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Abstract

In order to solve the problem of address resolution errors caused by inaccurate input of manual Chi-
nese addresses, in this paper, we first propose a LEBERT-CRF model which is based on the combi-
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nation of the word-enhanced deep learning model Lexicon Enhanced Bidirectional Encoder Re-
presentations from Transformers (LEBERT) and Conditional Random Fields (CRF). Compared with
BERT-Bidirectional Long Short Term Memory-CRF (BERT-BiLSTM-CRF) model, the segmentation ac-
curacy, recall rate and F-score were increased by 1.45%, 1.89% and 1.67%, respectively. Then, based
on the standard multi-level address data, an address knowledge graph database is constructed with
address information such as aliases and old names. Finally, a matching algorithm based on the ad-
dress knowledge graph database is designed based on the address data processed by word segmen-
tation and several possible error types exist in the address data. The address data after word seg-
mentation is matched and corrected and accurate address information is obtained. Compared to the
Chinese Province City Area mapper (CPCA), the resolution accuracy of 1st-level address, 2nd-level
address and 3rd-level address is improved by 2.12%, 2.36% and 1.12%, respectively.
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1. 518

H PR B A B I SR A SR ) EE KA 5%, T R SO BE AR AT L i B A A . R BT
HHEARMTHOAR, AR T R O A MBS S ARG, T o A b IR 45 TR S A (1]

HHT, Ko SCH AT SR 9 N TR N o IX PR N 5 N IR A T4 N\ & (0 ST 188, B 57k
HHE TR SCANIE I 553 A4 SRR S ) R, TS5 BTG ART 78 A7 55 1) /. AR RO 6 1] R P A2 0 B 2 X
e SR 431 LR AR SO BE S IEDUEC 77V

sk a1 SO AT S R I AT S o ARG R SO oA Uy v R B S I ICA 2] [3] AL
207 [4] [5] [6] [7] [8]5%. BEEIRFESYSIHORNKIAKRE, i Il ZREs T4 0 2% B IR [ 2 ST 47
SCAMAA N T AR SO AR ) R AT R . 2006 4F, SRR ARK I A A4 4k (Back Propagate, BP)f#IZE kA 48334 T
Nt I Haz 1 R SR 45 [9]. 2015 4E, Chen 25 KK 12487 (Long Short-Term Memory,
LSTM) FH - 32 43 4] LA K i) P bR VEAT 55[10] - Graves $ Hi 7 A K 46 330 12 #5784 (Bidirectional -LSTM,
Bi-LSTM)RERL[11], SR HS Bi-LSTM BAL S F T- b SO 45 [12] 5K 3-8 558 A UAE Bi-LSTM KAL)
Henth E5IN T 4L (Conditional Random Field, CRF)Z, #J% T BILSTM-CRF #i#[13], 3k sk
A$EH 7% LSTM (Lattice-LSTM)BER!, K irl 5 BAMA R T /750 H [14]. EEFEH TR TSR AL
FR{FER) Bi-LSTM #EAI[15], #t—P3T 1o X RCR . Jacob &8 A& H T¥ Transformer H4mtd 45 i
B RE 2K, BIEET Transformer [0 [m] 2 i fiE A% 21 (Bidirectional Encoder Representations from
Transformers, BERT) il it 4 [16]. Hul, H¥&H %S5 T BERT fllZkit 7 F¥tiL[17]. 525
L [18] 55 BUA T

[, A SCHUEEDT D 9 R T VRS T U AT UCEC[19] [20] [21], 1R/DFHEHL A ) 245 M, S EIT
B ik FE e T 2248 SOV B DT BC v B A . 9 T AR BRI, Bizer S NFRH T EE AU MR, KT
SR 2 AN [F) 2R (R B SR R RO, AR — AN DB K AR BT [22] . 2009 4, Akerkar 58 AF&H 1 1R
TEAEBARE R S8, AR RS (5 BAEETT R IERE[23]. 2 )5, Google IERIRH T 3T LML 1 %0iR
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KIS A, R ZEARINEH THER RS, & M MRFEEUHERZE. B2, Fanmid
FRANAERA P DL S S itk 1) 22 BEPE AR O 52 e 17 A5 30 70 K Bt bk DT O AT 55 B AR v

