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[ Abstract] Business process conformance checking can help enterprises detect potential problems early and ensure the
normal operation and security of business processes. Tosthis end, a conformance checking method for business processes
based on improved Bidirectional Encoder Representations” from Transformers (BERT) and lightweight Convolutional
Neural Network (CNN)is proposed. First, trace prefikes are extracted from historical event logs and labeled with fitness
or unfitness, and a dataset is constructed.accordingly. Second, the improved BERT model is used to represent the feature
vectors of traces, which incorporates ‘relative) contextual relationships. Finally, the conformance check -classifier,
constructed using a lightweight CNN.medel, is used to complete online business process conformance checking, This
method effectively improves the‘acctracy of conformance checking. Experiments were conducted using five real-life event
log datasets. The results shownthat the proposed model's accuracy is superior to that of Word2Vec+CNN, Transformer ,
BERT. Furthermore, when compared with the traditional BERT+CNN, the accuracy can increase by up to 2. 61%.
[Key words] business process; conformance checking; representation learning; event log; Convolutional Neural
Network (CNN)
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Fig.2 The framework of business process conformance checking based on representation learning
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checking classifier model

28 [

BRI 2X 13X 14X
RERANGFARZAEL 128
b AL 1-maxpool
Dropout & 0.1
S PR Softmax
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4 SCIGOHR

NRUEAS SCHE I A 3R T B BERT M4 4k
CNN Bl 55 R MUV A 07 1 RO PERE . 76 5 D2
THEE G AT 250, LLUER % (Accuracy) VE R IF
Y FE AR R Rl S A0 LU SE B A T 20 AT
4.1 SEIEHRE

N TSR T A TR A MG AT P RE
TE 5 AT RS L AT 0 M 5 4G . Help Desk
(https: //data. 4tu. nD BHEHEFA BRI 22 = i1 5%
5555 AR BIAISC AR B 5 BPIC_2017 $ifiidh i 22 R bL
FRY DR I IR s BPIC_2020 ik 2 422k 9 R I
FHIGER 15 Sepsis Cases $i idt = Bt e 75 AE i 1) 2 1F: 5
Hospital Billing fifiid 55 B2 B¢ S 1L 1) B 7 A 55 11 9 A
PSIVE S ROk LN IR IULI DS €120 T

x4 FHBEENEXBIEST
Table 4 Related data analysis of event logs

e SR ;fﬁ I R Fizﬂ
Help Desk 4 579 225 14 21 334 15
BPIC 2017 42 995 16 8 193 841 5
BPIC 2020 10 361 97 17 56 420 24
Sepsis Cases 1 050 846 16 15 198 185

Hospital Billing 69 252 1013 18 451 341 217

4.2 XWEE

S b A B A AL TR 2 8 Intel® Corel i5-
12500H 3. 10 GHz,GPU A GeForce RTX3060, %
4k, Python A A 3. 8, PyTorch odi ly 1. 12. 1,
CUDA JRA A 11. 6.0,

SO AR Y S BCBCEAN R 5 TR,
BERT #EA7R#iE 0] £ Il 2. Epoch £ & 4 30,
223 % k0. 001, Batch size 16, B8 14 Fy 1 0] &

YEJE Ry i KA 5 705 RV AG A 43 R A kA7
2Kt , Epoch $01% & fy 20, Batch size 2hy 32,22 &
>4 0. 001, Dropout 2 0. 1, &R 4K 128,

x5 RESHESE

Table 5 Model parameters configuration

BT S8 ZHUE
Epoch 30
BERT 454iE [ H#: Batch size 16
FRBA ESES 0. 001
ESSE-wiLNi| 8
LR A Epoch 20
e Batch size 32
IR 5] % 0. 001
4.3 iFMMERR

