR L s PN 51 A RO B 7 ik R e G
[44] B D JRR e B 1L 8 B T WLV LS ﬁ%Wﬁ%W*ﬁ@ﬁ
T
oy 1) Petri [ 0 s WAR+RAE T A o 52 2
W [46] Petri [ BB 5 L3 5 e ot b I 5 2 K
[47] Petri ] B LS WUB GBS U T Pl
7% £ A 15
[48] Petri [ B L W BB SEOUR SRR ER AR
FITRET B TR A TE T B
RO La0] gusgEtemens JEEP st Facore AR SHHS
e R L
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PLR A B B . AN A R i T A 8 2R 2R Bk Y
— A AGEES R — AT BT X R 4 R AT R
B LU KB

(D MNEHET I ELBEE WS EEZ T
ZE TR M N Y A B K AR T A R 3R B 1
P 2 W I D

(2) {652 BLJ5 T« BE 28 9K 3y ) 30 1 HU s bR T
R FE R 2 SR AR AR T L] e A R K B 17
FEAE SRR RE 1Y SR b Ay Bl AL SR W B 50
SREWE gy 2

(3) FE R b WIS 1% 28 2 A I 3K 2y o A5
BRI 2, B B A R 8. Horp, I 5 0K 8y S TG 4
SRR 55 AR SRR Y 2 W A o R
Jl

N Y k20 a3 b =R 28 BB Y O R AR SC
390 DN A Ao 28 R BR kR JE BE — A BRk E AT X 1
(MR | ActiTract™ #1 TraCluSIFM*). ¥E# X =4
FOEM B (D AR, =AMk IR T
BUB R — KM TT %5 (2 TP, X =A%
BEARAE SN IR & ProM™ | & A A5 L {4 3IF
TSI 0 R] AN AT RE L P SR 2R RO B 45 AR
VeI T 005 AN A A B v UL B 220 1 ) S
SRR Z 18] B W) B B R B A2 B R Y 2 R
o3 JE R AR A2 R 1 o S R R BAER  A  SdE B
[ 75 AR 25T AR S Ay 3R T % S i AU
& B ICS-Fitness" g fir /7% 3 % @ fF P/ T-CDM!
RATF AU BRI I8

E X 1(Improved Continuous Semantics Fitness,
ICS-Fitness). % LAAEZH H ERHLE, & CM
it R, W] — % Z 6] /Y ICS-Fitness, f: L CM
(=0, 1] XN

allParsedActivities(L ,CM) — punishment
numActivitiesLog (L)

Hor JESI T punishment & L H
punishment=
allMissing Tokens (L ,CM)
| L| —numTracesMissing Token (L ,CM) -1
allExtra’TokensLe ftBehind (L ,CM)
| L | —nwmTracesExtraTokensLe ftBehind (L ,CM)+1
(2)
e FRE X H, allParsedActivities PR B0 58 1 =& 7
H& L ra] DL B R CM i 3019 Jir A 15 3l B,
allMissing Token PREUIR 8] ) J2& B A5 B B — 5 BB
X 5% 15 B B D (AR IR (Token ) %8, 11 all Extra Token-

SL,CM) =

ey

LeftBehind W) 25 5 AR B AE T 2 /AR (LK
H & A& BBl 55 50, numActivitiesLog 118 1) 52
H & 915 3h 1 B8 num TracesMissing Token 1% [9]
FR I X 55 HR AT 5 R s TR B I

HW EE,allMissingToken WEE RN T H &
It AT D SR R S5 R A W) S B4 . T
allExtraTokenlLe ftBehind 1) 808 1A I A 5, K2V B
& H S P BB R A7 8 SRR R R 450 Z 8] B AR 1)
B AL Ry T A IR 2 A A S [ RN B A A X
W48 AR A 52 W0 AS SCEE R IASCF- Y405 BE #5474
HoE S

Fue =2, (i * f,»/Zn,- (3
i=1 i=1

Hor ., N BREDNE 0 HEDSREHTACE I
E X 2(Place/Transition Connection Degree,

P/T-CD). X F&H lal 5K, [PIAFER, [ T4
AT B Petri B i AR R, H P/ T-CD & XN
L (lal | lal
P/T-CD 2<\P|+\T\) 1)

