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Joint Extraction of Entities and Relations Based on Word-Pair Distance Embedding and Axial
Attention Mechanism

ZHANG Mengying and SHEN Hailong

School of Science, Northeastern University,Shenyang 110819, China

Abstract The joint extraction of entities and relations provides key technical support for the construction of knowledge graphs,
and the problem of overlapping relations has always been the focus of joint extraction model research. Many of the existing me-
thods use multi-step modeling methods. Although they have achieved good results in solving the problem of overlapping rela-
tions, they have produced the problem of exposure bias. In order to solve the problem of overlapping relations and exposure bias
at the same time,a joint entities and relations extraction method(DE-AA) based on word-pair distance embedding and axial atten-
tion mechanism is proposed. Firstly.the table features of the representative word-pair relation are constructed,and the word-pair
distance feature information is added to optimize its representation. Secondly . the axial attention model based on row attention and
column attention is applied to enhance the table features, which can reduce the computational complexity while fusing the global
features. Finally, the table features are mapped to each relation space to generate the relation-specific word-pair relation table,and
the table filling method is used to assign labels to each item in the table.and the triples are extracted by triple classification. The
proposed model is evaluated on the public datasets NYT and WebNLG. Experimental results show that the proposed model
achieves better performance than other baseline models,and has significant advantages in dealing with overlapping relations or

multiple relations.

Keywords Joint extraction of entities and relations, Axial attention mechanism, Word-Pair distance embedding, Table filling
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Fig. 2 Overall framework of the proposed model

3.1 EHENX

BE—DKERNLWATS= (o) BEHM—AHE X
KERER={r) ,‘5‘1,3@%%*3%/%%&;%\1?\ o AR R
GAEAE S 0 B AR A S Rl B BT A T AR R = oo A

={(hyorst) 1y X BLR, Rl 43 AR 2R 3k SR R0 R 21K, o

FRENMZEMLER,
3.2 REBERRKEE

A SRR e 26 2 R B A K F A I — A R BRI R A%
TLFE 1 b 25 B 2 R UE X S 1A X 9 A R [R) Ao Al 22 5 i
REZLRMME ., PR T XM REH 2 &
BB T &%, LAl F “John and Edward Thomas are
from New York City, USA” R #], Al FH & &8 =0 HFH .
(Edward Thomas,live in,New York City) , (Edward Thomas.,
live in,New York), (Edward Thomas, live in, USA) ., (John,
live in,New York City), (John, live in, New York) il (John,
live in, USA) . %4 7 M) FAR B A R WA 3 P

AR ST HE I A BLFARZE 3 LT 5 Rl & 288

DMMB Hil MME - §1- 36 3k 5 1 A1 2 55 1% 24 J 2 1] 2 1l 1
TG o PIAN B3 2 4 500 F T it Sk S5 4 5 2 S 445 199 F &y 30 o) 1
SERAA RS R S AL A AR S 2 % OR8] 4n < X A Hh g
#M = 6 4 (Edward Thomas, live in, New York City) fl
(Edward Thomas,live in, New York), a] L& H 4> = Jo 4l

B S S AR S AR 1 S 22 9] 4H Y S AR L TR I AE 56 R OK “live
in” B FE FeAg L A X (Edward, New) £ #% b1 i & MMB, i
i) %t ( Thomas, City) il (Thomas, York) ¥ 2 #i ¥5ic s MME,

2)MSB Fil MSE: §t X 3k 5 4 /& 22 18] 40 Ji i) i 2 55 1 o2
HA R S T . 40 % T Al B = o8 4 (Edward
Thomas. live in, USA), i) X (Edward, USA) 25 8 ¥ ic &
MSB, Tfii i %} ( Thomas , USA) £ ¥ 4 ic 9 MSE,

3)SMB Fil SME: §t X 3k 5 44 f2& A~ 3] 20 J 1 15 e 55 1k
JEZ AR TE . B %A b B = S04l (John, live
in,New York City) #l (John, live in, New York) 1M & , il X}
(John, New) i {3 & 23 # b5 it & SMB, ifif i1 X} (John, City) #l
(John, York) iy fi 8 ¥ 2x i #75 ic Jy SME,

4) S-S 0k Sk SR R ST A 4 el AN ) 2H R 1 O .
Bl 4n 3¢ F 47 F B A9 = I8 41 (John, live in, USA) , i) X
(John, USA) 2 #itric i S-S,