SIS DI MER R (Aecuracys A) NIERE 845 L
A PUER A B PERE o HERR R R 43 SR IE i 53
FREAI LB, FE A R R A o3 St o A an a4
FPAELEE mANELS B A AP L BTN m
AATLEE AT 2 A4, %F 0 ASHLE BT I
T 9 A WA 2 i TR A == (D s

ASETTY 1009

m-+n M
4.4 LIGERDH
44,1 JHRLSEES

Xt e CtxtBERT 5% 48 BERT #5180 £ ¢4k
RN T RS AR T SE s, @t
B R ML TS v ZE TR R
TINAFIXST A7 8 B 5 P A% 3238 43 %o 455 80 ) P Ak 80 2R
TEfE 48 BERT #EAU A JERE F L @& H R B R S0
R PRI S BRI A S H O R, AT 55
i AR TR 8000 A FLPE ARG A 325 2% 8] st FE A )
AN ZRAE 5 DU AR , 2 i ARV 1 A ff 0 % L tn 3% 6
I (e LA RN BRED

RO 2THERMEMELE

Table 6 Comparison of accuracy between two algorithms %
Bk Help Desk BPIC 2017 BPIC 2020 Sepsis Cases Hospital Billing
BERT+CNN 78.71 73.98 81. 96 89. 16 73.72
CtxtBERT+CNN 81. 32 81. 37 83.83 90. 21 72.13

X EE 2 b BED T ) TR A 2% 0] 0, B Hospital
Billing 4 4E LLAP , CtxtBERT + CNN 45 71 75 v 5
% 45 BERT + CNN i % %R &, X} Hospital
Billing B8 34753471 » A& B0 5 SR A B4 4 (9 B 3db
I KA B S T A A 4 v B K Y AB BN B vh Bk
KEE At AR5, Horp KBS 1T A0 5 AR
K g S0 1/4, 1 CextBERT #5858 7
B AR P 50 b ) LR SUfE B R AR K 1 7 41
LA TR 00 2k SR S AR A R AT LA B A

TR AT Rl A P B ) A G R L (BSR4
K9 a2 225 i B T A R PR BE .
4.4.2  XTHLSLE

T2 R B 24 2] i 7 it re L T 1k
PRI AR S X b S 0 32 B R4 7 BT 3 7 1 5 L R
2R . A LR 5 AN g B B AR
PA S 53 M 4y S B AR Word2Vee +
CNN“ Transformer™" . BERT"* #4748, 75 4%
B R REE R ANER 7 PR,
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Table 7 Comparison of accuracy of different models on five datasets %
T Help Desk BPIC 2017 BPIC 2020 Sepsis Cases Hospital Billing

Word2Vec+CNN 80. 96 81. 24 77.38 70. 29 73.61
Transformer 76. 85 72.03 80. 16 83.61 68.93
BERT 79.11 76. 24 83. 60 82. 94 75. 45
CtxtBERT+CNN 81.32 81. 37 83.83 90. 21 72.13

MR T T LAE M AR SO IR ER R AR T IEHA S —Br 0 00 L A8 A W) Bk 1 4 R

THAI TG HAE Sepsis Cases SURAE T A7 MlEAT 9250 U A Rk ONN (02 F780% . i
BT AR R A A T A R, WHIE IR 60 T BB I 250 R R R
SM47 Sepsis Cases BCib i i UG BUI A B gL B BUREAT 95 00 . O30 38 20 7 i1 ki B i ki
91 4 g K7 9 FLB R 2 CoqBERTHONN FILE T I 76 46 BOH 4 1 oS [t % B i3
R AS BRI BEAR TR K (0790 BT LAAE e AT L 6 A P 6 T KO U

& LIS T RIFRCR . B 2T LE S5 RANTE] 7 s o o &1 6 LLH T 2 Fif
4.4.3 Rl CNN R H5HT A AR A IR RS 4 e A W1 R 58 B 48 9% 1 32

HERI% %

Fig.7 Comparison of accuracy of different convolutional
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Fig.6 Comparison of runtime of different convolutional kernels on five datasets
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