MAEX 2 Al & . P/T-CD Sbr bR 5 84
JIv - 24568 7 1 SRR 5 A A2 T 2 B A A [
B AR SCATY SR A A 3 ROk 3 5 52 2R B R A

N N
P/T-CD,,=>,(n; + P/T-CD, )/Z n (5
i—1 i=1

Forr s P/T-CD O 484> I W AR Y ) 14 i J3E (.
e A AR SO T P 2 JF B0de B 0 SR 28k
PEATINAL Q3 5 FroR. Horb B g 1 2ok A A 2
PR AT 0l 55 20 e - X da 4R 2 J2 B A AT ol 1 BT K
FTR b 55 R0 7S 30 AR Y e A TR L BT L RE S A
XA ] 2 R A 53 7 g

x5 ZBRRAMBEBEHER

s K U L ROt RO
ST BPIC2014® 522 3451
K dE 2 BPIC2017® 31509 1202267

K7 g5t T WA EOE A A = AR [R) SR B B 5
FT R . AR B E B R s n, = b
R B BEAR 2 G 0 52 2% B s 25 R AIR. SR T 2R 26
ML WEEA—EME. LA 7(a) # ActiTrac
B0 G RIA LN 6 I LG FE L 5 B R A

@ Http://www. win. tue. nl/bpi/doku. php ?7id = 2014 chal-
lenge

@ Http://www. win. tue. nl/bpi/doku. php ?id = 2017 ; chal-
lenge
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Hl
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S S PR A R AR Bl 1 SRR 3k . R 8 T R Pl
T2 SRy B 5L » AN % JE BT X 4 R 4% 40 R R T AR
LT BB UK Sl 1 SRR 5 MR BRI UL 5 i
R NG AHR AT BT RS T35 R G RE
S TraCluSI RSB T P& L3 o3, FE N
BRSO RGBT 2R TR
PP IR 2 T BUU A BE AR, R 35 . B SRR
AN 2 — A B0 3 BN U R AR A e o
(0T R AR 2l o A . AR AR b A B Kl
M RGOS AIEA — M. K 7(e)F, TraCluSI

6] O"MR
0.6 ActiTraC A
~A-TraCluSI an
0.5
,’/A A
20.4— ,A i =
0.3 g
w /,' -
S N -H
029p-
014
.
0 T T T T T T T T
2 3 1 5 6 7 8 9
BRI
(a) Bm A
0.8
O MR
ActiTraC
0.74 ~\-TraCluSI
0.6 AR
é A ol O
205 o il
a O- -
é AT gu
0.4 -
0.3
0.2 T T T T T T T T
0 3 1 5 6 10 20 30
BRI
(o) Bl g2 iU B
& 7

TEREAS 52 5 5o T op o B I A B0 2 TraCluST<<
MR<CActiTrac. ActiTrac #4358 i3 2 % Z N W
FEHT AR, FR T 0 S AR Y L B T ARE I
KL T AH B F MR, TraCluST B 4Kt ] 7 8 750 0%
EIE B R PR /N (7 N T ST 71 B T
000 o SR 2R AT B A L. DAERE 4R 2 7L A
HE & T 31509 5813k . il 43 TraCluSI 15—
BRJG . S5RA 50 40 CBP 50 2 Bik). &
Jo T EX 50 A5 8000 AT B RN R 3 i SR 2K BT LA

(0 52 % BE — BEERAIR T A P A 300k HBE AL BK 3l 1y
REITHE ActiTrac A WAL T HE B 9K 3h 19 2K
B MROH 2, TERCHE 48 2 9 R B, MR 485 4
HRE T L ActiTrac P, B A< J7 A &, ActiTrac
AR Z /NI SRR L 5 R T RIER/P T EH R
Ml ) L AnAE L 7 (D Y RN FGEF 30 AR,
ActiTrac 27 AR Z 4> /N AL 9 1l 73 (e /N 9 7 R
A 84 Sk B e 0. 26 %), T R — N FERY
Bl g 5100 HAE AR . AHILZ R MR 77 4R
F18) SR S IR X P — 28 AT AR AR T R Y A R T

2.0 D‘ O MR
ActiTraC
A TraCluSI
1.9
B o)
~lsl o
< A
= AN B
A SS— o
a1 Lo R
A A
1.6
1.5 T T ;
2 3 4 5 6 7 8 9
BB
(b) Byt SR LI S A
7
~-MR
ActiTraC
6 ZS ~/\-TraCluSI
::i:A~ -
A5 B minA
Q Bep
S
¢ AT
! —"|
3_
2 T T T T T T T T
0 3 4 5 6 10 20 30
RAENH
(d) BE 2 & AR

SRR A A TR B AR A L P I A A

TraCluST 745 Y 8K 5y 2 B B, B0 i Bt 2
LR T 99%.
4.3 I #H

BEXT 4.1 35 0 7 ¥k B DL R 4. 2 W S5 4y
BT 33X T 23 TN 25 4 R B0 SR S AT — /NS LA K
JEHA.