NT RV IR, ASCHEH LEBERT-CRF A4S, S i s bk E AT 401 o 35 ik 431 45 SR Al
T EAZAE R AR B RS E, SHEERRG . IHA . 4 kg T s S A A

N T BAEBRATT AT AR R A R, FRATICE A S s A E AT T SEIR IR . B JeAE TR S AT
-, FATTFTIR ) LEBERT-CRF IR G A A MR 10w & . REMARN: EaEz, JRZED,
K FAE B, BB E: BERT-BILSTM-CRF K84 73 5/ $2 71 1 1.45%. 1.89%71 1.67%: fE bk ILACAE 55,
A SCHE H I b A5 1 b 4 AR R 7E bl VT R AT 45 AR Lo S48 40 38T 3 X P AT #% (Chinese Province City
Area mapper, CPCA, https://github.com/DQinYuan/chinese_province city area_mapper) /T T EfE& 2.
P XEGAIHIE EMRI5ETE T 2.12%. 2.36%A1 1.12%.

AR . 3 A4 LEBERT-CRF A2 s 58 =5/ A 25 T Sk B 1 o SC bk A2 TR AR 4 B
Wi I RR T 5T AR AL g By e — BRI 2

2. EF LEBERT Rysh3zitbiik 4y ia4E 8
AT FEEA 4 LEBERT-CRF A f 8 fA 254y, LEBERT /25 CRF EM R EHNAEMNEH.

2.1. LEBERT-CRF =&
AP ] LEBERT-CRF KA R o SO IE G0 1r] (A 55, He B SRR S5 I 1 s .

blbL

LEBERT)Z LEBERT

A 4

SEREE

Figure 1. Structure of LEBERT-CRF model
[ 1. LEBERT-CRF #&&I%t#y

AW LEBERT M1 CRF ZWE /40, i N\ bl 255 8 & 3 oAl ik Al &4 A LEBERT
&, ik LEBERT JZi#i TS )5, /G M4 CRF ZHiH .
2.2. LEBERT &5

BERT #M{EIRZ HARE S AFATS TS 7 RIEGFRGE, ALEF SRS, T CaF
WCZ A1 A B R BT, AN AT, A E WD Z I RE SR, HRCR A, BRI RR
SR MO B SR AL BRVCAR R . VBRI 78 0 R T BVRHIE TR R HLAE BB A, Liu S8R
T R A RVC B 58 ) BERT #5%——LEBERT (Lexicon Enhanced BERT) [24]. LEBERT #i%i7f BERT
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e Ed RN T MRV IE 2% (Lexicon Adapter, LA), H1t 5| NiZialIC ial ik N A & . LEBERT ik
M nE 2 fs .

o ] e

Lexicon

Adapter
ﬁﬁ
Lexicon
Adapter
( BERT MLz ARiLE D)
?%‘)?FU VLAEC R 5]
\/
AT

Figure 2. Structure diagram of LEBERT model
[E 2. LEBERT #R &5 &

] M T 5% (R IR A B X 28 AN RETS R 7 12 T FRFAE SR REZ5 BRI R I AR AE . 45 € —
NFRFRFA s, = {c,Cpp o0, b o FFHFRFH PR EEAS T 4T B SCUF R e D paEAT UGS, PR T RE A&
BRI, AR LT AT - IRV . NSRS SR e 3 s

Bilinear Attention

hc x ws

1 i

Figure 3. Lexicon adapter
[ 3. RS RS

ARQ)PR, S @B%&H[ﬁﬁﬂﬁﬁ’]ﬂ SEPSY PN TR

LA(R 2)") 1)
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Hof, g RN LR AR AL e RoR L R, LA BRI, HRLR
45 2 R e ST VE B AT & 3, FLLE LR ne U ERAL, BAEI R,

