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Abstract

To address the challenges of increasingly comprehensive and precise auditing demands that tra-
ditional auditing methods cannot meet, intelligent auditing technologies have emerged. However,
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these technologies are still in a stage of weak intelligence and have not yet reached the standards
required for knowledge reasoning in auditing. In this paper, based on the BERT-BiLSTM-CRF entity
recognition model, we innovatively utilize an improved pre-training model called BERT-WWM
and propose a new method for constructing an enterprise internal control audit knowledge graph.
This method achieves optimal sequence labeling by extracting characters from entities such as
audit reports, financial statements, and internal audit documents. We introduce deep learning in-
to the knowledge graph and effectively mine complex relationships among massive auditing enti-
ties, realizing the fusion of different structured data. Taking Huashen Technology Company as an
example, we use the neo4j graph database to construct an audit knowledge graph, explore the in-
ference value of the knowledge graph, expand the breadth and depth of its use in audit knowledge
reasoning, empower audit knowledge reasoning, and create higher value for enterprises.
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1. 5|18

TR MR B BB G 7, R Al AR IR, B ARIE R RS, FE T A AR TE R AR
HBHEEZEH. WERBIEEARE S E RN, el SRR, WS EEMEESES
AT AL G VR TR RS, KiRwD> TR AR, SRR T AR AR (1], HE, BT AT
BREBARNA T KM B, HEARMEH S5 RHIEATR, JLHAIE S AR EIE SR —. 45
PR RS TTTH, SARHERI T T B 2 4 . IR TR E H, SR B AR B RE
T T N RSB R SC SR B O R, TOE R T A A HER . BRIk, A er A R B R SR
B RS RIETEANE,  AITIBR R R TR AR RE 22 B 2 I RS AR R )

H AR DGR ST R, Bl TR FE 2 I BRI W R, SR S S5 AH ¢ A SRE S B AR & 5 T s
LA AR, o NER $EIBUSCR 1IAL 95 B M g 21 o 7115 5 A0 38 5 8220 - Humphreys %5 A\ [3]42 H
TET I LaSIE-Il R4, (HET7ikId ZR0E 5 5 5482 RN, 7257 %3 . Zhang A1 Yang
[AJFRHY T —Fh LSTM A7 5525 1] b 28 b (Lattice-LSTM), Al MBI S (ialIEA5 B, 807 T 74
Z IR RERER R, H I N BB R R (S B R S BT B TS 1T 51, FEANREXT a0 B 4 SRt AT B
SO o 1 PSR [5] 92 A FH 25 A BEAL3% (CRF) 5K I 1 124 4 M 45 (LSTM) AH 45 & 1) LSTM-CRF #5754, J&
OIS U5 B RN [ B S AN R AT AR E SR, X 2 3 1) SCARIEAT SR 1R 1) . 2018 4F Google [P\ 4
AAFRESHER MM, 2t BERT £5, m/AfR 7/ Wil Z MEREHE, RIEAFIES
H AR R R A5 S, A U o — R 2 SR I [6]. 22 R 5RAFEId BERT JZHTF R ETIZE, R BT
B AT R, FREFAI BILSTM E/ Attention JZ$2HUE SURHIE, FiEid CRF Z Wil 4
H AR AR P F[ 7]

DA b AP R S U R AL R P T R SRR AR 2R T RS, (H SRR B FH B AU P 2 R AL
A, Nk, ARSORFZ R A AR S VS EANME, ST A S HEER S A
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P ASWTIE N, R R B T T R B AR SR B, M RE H AR A B R O RIR EE N 2 B
Mk 2

B AT T 8 T AT W AN TR REBORATE %, SRR RS . R ARTZI|A RS, HIUA R
PR RV L8, A SCHET BERT-BILSTM-CRF SEARRAIRAL, At Hhoks cieash ) )1 s 7
BERT-WWM 5B BRI AR &, AR5 1 ARG 25 5 BIE SRR OR .

H 8 TR SRR K 2 LS SR ARG AT AT A, B 2w B SCREEAT 03]« K BRis A S5
Veidah; iEUeE MAdE L o BERT SudEBEANE M ar 4 SRR SR RIZH0SE — REVAL BRI RER T Y
=7u. wJa, BPAZSuHEBHT ARG . KRG IFERAEIE B UG I R EE IR EN neodj
Ha e b, SECH THRIR ERE AR .

2.1. HIH R AIRIZHE

SR & — FhE N2, RIS E] T2 N . e BRI RIREE ST, AT L v
RS, B, J@IE DL EATZ TR 98 R AT RS E A . R I 1) g sl AN S U N 2R 2 21 T
i, BIEAGURGE M AR AU o AL 2 iR % i) SR At 2 i 4 SR IR BRI 6 RAREL. B HARIE S &b
TR AR M BRE K&, TR 2518 5 A7 (Pre-trained language model, PLM)X} 118 5 15 & 1) 7 20R K ig i
Fto £ RS, PLM R ELFvERe, B o DUIMARBLEY e SOH B, AT 32 B R B 2 M g o

2.1.1. BURTALIRIERGE

H1 T TCH) B T Hodls S AE S M A Bt M AR S A Bt ARSI LB e i B HGE I 2R SR 7T,
RS 0 SCA AT B IE e, BB bRl RS L AR, SREHE M E. RN A
RFAG K LTP BEATHA MR WVEFRESFAEST, AEEAT i 48 SEAR R A 2 il — 2R 9 Bt PUAL B A .