(1) A Bl 2R 2K i 5% #

@ BLA B 5T I B — (1) 2 B Can 4 a1 70D 328 ¥ 1)
Z 2 Coe U i )55 B[R] 1 25 K e 4 i O 2
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b 5 R B L 23 AT X G 3l o3 B IS ARG
Aol — B R B AR B A R, H B ey
Tl 55 1 HALA B AR PRAT I 1) 45 L 5 0 A O L
BT b e N 5L 2 07 6 Z2 T2 OO T ol 55
7. SCHREST TLL A5 i 0 0w« 547 B 2R
Je. 6 do . F R 2 B3t S SR R o AR AR R (local
process model). #RJ5 » 3 T Jr A i T A58 2R R i 57
SR i AR A £ 1 A B R R AT
Bl R

@ BRI B — AR 0 RO A9 — 50 28 R R
1M 2 S VPR SR 2 i A e L R ST B 2 R e
SRR A AL 45 B g I 7 s ) o A A 2R i
BORIIR 45 T AL 19 A [ A E A L 0 B A B
] DU G P SRR AIOR L (AR RS I A AL 5

@ JF I fif B W] B et SR Y
RN g 3t BRI B AR 5 AR UL R H
Je o JH P IEAS B U R TG 12 T A R 4 R R A
R ARMERE BF IR, e BIA L R AR 35
R S A RO S A AR S 1 5 5 LM R T R 2K 1 Al
figk R AL

(2) RAKIHFFTT5 18]

Hi 4.2 AL B = RSN R A
JE T SR BE R A AR R $2 T 23 8] AnI&] 7 Ced L (dD fir
TR PLE B B AR AE 0. 6 224 AN T EUE H 7Y
0. 37 A 4-TF T 2300, 452 A e J5 i, B4 % 43 7
30 M. P/T-CD WHIETE 4 2. i 5 Z . 45
AN REATAE 4 A5 0 TR B U L X R
JER AR . BT L AR SO LI Rk KA E N
HARTT LU AR = A5 5 0

O FETIE JZ T T 4 A7 26 7 Lo, LA B
BR 1 2R A L N B B S k-means F KM IR
FEZWRES AR Z 55T 22 5 MR K TR %
% 8 IR Sk CRIVEIL 3 20 ) 45 T BUAT (9 B30 %) 1 g
W AT HR b AR AR AN N T IR Tk
A T QSR RE S & 0L HL 4 1 M SRR LR A
FREBOR 2 E—Z . XA T7 1) ] UG 2L
27 20 7 1) AR 56 AR Seik[53 12 2 Fl
FI ARG 5 Ak B b i B i e 09 K8 O 0k R L B
H R BEAR R O ) o IF AR R A T ROR A B
&7t

@ FE R JZ 100, 23X P AT i AL TR A 2
USRI FOR 2 A 5 TR B K Bl R s B R R K
LMLk s E ST I RS fEF. BHR A R
e A P R 3% Y AT T K9 R AE — i (Bl

BRSNS AR AR Bl RIS L I B AT 1E R B —
LR G B B 1L B AT Bagging J& — Fh 4R
I FFAT A~ SR H R R R AT RE R 2 KR 2
) (1 25 500X H 22 B B K Bl G VA AR L T A
TR S TE PP SR A5 Y L T AN [R] ) 2
il PRI R LA o T A SEAEL L 4R B A A SR
PRUE SR I I FEARB T —F M5

@ 1N JZ T 22 77 i #2518 32 XN LA
PR R J5 B 3d J2 HNT 7E R B 45 48 2 18 . A 2% 1
IRF ] 366 A )2 T PR AT 5 MR IR RS N L A 2R
) ] 1] 255 P I 1] £ JBE ) A Y 3 A ] 4, SCRIR LS5 ]
TEHUIE R BLRN b 51 AT i 18] 2 B Al R AL L 552 i
s D0 A B e A 1) 2l 25 . AR FP I I R
SRS SE TY A AT R RS
Je ] LAE 0 22 J2 U RS 114 13 O 56 B e R T A 85
b H BRI 2 AR HAE R A Z R AT
L R3S L N ZBE 4R TH R EACR.

