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CFGT:A Lexicon-based Chinese Address Element Parsing Model

HUANG Wei, SHEN Yaodi, CHEN Songling and FU Xiangling
School of Computer Science(National Pilot Software Engineering School) , Beijing University of Posts and Telecommunications, Beijing 100876,
China

Key Laboratory of Trustworthy Distributed Computing and Service(BUPT) , Ministry of Education,Beijing 100876, China

Abstract As a key step in the geocoding process,address element parsing directly affects the accuracy of geocoding. Due to the
diversity and complexity of Chinese address expressions, two similar address texts may be completely different in geographical
representation. Traditional address element parsing based on dictionary matching cannot handle ambiguous words well, thus
showing poor recognition accuracy. A lexicon-based Chinese address element parsing model CFGT :collaborative flat-graph trans-
former is proposed,which uses self-matched words,nearest contextual and other lexical information to enhance the character se-
quence representation of address text, effectively curbing the ambiguity of address text expression. Specifically, the model first
constructs two collaboration graphs, flat-lattice and flat-shift, to capture the knowledge of self-matched words and nearest contex-
tual words for address characters.and designs a fusion layer to implement collaboration between graphs. Secondly, with the help
of the improved relative position encoding,the enhancing effect of word information on the address text character sequence is fur-
ther strengthened. Finally, Transformer and conditional random fields are used to analyze address elements. Experiments are con-
ducted on multiple public datasets such as Weibo and Resume,as well as the private dataset Address. Experimental results show
that the performance of the CFGT is superior to previous Chinese address element parsing models and existing models in the field
of Chinese named entity recognition.

Keywords Chinese address recognition, Lexicon enhancement, External information, Named entity recognition
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Fig. 1 Lexicon-enhanced Lattice structure
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Fig. 2 Lexicon-enhanced Flat-Lattice structure
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DI A B & 1 % S, B R g S A B I S T A
R (Flat-SMWs Hl Flat-NCWs) %} 7 1) 32 5. & #£ 47 M #%
Ak, ¥ 22 7 A 28 B A SF I & Flat-Lattice PA & Flat-Shift, H:
W I B 38 I A X7 S T A5 R R R T {5 S A T A A
B A5 3007 5 BURY E S R AR E WD BD R, . ARJE AR
IE Tl A5 e 2 A0 T 412 TRURRE HR D P 2 TR Bl iy 1 1) 7 T
PEEr i A, 5 R 0 R e AR kA A A3 B R A A
RAE . )5 B A XA B B R AF Rl G A5 B A5 B 1Y SR AT AR
g Tranformer-xI"7 f) iy A, Yl 5B 7R st o SC i ik 90 47 29 2%
HIEET 2T
3.4.1 RFFHBHAIERR

TG AT AR OB H A FH 07 R AT A B SR 43 3 Al ik i) <
eGSR SCFAE R . AR R UL, S5 ST 3 Fh SR S B4 R
EA 0~255 IR 20 24 X 24 MG ARG % B EH
24X 24 X 3 Yk A REAE 1) A e Akl — 4 1) O R 4E L 15 B
FRHMFER A, FRAFMERRSENE 6 1Y Glyph
Module #43 Frs .

3.4.2 R FHFHIEFEI

P HEAE 452 BUBE BRI T I 6 pypinyin A BT B9 F
Fe, AT 1—4 (T 28R U0 1 7 R 3K L B Jn 21 B
PR R ALFE B — A SRR T SRR R
CER R LR L RAR TR KR LR, B
FRAE PR AL #2327 CNN 2% 3 5080, 4n & 6 1 (% Pinyin Mo-
dule #43 i 7R .