23.CRFE

LEBERT A5 A4 A 284 Y0 (1) 4 28 7 H1 dEA 7 i H B, A28 ER TIMAR S PP B 0 B, 1 A2 i N 24 Tl
PRSI K% . CRF E5 AR 7 F AR FR 2 0 A, X FARE T A AR 2. Lh “7 RE
IR . R BMES 4atg 75, Hrf B Ronan & SRRy, E Ronn 4 AR 4 a0 4,
HHIER A AR M R, Bkl S #H7RIR. WIFR%E 541 9{B-province, M-province, E-province,
B-city, M-city, E-city}. LEBERT #52Y A] DUR &7 il il A [R12800) 4 SEAd, bedn “) RA 7 & T8 R,
FrLAFRic N “X-province” , T “JINTH” kRicA “X-city” o {HXF Ty A AENEBIIL R, KAl a4
SRR AR E M ORAMEAER RN . B, FTRES B TR BIARZE T B 5 A {M-province,
E-province, M-province}iX 28485, [Hth, FATE LEBERT #AZ /55| N T CRF JZ X 4 A HE4T4)
#. CRF J24d H 4 % BBl 4k 65 % (Negative Log Likelihood)/E 4ok s %, 76 I kit R i e /M %45 2
BRAL, R R EERIE S (2) Bk :

Loss :_Zlog(p(y|5)) @
Sdt, p(yls) BRAEAT s WIRE T, BEHOIRAF Ay = (yo vy y,) BB, p(yls) i BT
ARG
eZi(Oi,yi Tya)
pUM=E;aaE;J “

Foh, O, FRME | AMEAEIRE y, R, T,
TR 0 BRI 51

3. ETAREEN IS IEF 275 %

FEARNTRE S 1 H A SCHUIE R B A7 AR B R, SRR I A i R R P, RS TR
W 25 VeSO — B B 2 LRSI REM RS, fan it 70 i i SOt hE 34T I8 1R A 42, W] DA
U fiff R LRSS )

3.1. szl h R E]RR

HCHUIEZEH AT A, B NS I s A S SR A, 3 AR 2 bk A7 AR S S
REE B HURSE R O AE ) B R A B BB B B A IR IR A4
DY EIEE T

3.2. MR EE AR

M E G R A A RATEIX RIRE, Focbl R AN g5 Ai, B & (HEX) o). X&),
FHE(Z8). T ERPIGATEIX R, A SR 208 SOt b 2 A DA o DA b SR 380 (1 il . btk
T A 55 DY AT X RIME BRI, 44 (19 1H 48 b B 5K BGEUR A T AT IBUX Sl 28 S 3R H, 17 b X9 5]
LR FR R NN SRS . BeAh, AR A O 27 AL A S Il T 25004k . AR SCUSCAR I #5282
WEEIE 1 FTR.

FH T ZE AT X K1) by 42 HCHE B A7 78 B 2 10 2 R ), DRI e K g R 408 1 1 4T 185 DX R EC LB AR

Fon -1 RS RIS MR § &

i
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KE, BIAZGSHE - g T— E—ZSek]. 534h, mTalNTH4 . IHA5EME, FbahBuh 77 “ R
27 Tk - A AT AL AL SR - THAA— “THAT SRR R R = In . A
R 4 Frose 5350, MRAEMA B KR, SOESRRID A NRA S, <87 o “m7 . X7
w7 CIHA” BLE A7 o AT DU 3 X 2y SEpR S S ik 2 M X, H R 2 R 8
FAt 5 Ja BESATL I TAR AT HER

Table 1. Statistics table of entities and its amount

® 1 RERHEBEGITR

Tk 4 {1
Bk 34
DI 342

X 24 3029
fiE 43067
B2 34
IH4 62

Figure 4. Knowledge graph based on addresses information

B 4. ETHiHESEIAIMIREE

3.3. BEMEFEZRRIT

FEHLHE AR ES A @ 5 U, FRATIFEXS T SO SCAR P 5 BEAT 4330, SR B0 4336 i R ke 31
BEAT A AMEIE . ARG PR (A L SRS RIALE . AR BRI A B 4 I B AE), 34T
2, SRAANIF R UCHES E A BE, Kbk o DY g bk VCRC th ok o ARYE b SOk SCA AR AE 1 LR ] 2
FRATHE A8 LA DO Ao i R A 25 T R B A DO MUZ IE 7 58 AR OL P AT SCASRR BN . AT
HISC A A ARAR SRR FE R < T SCHRAR FAL DAL TH 44 590 4 A . FLIEACRAZ AN ) 5 o

IR X T AT S
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2oL 1A SRR Mk PR 5
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ARER
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HaR
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plEc(7SS REFELE N VLS
U GRARILH
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Figure 5. Multiple matching schemes based on the knowledge graph