5)-: Bk L3R B 0 A1, 3 v BT A L At i SR T A% % B A I2

of A% TR 45 A L 3E e 1E 1R R R4 ROk R I =04 .
E 7] 48 % % 7% 43,45 . MMB—MME, MSB— MSE, SMB—SME
S-S 1 # K B . MME > MMB, MSE — MSB,
SME—>SMB, XfF#i4] i) SEO 1% I , 41 = JC 41 (John, live
in,New York City) I (John, live in, New York), & F IF 7]



KA k- SF  DE-AA  JE T3 X0 BE Bt A R0 i 5 3 5 AL A S AOG R R i IR R 237

18R NE YA I B3R %) (John, New) 47 28 SMB I, 1R 32 48
KPR S ) B)37 X (John, York) bR % SME, i i 1
RMFEHEHR X T8 T % =84 (John. live in. New York
City) i8I . 450 52 1] 48 2 6 A% 58 18 AR IE X = ST 241 4 i 4
R EEM,

AR S A T2 S S A A T2 K B Sk R S A T Bk AN 85 R 1Y
T % G TR %) DR O A 0% s T R I LR A M XA R
fEifb T st B2 . [T, 3% 7 36 AT LAAR 4 M Ak 3 & OC &
M, X EPO B . Al it A [ AY 6 2R 6 2% o £ 4 L,
X SEOETE , an SR Wi~ = o v 9 5 R AR AT 3 3 A [A]
B S 2R 0% B 28 R AT A D 5 200 SR % R AR [0 {EL T2l 1 1 R B s
RE &, 55— SCAR A 26 AN [R) A9 i1 03], DR IR SR T DA AR 3

New York City . USA
John SMB SME SME S-S
and
==r- Ty N
N
\
Edward MMB b MSB
|
T |
\
Thomas ‘o_| MME MME MSE
Bl 3 ks R B
Fig. 3 Examples of table filling
3.3 mBE

ARG AR AR R SRR, AR A BT Y ) 1 SOREAE
FR ARICR 3 F Transformer 428 # Wil JIl 45 1% 5 BERT
MR N iy AR T HEAT R AD 00, BRI L X TR AR T S=
s b BRI 8] LR X IER R H={hy,
By e by b BARTFR RN (D IR

H=Bert(S) (D
3.4 FAGRXYEE B ER O\ AU RS AE A AR SR

S ARAR AN IR Z R B 56 R RN R R AE DF B 1B =
SFFAARXS Chy by ) s T S8 b, Fin ;432 W8 5L — 4 J3 17 R AF PF 42
SR 25 2k 2 i R R R by BRSO Fros . 3T
— AT WA AR — A e R R TR AR IR A
BT — A Yk SRR AR L B IE 2 g T,

hy; =W, [h; sh; 1+ b, (2)
o W R by R nT IR 00 2 800 B R R B R Ay € RY L d,
F R BRI 2 4 FE KN

XFF—ANTEB0 A = 0L 75 38 5 A Sk SRR S 1A
A S [ — S AR, HLAE R 22800 ok 85 v, W S e 22 I g 4 5 5
KRG RN, MRS RRTAT 1., Hik, Y
i 5 ) A R X I S Al /DN ESE R D 43 00 R Sk S A R R S
B FF 46 0 SR G R LT o, BT LD 5 L i) 5 iR

{ATI s L9 °°°

Z (B B 56 Z2 X6 AR X BB B R B5OUR% 0 L DR U AHE B REAE A B
BE— B R X 56 R R A RHIE R R . BRI E R = (3)
B «

l; =W,tanh(drop([h; ;dy; D)+ b, (3)
Horbod; RoREE | LB NG G L E X Y AR XS BE B AW, F
by 2 T YN 5 11 2 50 B R i 5 1) ko Rl 3R 0 R X BE ik
AW RRFEIR AT
3.5 ETFHEEZAIE M RFELGEER

B IR AE RN R 5% IR 3R 2 TR — SR TR AR
J8OCFR L IF A RO R G R T Y AR AR B AR SCHR T e
BT R R AT A Y — R N O kT, AL 3 h R
& S 78 09 ) F T DA M B0 Sk SE AR R R S ik 2 A — A R
AR 2 A1 O T B L B RN 48 SR B iR R 25 6 T TR —
17 IR —F B R — 7, HLAE A R AR B AR IC 2 B A B i 1 1
SR FH Al ) T 38 00 AR R AT AR G A IR TR ASE AU 1 R AL B R AT
WHRERE, HERT PREMNMCRERL MHET
A7V B AP TE R D 0 Al B R R AT A = (O
J 7R ;