4 ZRE5HH

4.1 HIE&E
SCUG AR FEHG TR AN 40K CNER £ 419 5 A48
£LIFR, R 1FIE T &5 E WS8R, & 84 B
LI R IR TE4E K 4R 1 A F R A AN E
F1 BIRES IS

Table 1 Statistics of datasets
Dataset Type Train Dev Test
Sentence 10500 3500 3500
Address
Char 213500 71100 15100
Sentence 1400 270 270
Weibo
Char 73800 14500 14800
Sentence 15700 4300 4300
Ontonotes
Char 491900 200500 208100
Sentence 46400 — 4400
MSRA
Char 2169900 — 172600
Sentence 3800 460 480
Resume
Char 124100 13900 15100

4.1.1 Address 3 #% £

FT e S i 2R A 2 03 B O L SR b v A bk T
W R XA — 5 T, B T SO hE SO B AR TAERR
PRI & 30 7 5 b S bk A TR AR B A X BE = . O T PR AN BT
PRSI0 A ik B LA K AL NER AT %5 b A9 A 250t TR B
h HA B 5T 26 B 43— A ob SC s Bk B e L AR SCR B
AT — 0 09 b SCHL BEBCHRE 4R Address, JE TR 45 € B
20027 Z% 4[5 4% b 0 Mk B8l L 64T 3 A8 N AR RN AT A, O

D https: //github. com/hoppyNaut/Address_Dataset

BT UE T 2577 RAFAEME (AN AN TR A EE S
GE) Y ML RO L B AR B T 17450 % 1IE 00 b5 v 19 4 [ M hl
o, BUREPIAE T 20 bk B R SR, h Tl
5 UE B 000 38 B8 A A B0 AR T T2 o b ik AR i 60202
F A BE AL 43 A Il 4 36 IE 4 R 4R

4.1.2 NER A E# 3%

S T VAR A% AL AE R [ 45038 00 KR NER $098 48 iy &
L TE 4 A iy 4% SRR ) A B B e 4 b BEAT TS0 R
Weibo %), Resume(Zhang Y and Yang J.2018/)), MSRA™,
Weibo $U4f 45 i 1 1 ok A 4 32 8 A, H o
% 4 22524k . PER, ORG, LOC Ml GPE, Resume 035 4 i
EORL Sk BT IR W 2 i £ T #CHE L {2 & CONT, EDU,
LOC. NAME, ORG, PRO, RACE Ml TITLE 8 b 52 {k,
MSRA Al Ontonotes4. 0 1435 ¥R A T 51 B 44l , H 1 MSRA
1% ORG, PER, LOC 3 Z£3:1£, OntoNotes4. 0 {4 & PER,
ORG,LOC,GPE 4 252k,

4.2 XWIFE
4.2.1 AEHER

BT WAL CFGT #8 R 7E i SC b ik B2 R A AT 4T 55 LA
M HMM 5 BiILSTM-CRF 15 b ZEMERI R gE 47 1 X kb 5
8. HAp L HMM 8 F L3 ik, i 2 F IR B % 2 1) BiL-
STM-CRF #5712 H fif 3¢ b ik B K % b SR 9 SOTA #i
A, B+ HMM 5 BiLSTM-CRF Jf 5k 51 A Sk /) 18 15 B ik
TR, DA S2 86 P ik CFGT 5 CNER 478 &% 15 JL4E 42
B3k F R 1 5 A9 7 3k AT X B, W0 Lattice LSTM™Y,
CGNPI FLATM2 48 Hoh FLAT J& 2020 4F CNER 45 35 (19
SOTA KL, WAh, 5 TIEW CFGT 78 CNER i3 B4 [7) ke
MHEBEIR,FIA T HRTZ A SOTA #8 LEBERT /£ K
FE BT R AT X L 5286, LEBERT 38 5 i) $i3@ W2 J2 95 40 38
YA 0 IR 4 A B TIN5 455 8 BERT B9 )2 P, SE B T 7 4%
FERESIILEBMRER S . A0 BERT+CFGT i1 5
LEBERT #47 It % . £ J5 ¥ BERT + CFGT 5 BERT L K&
BERT+FLAT [0, R B IER & 5 BERT M &k, Sk
rh T A P T SR vk A AL R A ) RN 3R] ] 5 S
BRC21 AR
4.2.2 MEH

KA SGD 4k 2% SR AT 88 B T e, Hovp, 2 3] R oy
1X107%, iRy 0. 9 e RN LR ik & 2 100, HEK KN R
103 5\ 4 AU T 82 19 Transformer Encoder, £ 2 3k B 1
BAORRRET 8 MEE Ik, XESHTE A HIRE -3k
A—FL,EMRESE T LSRR TE, T2
T 4 i B A9 52 0 L 31t XK ZNVEE Ontonotes #1 MSRA $t g 4k
BUEN 4,