5 HMRER

AT B B AR S U RS TR oy ST
iR, FEAREEANE HE N HETC A IS
RS AT SR LA K Ay 2. FOR RN L4 LB
i e SEBREHE X O A BT VR, RS L BAS
TR T5 1] O BIE 5
5.1 EBHEEZR

il 1 TH B T SR 1 AR A EB 2 T B0l 55 i
PR A AR AL T IC SRl 55 AT 1 R B A H AR 2
FEFEE LI, Bose 58 AXF 100 24> 4l 2 47 R
WEIE, R H R BHR RS T 24 A A 1)l
FAT AR —A R G H B R 1k xR — Al
St #E. P 8 A A B B IR RS L W DL (D)
S8 TR 55 1 B0 ) 43 I o 2 T 4R S 2k 1 B
RUIZ R Solk 55 3 FE o B s (2) W d 0l 55 5 % 8 4k, ]
IF VR EE e N7 20 I o ol P A 4 A TR R B RS 11 S Y
EEALHE PUFNC 2 KBRS (sudden drifo) | 7 28
%% (gradual drift) (3 &% F% (incremental drift) f
JE W PEEE RS (recurring drift). [&] 8(a) Fx, b 55 45
BY1FERFR] AL 6 RSS2 AR, X PR R AR Z
N R IR . sl me L ARLL 8 (b)) JEUR
8 2 IS ] £ 6 JF 26 B A 2 s AR B Y 1 (G 3
[F) I 32 47 45 FEAE I 8] 45 2 58 4 OO 55 80 1,
PP AR AR Z AR I RS . B BUR 3% 25 1
AN, A B RS () 8 (o)) A0 FE A EE L (A 8
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e e B
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o [ w|[=] e =] w[= =]
| > | > [ > I | >
4 I ] I i Lot I ] 4 t I ]
(a) BKREH (b) WA HFs () BB () J AR

8

(D) Herp 3 i BRRS R A Ml 55 Y ) ity | —
AP A i 3 R R 2 s 1 R A Rl 55 A A
[F] P ) 5 A P 10480 A9k 2 15 HE 2 1) e 55 D 7 AR
TEEUL i D TR RS 1 S BU A [a) 4 5 A 0 530 3% 7 Dy 7R
RKIATINIE : (1) AR BRI 505, BNX R BE
HUBE MR O DU AL T b g 2 —Fb s (2) G 2R
ARG I 2. B IX S B0 RE N H A5 P G 22 il R
B2RA.

(1) B — 2 TR i A6 00 B0 0

SCHRES6 JET A H S R AR A . f i T F
FIEL B 4 B2 Chypothesis test) e H) & BT A Fh
(population) & 15 47 22 57 1 5 W HE 1 4% th H 35
A A R ANE 9 (O FIR c E SE . I P AR E — 12
B0 s T 00 E PSRRI R B R RS SRR
H 5 i — 2. 1235 o ) X 1 4 ol e v 1) e

\
:

W%ﬂ - Fisf ) Ay
AR

«

&R

JRISEAE

R JRHFIE
JRFREFAE

A 56
(a) KRR

IR AZ A R AL S

PEATFRAE I AR T WA RRIE R P A O i
B4 R FRE (global features) HlJ& #B 4# 1E (local
features). 4= Jaj FEAE AT P A~ 3 il /2 00 2 28 AU 1 4k
(Relation type Count, RC) fll & % i (Relation
Entropy, RE). 7158 Jay #f ¢ AE B o 75 2248 € — > K/
N T RE R D S R R Window
Count, WO F 1% 3 Z 18] 19 28 X4 J-Measure.
e > 7E DL B ARRAE A SE Ak b X A BRE R AT R A
. FEH 20 3 Hotelling T? test il K-S test %[ 4 J&)
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S, HERW 5 — K, R E %8 — 2. 5%
— 4 HRSAGIB]— A~ P-value, 4n1& 9(b) frs. 4k
K P-value /N B FH MK a(significance level) ,
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B e
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() — 2T A 5 O o g 4 1) BT [ e e O %
H B RmEEZ IS R BA B E H &
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T AN R B 5 T ERR I A rh L SR AR I A i 2R
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PR AR, KR A A [R) A0 48 5K L B30 22 ) 1 B . A XS
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R 5 2 A T L R A A B — IR L AR B
—NREER S AW E 0B, A Lossy
Counting JE 15180 1 o 44> 00 (0 450 ZE 0. 4n 21
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ARSI PR A% Y 0k AR b, SR R R AE RN 2D R 5
A TAEREAA [ A ] g R AR 48 P-value (1 4% %8
JEE R RE S A W AR RS . WA 10 (o) TR L X Eb R
KR RV AR B RS 1 P-value {H A9 34 2 LK
FE. ZEADLHlL , SCHR LS9 TR 4 M i A8 I B8 Je AL M IR 54
A5 DT A AR TR 6 L A S R
PR LT o 1z Z 18] RS A R LR 1A
TR 2 PS8 43 A TR A CAn Bl 10 Ca) fIrz).
I DR SR B - 1 A 0 H AR T R R IR RS A I L )
FH Run F¢AE AR BK 55 4% 1 H 2 b iirfr € & 7%
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H M H g s S — D001 H BAFAE A FLE
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S5 NAESCHRL66 ] rbo o 52 A 42 4 5 405 B2 53 [
R O 0 2 B RS P Y DU R R RS R A B L 4 E
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wogmpy  [35]  RERASAE B R O RSN R A R
o o N ¥4 1 35 8 18y — 4 5 s
(6]  MEBERAXRAHELLEE  wEEX o R AL K
C62] 3 SR A A I ] B i Bk O EAHEAEEE RS R
, L o B RS Tk e o B 5 4
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4 [59] I K FFAE Run I 15 A 0 [0©)] AL A0 5 A A 78R H S B
K% . N Wi X FAT i RIS K L A K
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TN SCHRLS6 145 SRR 58 J#R e FH B 15 A6 26 1) 8 s Ok A
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DA g A 3 1) R A a5 B T L O ) Al
FIE B FRAEDN T