Att,oe =Multi Head (L; stow; s row;)

Att =Multi Head (1 scol; scol;) (4)

ay; =Atl oy TAllg
o, MultiHead 7R 23 A & & J1 0L S row, Fcol; 43 54X,
RH AT 5

2% F R Gy ) A0 E IR X K 10 X O R R AR Ll
T6) 2 2 0 ML) B e 25 Ry ROXE R T 1) L Bl i) T R D AL
B L 6 S AT DR AR B B Y R R Ho A B4R
J2 A RS E G R TR B RAFAT . s (5) BioR

t,(i.j)=W,([a;l;sa; ])+b, (5
Hoh, r € R R FEEAFEE R C R W, Al b, 53 i1 J2& AT I 25 iy AL
T [ R Il i 52, (05D € RVCLC RN AR 1 5L
#,xH C=38,

3.6 =TAERE

BT 06 R E WY FRAFAE L O 3R P B U T A E AR 2SS
G Gy HRIRIERR r TRDG, ) ALE 118 X 7E %4 A
FRZE T BS54, W F softmax Ml argmax bR B HE AT W00, 1] 55
K=o P (e C,

P, (y:;)=softmax(t,(i.j)) %)

Table, (i,j) =argmax, (P, (y, ;) =01
3.7 BEKEH

AU A5 % R BIOE SCANE -

_ 1 SIS -

Lapie = LXLXIR| %41 1%1 I%zllog(y, (is7)
=Table, (i,j)) N
Hodr, Table, (i) FRFF r FERA G, )00 E R bR T

BTN 45 2 oy, (20 ) B 7 B I LSS AR 28
4 KBWRERDH

4.1 BEERTMHER
TEFAS 2 68 0 1 28 TF B 4 NYTHY Hl WebNLGH>
VPG A SR AL o NYT B8 4R HR 2 29 B R R R 3 S



238

Computer Science THEHLEL2  Vol. 51,No. 12, Dec. 2024

7 A5 W B A O A A WebNLG 4 46 72 48 F A SR 18 5 48
155 . AR bR 1 bR 0K [6), BT A 088 48 4 5 T A R
A D BRI SR 09 S5 S5 — A BT 5 2) AR T A SR B R
B — AR B BRI 8 NYT * Hil WebNLG * K45 —

AMRA B EE H 08 NYT il WebNLG, 1 4h, Jhy 3£ 45 84
PR e (B R R WL E X R) WRE S A Sk — 6
BB RN T op & = U A B W RO T T PR
e A NBHREMEM SIS R E 1 g,

®1 HIRENGIHER

Table 1  Statistical information of datasets
Sentences Overlapping relations Number of triples
Datasets Triples Relations
Train Valid Test Normal SEO EPO N=1 N=2 N=3 N=4 NZ=5
NYT* 56195 4999 5000 3266 1297 978 3244 1045 312 291 108 8110 24
WebNLG* 5019 500 703 245 457 266 171 131 90 45 1591 171
NYT 56195 5000 5000 3071 1273 1168 3089 1137 300 317 157 8616 24
WebNLG 5019 500 703 239 448 256 175 138 93 41 1607 216
* 2 KNFEEESE F SIS AT L
Table 2 Comparison of experimental results on different datasets
NYT* WebNLG* NYT WebNLG
Models
Prec. Rec. F1 Prec. Rec. F1 Prec. Rec. F1 Prec. Rec. F1
CasRel 89.7 89.5 89.6 93.4 90. 1 91.8 — — — — — —
RSAN - — — — - - 85.7 83.6 84.6 80. 5 83.8 82.1
ETL-Span 84.9 72.3 78.1 84.0 91.5 87.6 85.5 71.1 78.0 84.3 82.0 83.1
GraphReli p 62.9 57.3 60.0 42.3 39.2 40.7 — - — - —
GraphRelz 63.9 60.0 61.9 44.7 41.1 42.9 — - — - — —
CopyREMul 61.0 56.6 58.7 37.7 36.4 37.1 — — — — — —
EmRel 91.7 92.5 92.1 92.7 93.0 92.9 92.6 92.7 92.6 90. 2 87.4 88.7
TPLinker 91.3 92.5 91.9 91.8 92.0 91.9 91.4 92.6 92.0 88.9 84.5 86.7
Ours 92.9 91.8 92.3 94.2 93.7 93.9 91.7 93.0 92.4 90.7 89.2 90.0
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3)ETL-Span™7 4 5 A 43 S A SCBE I AT 55, 26
T Sk SR T Sy B3 A Sk S AT 1 X I 1 R LA I OC R