B 5. BT HIREEH S MTA R

331 ERFERATEINXERERELR

BB FH R A BIRR S b b AT A, S5 RRBUFAME—, st R AFAEA R A s O, JF
HAFE T — Gt 4 SEARAEAE DL RAZ P A T St 44 NS PR, T AR AR — 2 g it 44 3t
ITHBMESLERFNS, RIG AT LU AIZIC R0 BEATICHED, Rk K AR AT 2t 44 UL HH ok

332 EREATHINRBEHEHTREEE SR

BB A A b 42 B 0 B B TR AT B, A5 SRR A —, (EERR AT — R, HEERT—
G HANLRAFAER, X P LT LA 24 50 44 DLR R AT i 42 M R SRS ot FIFIR A SRBEKE RTE
bk R0 PR HR oK SR 1) AT ekt 4 SER DT FE oK o

3.33. BIXERELERS R

BB S R 0 b S SRR Bk, FLAR S S A S AL P 8 i o 4% B S0
VU 122 btk S (4 44 7 22 B0 e R EAT DRI, 5 T T B 52K ) 3th 44 SR DT IR HE SRedE AT #h 4
3.34. IRRANBERF R

U BEAT SEARIL RS S, R RIMR “IHR” B “H4 7 MSER, F0A 75 B0 DU H 0 SEAR
KB “JR47 SRILELH K, REFRAXA “FH4” BE L EERE.

4. SCISLER S
AT FRATIEH ) LEBERT-CRF AU 31T 5256, HRid it sL36 i 2 1977 RIEAT X EL A #T
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4.1. HIRALTE

BRI ZhR I Bt 2 vh SOk i, SIS OR I 00 AR sk rh SO Bt AT U 4R, IR Bdim g b
(1 80%1E NlIZREE . 10%/ENISIESE AL 10%/F itk mi k(5 290 KA P Badh, AT ATTIL
Hatde. EhbEE T, BRSO AR E R 2 FR.

Table 2. Tagging elements in Chinese addresses

2. PUhREER

KHE 5 1] 1§
—PATEIX R ) )
ZHATEUIX K W, X, JEM. 3 ]I
ZHATHX K X. B, B, gns, i HERIX
V9 AT LXKl i IR HTTE
HRATEIX K FIX UNEPIE Y

% 2 ST = N 5] Y1 7 %

I () T B BT 2225
M PREY AEINIYN = TN

77 18] R K. MR

AL 1] s 100 K

Blyid] iz, O
it e “”

T ERAPIAREZZMN, KA SOML B AT Uy, W0 TR T M TR DX R B 4 18 BT
PEREEAL 222 SHGIX 108 2 Y0539 T ARART NI IR ER X 7% B 4 1 ) VP 161222 51916 1X /108
J27 o AR T HhE R 51 BARTETT 9 BMES i, £EXS _ESCHE R BT BEAT bR S BORRE 51 B,
M,E, B,M,E, B,M E B M,ME,B,MM,E,S,B, MM,E,B,MM,E,B,M,E}

4.2. R

FAME A W &AL Skip-Gram [2511E AR M R 5, 16 W =45 N 200. AR H A LEBERT-CRF
RIS H AN 3 Fis.

Table 3. Model’s parameters

= 3. REBY
ZH 4 H
Transformer |24 12
ERRAE 12
= /12 Dropout % 0.1
IE YN VAR INGI=¢ 512
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seAh, AR GRA I A SR 4 P

Table 4. Model’s training parameters
4. HENIGSHE

ZH 4 {1
A 0.0001

34~ GPU Il Zxitt = (Batch) 16

YIZkFe £ (Epoch) 12

A LEBERT-CRF 7 () 5256 P4 45 /& torch 1.6.0, Transformer 3.4.0, TensorFlow 2.3.1, wfEif= A
Python 3.7.0, JF&¥f$iy PyCharm, HAK#i 4 NumPy 1.18.5. skicit-learn 0.23.2 %5, 1 Fi (134458
N: 56 #% CPU ] Intel(R) Xeon(R) Gold 5117 CPU 2.00 GHz; ¥ 64 G, GPU “}y GeForce RTX 2080Ti.

4.3. GERIILE

FEARTT, RSO LEBRET-CRF AL 73 G5 BEAT 1 v ST k3040 7 1) S 96 DA 25 TR B A s kA2 1
Hh A S

4.3.1. H3CHit RS IR

FEH S O3 1] 8 i 44 SRR AR S b, A = AN RE R PR FR bR #ERZE P (Precision). F-{# (F-score)
J A \#% R (Recall).