(1) HIEW]. AR 2] i =A% S ok« HAE X (8]
(¢ —rot +r JNAFAE— D E SR R e W T8 T
HIE .

(2) B, A A6 I 2 (VR A% A5 o ¢, FLAE X J]
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T IE A

) i . SRR A 0 HAEX ]2 —r,
tHr TP RIS BRS¢ 0 ¢ ) TR .

LA FRE T 0 S BRI R RS A Y
SR — R UL A SCHOR R - fE R 2R 4T
FERVEHY Wi e ) SRR R /) S 0 B TR RS A I B Y AR
A s R 4 T L S AR A A I AR 3k FH B o 4R
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T 18 MR AR B, R 7 SRR T 12 R
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(A TR E I moT R I, O AR 3R 1 2
MUY 2, R AR A R T e B2 . v, A AR 2
SRR T DU AS F G H &L BUE A 2500 4%
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A 7500 4 H &Ry 7. 5k HAEL &4 10000 Sk
9 10k H &, BRF o I8 A U /R T 5k fil 10k 7
FRBCHE SE A SE 0 25 L, n &l 11 Fros. A 11 Ca) Al
(b) AT AR I A6 9 A AS [ 7 o GO80 Hh =S50k
18 T Bff R R s B A g I B AR /NI R AIR. L, R
A Run 7735 F1 Alpha J5 3 1 £ 55 7€~ = 100. 4]
W YW BIHUE /N T 100 J5 . Run A1 Alpha (14
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Fofr 7 5 1 AR 20 T 3R 2 R LA TG 12 U e A ) )
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TERR A B 10 2Z (8] B R AR 40 A 25 5% I DA
AL B — o S )RR AE AR A T 2 U RS
4. WA mDUEBER T r=30 8 r=20 4}, K
SHEGLT Alpha B9 S F AL T Run, AL Z
T, TPCDD % 3k i HE# % W] 2 5 T Run Fil Alpha.
TPCDD R R FFIE & B G 4k F 55 BB X R X
TR AE ] DA B b A 00 2] H 75 b iR 4. R
M- BUE/NF 10 B, TPCDD 1) e % A4 H 308
TRE.
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LP H WA e B AT A6 95 8508 F 46 26 0
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BEAR Ik ot B R = A Bk ke i HE R 2
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DYNYNPIN-E <= EF

D MR JZ 1Y A6 A% 6 B BE TR 2 Y 5E AL B Al
RIERL R IR AR I 1 R R 0 320 1) B g )2 UK Al
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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 event log without using any apriori informa-
tion), conformance checking (i. e. monitoring deviations by
comparing a model and a log) and process model enhance-
ment (i. e. extending or improving an existing model using
additional information). Process discovery is the most promi-
nent 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 the models mining from
the real-life logs are hard to comprehend. This problem
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business. An approach to overcome this is log division that
includes two topic: trace clustering and concept drift. Trace
clustering aims to solve the problem that the model is too
complex, while concept drift is to solve the problem of busi-
ness 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 ad-
dition, 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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