4) GraphRel™ ff SCAR 7 91 A8 Ry 56 R AL 4R T — Fh 3%
T 1 26 R0 2% 11 i 38 i 3K 5 i EUA 7Y

5)CopyRE™2  # Hi —Fh K T seq2seq (9 56 & Jilt U A4, R
A &AL &N A 4R R = o0 L B R g e T

EHELRMIE,

6) EmRel " . [F] B %t 30 A )7 81 A0 G FR i A7 g A, 5
ML R 58 A Sk S0 i R SR AN 56 R 22 A £ B ki
IR = H LR FRIR

7) TPLinker™) K B & il BUAT: 55 2 A5 Sy 3] Xef ik 43 o) 0
IEGIA =R AR IC Tr BA A R BB T RN 1Y 34 51
AT X535
4.4 LIGHER

AR SRR b5 H Al B £ AL A I A RO R B A S A R
% 2 g, Horp gl kL bR e Rm R g R . TTRLE L A X
FEAL (DE-AA) FE 25 BG4 L IR0 Fr4e I, Hoh 74
it WebNLG, WebNLG™ Fil NYT " EAY F1 {HHUS T e b 4%
B A SRR R Ay HI R A T 1.3% .1, 026 1 0. 2% . A
7E NYT #0845 F1 EHZHE T EmRel B8, BIKI
BiF DE-AA 76 WebNLG 8384 E Ry R IL I 7ET
B, WebNLG Ml WebNLG™ 54l £ b 4 B & T 216 Al
171 Fh AR X 45 = U A B0 R 1 AR Ry M BE T A SO Y
FH =M X R RWER T E AT ERASHEDIRR
A B — A RARE, — B AR LA RO AR T =l b Sk Sk
KRB IR =TGR 48 i 7T Ak A o e v
YK AR SCHE Y DA = T 4 2 1 R ROk S = ST A I T Bl B,
AT B OG22 () LAY AR . SIS IR AR AT W] 1A ST
= n AT S LA .

3 RS g

Table 3 Ablation experimental results
Models Pre. Rec. F1
DE-AA 94.2 93.7 93.9
CE RHEE B 93.6 93.3 93.4
~H# & AL 93.3 93.3 93. 4
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4.5 HBhEIG

AR SCHEAT T Rl S 06 e T 5 AR T v g X S e Al )
TEE I ALE WL 0 A R, 2 3 B T AT DE-AA TR
WebNLG" £ FA A LR R X B EELETRZ MW
KFRFB T AR L B R b i3 AR IETH Rl St IR
SEULRT LAAS 250 < im0 BE S ORI il 1 i B O AL R X =
TCA BT S 1 PR R A B . BRI E , 76 4 ) Xt
XK F Fm B IR 25 1R AR 55 3] 8] (9 A X BE B AE B, O ] A%
B 1 RFAE A5 B AT (87 50 1 PF 42 48 4 2 00 X 00 R R R L B
RUVE BB AT BT T B, Uk B 3R X B AR B i AN T S R ¢
AMBUTE S BA MG, BTN R BRHMEEBET
SR S R B o R . Y R Bl e R R ) B R, AR Y
TEGH RN RS B . X2 PO e Al R O R B 4
FEOLE LN ERET /G L MR A T 3R
3k R S AR 21 k) 22 ) A K PR B AR O R L BETT R B =T Al
il IO A % B BRI
4.6 EXRGEHW

R T RAEAR S AIE b E S R ML E LR T
W EZA =0 Iy A RE . 7E NYT " il WebNLG”
B LT EEA S, MR ES X R BB AR
Xof AR HE AT T A 28 IR, 5 3R LR AR A X L 45 SR ANk 4 P
G, T LLE . DE-AA JU-F 76 i A3 03 0 1 #5685 b
FELRBEARL . 7E AL HE Normal 28 8 ) 4] F i, DE-AA 7 5 4%