TRATTRE L0 J LR b SC AR B AL BEAT T SRER T B, A 5 FR.

Table 5. Results comparison table of Chinese segmentation experiments
= 5. PXTARBISLIN LR R

Ay HERIZE P(%) # 71 % R(%) F 1E(%)
HMM 84.68 82.88 83.77
BiLSTM 93.47 93.47 93.47
CRF 95.59 95.87 95.63
BiLSTM-CRF 96.70 96.70 96.70
BERT-BiLSTM-CRF 95.72 95.34 95.53
LEBERT-CRF 97.17 97.23 97.20

MFe 5 ATLUE H, AT HARBR, ASCHE K LEBERT-CRF MR R . fEHEMZ. H R,
F{H_E A L BILSTM-CRF A2 43 425 1 0.47%-. 0.53%LA f& 0.50%. 4512 % F 5T BERT Tl
YIZRIEALY) BERT-BILSTM-CRF #4Y, fs] 6 s, ATTIRHH LEBERT-CRF WG HEAL, 185 i) i 1)
FINE— BT T 4 ORI ALE AN IR R IR T BERT-BILSTM-CRF A58 o i 24 7E HERf 22 |
HWEFRL M FAE L, B M % BERT-BILSTM-CRF 70 IR TF T 1.45%. 1.89%A1 1.67%.

AL, MAIZRi ) _Exf ok, BERT-BILSTM-CRF HE7E GeForce RTX 2080Ti HutZ 0 b BAANFEIK
SN 2k 1R Ry 617 AP, TiASCHAY LEBERT-CRF T4 BERT-BILSTM-CRF 74 2% 4 1 XU ]
LSTM )z, PRICIZRI KRG, FEAH [FSe 30 3R B N AR IR )~ I SR [ Dy 462 70, IIZRAAEZT N
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BERT-BILSTM-CRF A4 1.33 .

—&— BERT-BiLSTM-CRF
~>¢~ LEBERT-CRF

2 4 6 8 012
epoch

Figure 6. Comparison of F-score between BERT-BiLSTM-CRF model
and LEBERT-CRF model
6. BERT-BILSTM-CRF ###!5 LEBERT-CRF #2&!f) F {ExJLL

4.3.2. Hihtihe

FEFE T FIR B X S bk (S TE AN A SR 00 , FRATIASE FH ) 00 4R 2 225 ol Ak 2 11 50 4 4 B AL
LA 5000 2% bl SCAEE , RATEIT I R 514, R PESS 7 2R bl ST 15 B AN 4 2 3 6 1B
SERE I A S O £ AR 25

BT AT S bl E B BB IEAN 4, TETF RUCECHER 2R P i, FRATH IR 5 Gttt i) T
T AR 50 717 S b kB A (R DTS AR AT TH . PR TR R A X 4 s
TP
“TPiFP
EARFORME G FE— SRR VTG k2 R DU S

FATXF A SCHE H () Rk iR B DA K Tk PR FC T 5 CPCA X 4% 2R bk () D R 45 k47 T %f L
A, IR WK 6 .

p (4)

Table 6. Results comparison table of address matching experiments (p-value)

= 6. Ml LA SLIREER XL R (p 16)

Hb k25 1) LEBERT-CRF CPCA

B E AL 99.04 96.92

T ik i pr 97.88 95.52

(X L2 ik 7 89.94 88.82
ZARATIE R b AT 13.70

5. B4

AT SRR b SCHBE DT RE AP 4R 55 B A, 32 T LEBERT-CRF KLY H T b St ik 33 I A 1
RIFRCR . RJGASOR S & 218 SRR, SEEl 7 b Sathb B IE4h 4. Hodr, A scitthik 734
RS AR EE F R H A RSB, R BIRIFR UL FESAECRIETE, E T LEBERT-CRF

DOI: 10.12677/csa.2023.134080 817 THEAURF 5 R


https://doi.org/10.12677/csa.2023.134080

FHRE %

A AR A v S Ik o 3R] T L A o AR SO R Y R TR B B IEVEEC T %6, BEfSE NN B Ak
Rt bl SCA R R, HR] DAE CRFFEAF PR RER RT3 T, S8 N b [T RS A2 IE bk SOAR
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