4.3 ZLHHERE

F 2 TR F BRI FE Address BUHR4E F RS IR EH
GEIRW R G B SR AL F1 R ORE | TR
PRI BB, 5 78 40 UE W T 3R 45 B A R R AR R R L, et
ForhCb ik 2R WA S5 A EEAMER, CFGT &AL fE

Ontonotesd., 017,
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Address 954 L A5 T & & 19 1 51 K (Precision) . A 1] %
(RecalD Lk & F1 43 %, AH L T 76 v 3C b bk B2 3 A A7 450580 119
SOTA #i# BILSTM-CRF 433l #2 & T 0. 26 %,0. 39%,0. 32% ,
A SCAIAIAE Address B0HR A T 1998 05 91 1 A BRA5 50 W] WL 1Y
T, X EE SR T Address B4R 4 I8 F /N EURS B 1 5008 4E
Horb A R A D TR A R B 1 T 43 B0 3 e

2 AREFBRIALE Addrress B0 5 i S 56 45 7

Table 2 Experimental results of different models on Address dataset

Models Precision Recall F1
HMM 0.9337 0.9343 0.9332
BiLSTM-CRF 0.9680 0.9681 0.9680
Lattice LSTM 0.9704 0.9715 0.9709
LGN 0.9678 0.9679 0.9678
CGN 0.9698 0.9713 0.9706
FLAT 0.9697 0.9711 0.9704
CFGT 0.9706 0.9720 0.9712
BERT — — 0.9712
BERT-FLAT 0.9731 0.9746 0.9738
LEBERT 0.9725 0.9746 0.9735
BERTH+CFGT 0.9748 0.9751 0.9749

£ 3P T AFBRTE 4 4~ CNER SEdE 0 4E Ly F1
G3E Hoh x 3R Y H S SRR SCRC21 09 18 s 47 R R
FREACID AR B0, R BT LG L CFGT M7 4 4>
CNER E: #5454 T b BILSTM-CRF L) & A 3 T §7) 14 5
HRE AL R B 47, A4 T BILSTM-CRF DL} Lattice LSTM,
ZRRIAE 4 A BE % L0 SF Y FL 2 804y A 3. 10%
1.74% 0 TE. W M B T FLAT, 3% # 8 £ Ontonotes,
MSRA, Resume ¥ 4E4E 19 F1 23 80H 3T 78 Weibo %t
WA RS 126 % B B4R FH. M4, BERT + CFGT £ 4
AR E R RBEBIE T LEBERT, bR S05 45 7 7% 4
BE T CEGT A58 A MR BE A4k B CNER AT 45 b B9 A 5%
P, JF B BERT+CFGT £ 5 805 4 1 908 5 2 B 3iE
T CFGT Bi#l 5 BERT A B IFmy 3R A1,

# 3 FE 44 CNER RAMEHIEE LR FD

Table 3 Results on four CNER benchmark datasets(F1)
Models Weibo Ontonotes MSRA Resume
BILSTM-CRF 0.5675 0.7181 0.9187 0.9441
Lattice LSTM 0.5879 0.7388 0.9318 0.9446
CGN 0.5966 0.7479 0.9347 0.9412
LGN 0.6015 0.7485 0.9363 0.9541
FLAT 0.6032 0.7645 0.9371 0.9545
CFGT 0.6148 0.7652 0.9376 0.9550
BERT 0.6820 0.8014 0.9495 0.9553
BERT-FLAT 0.6855 0.8141 0.9546 0.9586
LEBERT 0.6878" 0.8087* 0.95417% 0.9609 "
BERT+ CFGT 0.6970 0.8201 0.9549 0.9658

4.4 HEAXL

R A5 38 5 9 fl S 58 Ok 58 9IE P Ff Flat-Graph 45 #9 5 o oF
) AF X A7 B 2 8 1) A R
4.4.1 FBERE