£ WebNLG™ | 9 2 R Z K T CasRel, {H 7E 4 3 SEO Fil
EPO 255 (4 A1) F I F1 % CasRel 43 I TH T 2. 4% M
1.2% ., DE-AA f£4 5 SEO 8 EPO #9153 73 % % T Nor-
mal WEIE . TR T H U T DE-AA fE LB 8 & ¢
EA I E S T

Fa WORFHEGRB M F PR =JTH I F1HE
Table 4 Fl-score of extracting triples from sentences with different

overlapping types

Models NYT* WebNLG *

Normal SEO EPO Normal SEO EPO
CasRel 87.3 91.4 92.0 89. 4 92.2 94.7
GraphRely,, 67. 4 49.9 56.5 62.7 36. 4 39.5
GraphRely,, 69.6 51.2 58.2 65.8 38.3 40. 6

CopyREwmu1 66.0 48.6 55.0 - - -
TPLinker 90.1 93.4 94.0 87.9 92.5 95.3
Ours 90. 4 94.0 94.2 89. 1 94.6 95.9

HR AR 4] 0 & = e LB S [) X A AL 3 A T 4 2%
M, SREBA R R MK S B g, Kb N FRA
ThaE1,2,3.4 85 MR EREN=J0H., TUFE
i, 1k I DE-AA AR ZL T IR AAL, B 2403 = o0
HBRRTT 5 A 7w, HifE WebNLG™ F1 NYT " %
P AR R SR S BT T 3 1%
1.8% ., LW R WL T DE-AA AA AT 2 H X AW

b
e JJ o

F 5 IBCEF ORI EGE =AW FLE

Table 5 Fl-score of extracting different numbers of triples from sentences
NYT* WebNLG *
Models
N=1 N=2 N=3 N=4 N=5 N=1 N=2 N=3 N=4 N=5
CasRel 88.2 90. 3 91.9 94. 2 83.7 89.3 90. 8 94. 2 92.4 90.9
GraphRely 69.1 59.5 54.4 53.9 37.5 63.8 46.3 34.7 30. 8 29.4
GraphRelz 71.0 61.5 57.4 55.1 41.1 66.0 48.3 37.0 32.1 32.1
CopyREMul 67.1 58.6 52.0 53.6 30.0 59.2 42.5 31.7 24.2 30.0
TPLinker 90.0 92.8 93.1 96. 1 90.0 88.0 90. 1 94. 6 93.3 91.6
Ours 90.5 93.1 93.7 95.7 91.8 89.0 94.1 95.7 94.5 94.7
4.7 Z=nARRATENHEER 6 = IUAIANIFIT R 1A HAS R
%6 % H T CasRel il A 3C # 5 DE-AA 7F 3 3E & Table 6 Results of extracting different elements of triples
NYT" f1 WebNLG" | X:J‘ = E 4 A Ig'l )T" ?\; E(J %‘E& H:X ‘Iﬂf ﬁE ° Models Components NYT WebNLG Y
. N S, . s Prec.  Rec. F1 Prec.  Rec. F1
Chore O FoR — A =00l Ho b Rom K S ¢ R R 3% (h.t) 89.2  90.1 89.7 95.3 91.7 93.5
or 5 h 5 2 W6 R . B = T o) 1P Caskel r 950 938 949 866 915 910
N NS S — o Chyrat) 89.7 89.5 89.6 93.4 90. 1 91.8
Sk S A R S AR O B L A S JC R (s o) 1Y 32 BUE GE B
(hst) 92.9 92.4 92.6 95.8 95.3 95.5
B, KU, ST =0 Ch, o) PR R R IE#AY A Ours v 96.7 95.5 94.4 96.7 953 96.0
Chyrat) 92.9 91.8 92.3 94.2 93.7 93.9

HICE r WRBUEEMK ., ARPFRIEE X F h.o W
$2 UL, DE-AA 1 it 45 R A5 4348 = T CasRel, F1 {8 75 $0 4
% NYT" Fl WebNLG™ EArll48 AT 2. 9% 2. 0% . 7¢
KR r i BUE %5, DE-AA 7ZE40HE 4R NYT" B/ FL {H 0
it 7 CasRel, {H £ WebNLG™ ¥4 % b 19 2R B & 0t T
CasRel, F1 fH4R F+ T 2% . 45 R R W, A OB RE 65
R E L A SR RIS R e =0 A M BUT 55 Bk is T 4
BIPERE . Db AN, ST LG Chy o) Sl BCRT - il BRAY A5 43 aT LK B
X Choy o) 301 B A 200 R 22 35 30 I T o, 3t SR T A 44 55 4R IR
S M B TR R RAE S