2.1.2. EFIHFIER

BERT (Bidirectional Encoder Representations from Transformers) & —FH il Z&iE S, BEEYIZTE
TR TS S B (Masked Language Model). TETRYIZRMI B, SCARH KL 159% 11 30] 5 2 B,
R 24 80% 1 S 1 1R] 26 2 4 B 3 N [MASKARIE, 20 10% 18] 25 4 BENLE e, 17 55 4h 10% 017 2% U £
AAF, T BERT B%Y, WA RIERIE T BILSTM-CRF f7, ESZORIRBIRT 7t b R 1% T EEAEH . SR1M0,
X RLE R T THATAE MR, A T — Pl BERT-WWM-BILSTM-CRF #48!, 417 F (1] 1)Fw:
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Figure 1. BERT-WWM-BiLSTM-CRF Model
[E 1. iy BERT Fillznissy

1) FWIRANE

K HH 2T 421 #E5 (Whole Word Masking) sz A B 1 ST 255 8 BERT-WWM ERIRIR AN JZ . T 7E
Google & Aiiff) BERT-BASE H1, T2 Cifkl, it WordPiece 73l i] A4S 21 L 1A SE/NRPRLEE, 82 H
B SCHEITCVEIRAF FIRERCR 0 o o SCH A I 75 5 SO AL TRlEAS B S A e B . ARk
X— [, ARSCTE BERT-WWM A FH 4 1] Mask 17775 B FH 21 v SC ol o, 6 56 884 SR i Mask I3 7
WHEELEN, YA T A HET WordPiece 731 77 2UMI Rk, PRIE 1] 5 56 58 M 14 [R] B SUAS B2 7

AR SC e R BAE P R R SO SRS BT gD, BefiP it BERT-WWM i th 1] &A% 2 1 1) head 5K
PR tail SRR AT, AR ATR:

_ 1 i
hl_W{tanh[j_i=1 tth]}bl (1)
B 1 k
h, =W, {tanh(mztm Htﬂ+b2 )
Ferb W, AW, TSN BEHLRIR IR, by Al b, ABEHLAIAE A i B 18 .

2) RHMERIE

B OB SURRAE, AR SCR A 9 2 00 m) K 4 B398 42 4 22 ) 4% (Bidirectional Long Short-Term Memory,
BIiLSTM), HT LSTM &), REeH(E B4 T 21 G rInF g, DL # TH P EuE SeAs R
HZRE, A BILSTM [R] SRICAET 21 )5 LA MG BIHT P FIE S, BRI R AFEREIZ N BILSTM %]
S LU VRJZ UK SCREE, 33080160 LSTM  {R], Ry Ry, R} AR LSTM (R, By, g, by} SRR
I 5k A B DT 3 58 B T

3) FHMERDEKE

BN BILSTM BLALRERS 7 7 fEHT b F SUARIMIME R, (FREA B CHR 2RI AR E S, B AR
K 25 14BE 137 (Conditional random field, CRF)RAFRFAESEHUZ IO 45 ok i vEtk . 3 X LY ABEAIAR
&, P(Y|X) RS, B Y WA TR E G = (V|G) R B/R A KB, MR
P(Y,| XY, W/ =v)=P(Y,| XY, w~v), rf: SMERIIT VAL, KA P(Y]X) FRA KB
Wz w~v; FoRASYEVEERRIE W, w/=viCR vV DM S Y, Y, NBENIASE, 7544 seik
PSS T, X MY HORIERA BN BEN A R 51, FE455E X IRAE R, Y IS5 P (Y| X )
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PV XYy Y ) = P (Y XYy, Y (3)

YR 2 A B R MR, AR5 9 T AR 25 1 B 20 AR AT DAOR FEER AR AR 2, SRF S
IR AR 22 56 e 21

3. MIRERE R St — AR 2 R R

T AP A NSt A 4 ) DL R R A PR S Rl o T RS OGN B B — 3. (ETT )
WG TE FEZATTI, HAA FERE o SR, R A AT S T, Bl ok B SR
PR A YME R THE SRR AT R 2, TR TR R R SRR R, RAEREAT TR AT

N RGN T, 1R P 0 I P AR A5 R . SRR P S g S R AR 4 A A K
FAC N T A B A AL S 2, T R B AT e . o T A RE, A R R R A% S5 RIEH)
FOAR IR, RSEPLA E S H T HEEEIE B S AR R T B A SR B