B T LU X bR AR SR HE AT I Rl SR 5. (1) w/o FL: R
¥ Flat-Lattice 458 5 (2) w/o FS: A & Flat-Shift 4544 ;
(3)w/ ORPE(Original Relative Positional Encoding) : {fi Ji &
P HE B AR X7 B D 5 (4 w/ output-fusion: 43 B8 B 4> Flat-

Graph 2544 A9 AH X7 & i i 5 A Transformer Encoder H7, Ff
WA L S5 R TR S, T Address BO¥E 4 DL &
Weibo $#f 4 R AT Al £ A 19 R L
4.4.2 FWmLER

AN TR R RS AR SRR AR R Y] T
JETE Address 52 Weibo ##4E b, BB BR Wi A Flat-Graph 45
T4 B AT — i AT 2% 3 OB AL M BE 1Y T B (EL PR 4 4 1 AR
AT, £ Weibo #4245 b, B B} Flat-Lattice J5 5 4
F1{H TR T 1.07% i # BR Flat-Shift J5 #8649 F1 fH T T
0.58% . BLHF, Flat-Lattice (¥ # % P2 BE & T Flat-Shift, 3% J&
2 Flat-Shift %5 44 75 17 {5 & 5 58 o & #5809 J2 5 B 76 .
Flat-Shift 5# 32 1] Tl 3k s | F SCRNC A8 LE B, 4
‘B 5 Flat-Lattice Z5¥ UMER A B T #0401 e 3 R 3¢
TE R AT A b 3 & 7 I R A 8UR . B2 Flar-Lattice
SR AT SRR A B G SR b N 4% 2 b L, PR AR 5 Flae
Shift BRI W& 55 T 5250 ] Flat- Lattice Z5 M BIRUR . F
Address ByE 4 b Wi ff Flat-Graph 45 4 19 2 880 A1 22 L.
BRI F1H AR5 T 58 BB AL A A2 O BR AR, R, ik
B9 KR AT oz B 2 B 0 AT RCHR R TR BN B P B L AR X T LA 9 A
XL 4 i . 7E Weibo BUHE 4R I F1(ERTE T 0.58% . #elm
i X FP Flat-Graph 45 #4 28 34 Transformer-Encoder f
iy 4 AT Rl G AR AR X 7 B g A il G I A D AE TS B8 R
L0 F1(E T B KR BE Y T B L 7R Weibo B4R 4 RIS
JuH B R, 3R B g HEAT RS 0 75 SR TR Z RS
AR AL B G B 5 1 77 158 TR B Rk G T DL 4y A 23k
H R I HLHI A R Be Ty I X PSRN AE BT R .

4 HESEEER

Table 4 Ablation experimental results

Address Weibo
Models
P R F1 P R F1
CFGT 0.9702 0.9722 0.9712 0.6464 0.5841 0.6148
w/o FL 0.9703 0.9719 0.9711 0.6555 0.5598 0.6041
w/o FS 0.9703 0.9715 0.9709 0.6610 0.5646 0.6090
w/ ORPE 0.9702 0.9720 0.9710 0.6033 0.6148 0.6090
w/ output-fusion 0.9693 0.9714 0.9703 0.6299 0.5741 0.6007

4.5 CFGT-gp RELEHER

AR TR AS B DE T 15 B4 A8 T B8 Y 52 W, 38 HiE
TR CFGT(RFIE LBt &5 ) .CFGT-p(B B I 5
B AR MPEEE B CFGT-gp (% T8 e B & {5 B . ¢
06 3L F I 5 A/ NER SE £G4 Weibo Fl Resume #£ 17,
g 5 g,

# 5 CFGT-gp #5514 fh 52 56 45

Table 5 Ablation experimental results of CFGT-gp
Models Weibo Resume
CFGT 0.6148 0.9550
CFGT-p 0.6222 0.9559
CFGT-gp 0.6248 0.9584

SE AR RN L CFGT-p MTERERBLIL CFGT B4, ik W]
T PHE AR BRI A &M s T CFGT-gp fERG FIE M BE& 15
BJR R T CFGT-p, fEW MK E A 5 B3R T R
B F1 AR5 R TR AR BEn B A ok
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