4.8 fRBIFR

F 7 B T BB TPLinker.-DE-AA (JG i) %) FE B ik A
Flh i 7 ) KBk ) DE-AA %D Ml DE-AA 78 % 48 4k
WebNLG" by ZRast ] Hi BLAT (8] A F1 O A9 AR 25 2R, R
FE I 25 RN IS A ik v RN 4 BEE T 6 0 1, il 52 46 R
W5 4.2 YR —3. £F K Training Time(s) 8 Y 25— 4~
epoch I 75 BB 1] , Inference Time(s) $5 T M 4& > P 1 48 Jor 7
By ] . AT LA LB DE-AA Y I 25 RN HE BRI R & 0 T
TPLinker, H F1 {3 v, TPLinker & 2% ,X 780 Ui B T 4~ 3¢



240

Computer Science THEHLEL2  Vol. 51,No. 12, Dec. 2024

KA A RCR TN 2T RE T o 53 A5 2% Bk ) o B i A il e T
FTREHAY-DE- AA A5 A B K I 2 i (8] R B ) AR £
HAMBUSCR 5 DE-AA A HAL IR AR . 150 W 7] X B g i A
G ) T B 7 R B 09 A T RE A AR DR BT L R AR OR 1 ik I
PERE

R T OBAIBOR MY LLEL

Table 7 Comparison of model efficiencies

Models Training Time Inference Time F1
TPLinker 486 24.4 91.9
-DE-AA 60 9.6 92.8
DE-AA 114 19.4 93.9

4.9 ERFIHAR
B 4 25 H T #E L DE-AA FfI-DE-AA 7 WebNLG™ (4§

B LIPS HIBOR B, T RO SR AR A B 4 SR AR
L SR B B i — ) S O B L TE IR SO AR T L T SR A
B B S B ] AR S IR IR AT R R L 1B SR AR B O & i
DU 15 9 15 O 210 g bm e » G Ay 00 TE B 9 S5 4 R iR 2% 0
T T A 0 56 R AR [ B dric . AT LUE 8 — s
M AER A E T 24 =Judl, B AF 7 SEO (B 5L 1k
FEOWNES KRN R B TEREMN. NGRALEL,
DE-AA 5508 G HE A £ HUOG & L Mi-DE-AA 85 — 4735 i ok
AETE B0 7 H Apollo 11 il Buzz Aldrin Z [8] i crew member
KFR LS A G P %A B 4 Belgium #1 Phillipe of Bel-
gium Z [0 f7 76 #Y) leaderName )56 & . Bt /b 16 X 1E &5 ik A Fl
Kl 1) B B H (-DE- A A AR R AR ¥k 58 4 U BT A I i Y
= IUH XA HE— B UE BT A SRR A A RO RS A

Texts Ground Truth

-DE-AA DE-AA

The [Apollo 11] program was organized by [NASA] and (11, operator, NASA)
included [Buzz Aldrin] as one of its crew members.

(Aldrin, was a crew member of, 11) (11, backup pilot, Aldrin) (Aldrin, was a crew member of, 11)

(11, operator, NASA) (11, operator, NASA)

[Antwerp International Airport] serves the city of

Belgium]

(Antwerp, country, Belgium) (Antwerp, country, Belgium)
[Antwerp] in [Belgium] where the leader is [Phillipe of (Airport, cityServed, Antwerp) (Airport, cityServed, Antwerp)
(Belgium, leaderName, Belgium) (Belgium, leaderName, Belgium)

(Antwerp, country, Belgium)
(Airport, cityServed, Antwerp)

Kl 4 DE-AA FI-DE-AA 7 (1) % il 5F 5%
Fig.4 Case studies of DE-AA and-DE-AA

HEIRIE MR IARSE R AL 5 A AR R E & G R
W D't i 22 (i) 0, AR SR T — b B T 3 X B ek A A0 i e 2
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T 3 5 0 A 20 25 gk — 20 M iR LR AR SR 7R L FE 00 5 18 T A X B
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AABEEOTESXARLERLRATHRES . ARR K H X
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