X AT AT HE G )G, R A R A SIS 5 (0 d T S0, B ok S AT T R SRR
WOl NA LG GNEAT M o ASCIE YT TN ZRASE Y ) SOASZ A AN 73 SRR LR IR JBE 5 ) SRR S
REE, JFPegiil B 7 RR BB RO R DR AR BRI @ S0, T8 T AR HERE S5 4L BE 42
NSEUEIRIERE AT B B0 7 e TR S B 1 AR

3.1 BUERE

f# 1 Python 1) Scrapy HESL, FATHOHTIRIG 28 HEAh A 24 =) f) 4 0T b SRHRA A AR S5 44 40 o THAH 9G 3
PRSI 55 5dE . o, BRI BRI T, BRI T BRSBTS A, DLy
AR TSN o EXBOEE AT TAL B 2 )5, I 10K Itp Bt e xof A 45 44 A Bt 26 AT 20 Ab B, I i B
ERE . {5 IR S50 ARl

3.2. SK{FIREL

FEREZ W) B B 5 K Bk BERT-WWM-BILSTM-CRF AR 8 LM%, T M
Kb b BCE A o EE AR VAR BE R FR, RATEMEH T BERT MAURIHT SRR, X
B HEWIH . MR SEEAT IR . SRS, FRATTAR IR AR vF A 45 S SEAR AT A, MR GR 0
PR A Bk, SRS T e B ISRME 5, a2 R A i 5 HEE A A 3R (LAt

3.3. XRIZHE

SERMSEMIR TG, FRATARSEM R T —ANHT CNN %S, F TSk RAEC, BIAE AN SR 2 [R) g o
Kk BRHL M2 (CNN) I ZEHE H B AR SRR AL M AIE R R 418 sk, O 1 4555 CNN
SR RN IIRE ), BN — BB, AR ANEAE R . RIS, GLE A E WG N
HRE )T R IR, 1S CNN RS FE A s BR Al AR 0K ) 7 IO S0 S0 AEAIZET CNN Bk AR 24 7
2 TATD N B AT RS, IR 2 26 B2 ML 22D SRR, AT 3R AT B 1 70 1 s 4
WXER. fa, WAVEH AR SRR 70 B X SRR AT 7028, DL A) 7 A7 4E 1 A 2R
HLMRR. RN, B TEIEEA LT SRR ZST M, AT AR R AR DR %
B, WESHRRE, B IEREANENRE 7T, AT B L M AT 50 RIMEUT 55 .

3.4. FREEE

IR SR RA M = e, TR IR BE ek 22 X 2% 42 38 B b e A T IR KR e EA T 2R, U =
THZ AR KA. RJa TR neodj KIMWEE, HEm A A FRIAREWE, JAANEEEE S, B
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Figure 2. Huashen technology audit knowledge graph (part)
B 2. tetmR It iR EE (R 4Y)

AR R IR 75 KR 1] B i3 HLXE DR B A ARG A A o 4y, @ = e B, DA
SIERNIKGHATIER, BANE T, 5T 00K, DOE S E i i 45 A R EHE R E
Na AL THERBE AL, B I SE R S R R IF AR IR T RN RIS, T RARTE A
Bt ARE A e LU TR AR A G (] 2) 9 SRR TR T, R T R (R 25 i
ARG SF) AR I SRR, DR RER G N SRR Py s A4 45 Rl A v s A e XA
NFIR PR A (e SO e YN T THT R B 6 1Lk 55 9 R 2 i S ANAANL 9% 7, sl BL R e
Tk g5 - AN ERZG G A “RBEH TS - WAL ) = e AR ARR ), 0
PRI R A I3 A =oAL i SRR, 49 2R TR e R

3.5. HIHHETR

FE AR ISR i e i, 5 225l RSKCCA FVERHEAL A AR B EER IR &R, i Seit 43
Pref B2 AR o0 A, A A R B rh BEAT 70 M 5 HE B AT BRI 22 o U R VA . 305, I AR T
AT AU U5 v (actor-mimic), FATTRT LA 2 0% SR IR BETE RS RPN Z5IR B SRS X 2 o IX ATkl id 15 5
BT, (A S R 28 BE A5 2% ST 0& BT AN AR 55 R SRIG , PRS2 2R RIS BIUAH BLAHT 55
o AR T ASEEN Bt i RIS PR A, JRES & AR SO AV AR SR I PRANY, B R ER SR TS
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IR AN, PO AR O BRSSO B AT A R, BV TR TN SO KR BN S
FEHE B B 5 N TARRCR M, KOREE R 1 Al o AR

4. BEE

BN H A TR U R R ASORT . B AR R G REZE . MARIG, R N XESE
i, ASCEET ARG 5 AL BEAEAR IR 2 ST BOR, B2 T Bert-WWM-BILSTM-CRF Tl 2R R 22 (1)
HTHRIR I ik, A 7 RR B et i o RE BRI, o T HLA RR S S R 2R 55
P78 o B TC 08 B AR HE B ZOR Y ), AR A S BIE T kA, O AR Al S AR A R
RGN R TR SR AR )

E&WHE
R T FRFBUH T ST G R R R S
S5 3k
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