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Abstract ; Entity attribute extraction tasks often face the problem of model explosion risk when there are too many attribute labels,and at
present, most attribute extraction models assign consistent attention factors to texts, and do not take context changes into account. To
solve the above problems,an entity attribute extraction method based on question—answering mode combined with attribute semantics is
proposed. The key point of this method is that the text is regarded as the context, the attribute is regarded as the query,and the answer ex-
tracted from the context is equivalent to the expected attribute value. The semantic representation of text and attributes is modeled ,and a
dynamic attention is proposed to capture the semantic interaction , realize information fusion,and adaptively control the degree to which at-

tribute information is integrated into the text vector. In order to verify the effectiveness of the proposed method,the model was compared

with the currently widely used models such as BiLSTM, BILSTM -CRF, OpenTag and Open Tagging on datasets AE-110K and AE-

650K containing a large number of attribute tags. It is showed that under the condition of combining attribute semantic information and a-
dopting dynamic Attention,the model has higher prediction accuracy ,recall rate and F1 value.
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Short Term Memory, LSTM ) A9 Z£ fifi [ 42 1 LSTM -
CRF #E A1 0] LITEAE B 5 ia) i A B 16 50 T S5 bR
HEE B, Xu 55 AU K % LR 2 X 45 (Recurrent
Neural Network ,RNN) "7/ 5] A J& il BUME 45, $2 4 /
A RCE i ABL Y e i AR AR 3 A L A T AN A
MIRICR . Fan %5 U006 HARE B gmin 8 24 1 F
S FERRIS AR A A 4 R R SCRRBGTE A X 42, R
4 AN RNN [y AR R ) T A AL
(Attention) (35 I FE B BUZ R A TINAL A -+, Jhk
SR S E B, Liv 8 A 42 1 R 5] 5
FA) R P S R s /N T 1 | i T 48— 2 2] B 250 Bl i
UNWIE i 2 e Y[R

SR, BRI R 28 A 8 PR — A Sk
A JF R A M N — A 4 SR O AR 2 (i
BIO) , XA 7k S BUB PE bR 25 i 2 AFAE R TR KE 1Y
TELE XU, A3 R R | 1 28 1l 22 i Bl 4 . Tl
B, A JE PR OB BT b S il — B R
IAE A T I AR BRSO E BTN .

FET %S0 o R T ) A8 Y T e A B
BEAY (1) FRRAE Al OB R AN [R] | 7% SCHE CRF A 2
fili XA B bR 8 PR T 42— 142 =) BIO #5455 (2)
HI B b T R R SO RN AT AR R
HZhA Attention iAKW [8] 115 L EZHOC KR | H 18 )
MRS — E M 2 B RS B (3) 2 HLas i
TP 3 A, K T 22 s HH 380 s Mt U 55 b L A
25 5 SCAF R A B 32 T, SR AR R 3 [m] T 1) Ja e
EFR%s . BJa, Kz sl 5 B i) iz 0 H ) BILSTM

B A BiLSTM - CRF 4% & OpenTag #5 %! Fll Open
Tagging MO L SZ 5K, BUAS TAR A AORCR .

1 [

ZSCH B PR IBOE SCR P AR AT 55 o 438 SCA
XORUEYE X, HARE N Xk X B EOR R ) e,
PG SCAR 12019 B 25 A 25 ] 11258 M B A 7 A4 5% U8 Uk
XV HER FHAF Boho &4 4 il KBS FICUSRONG ; J&
PR MRS A0 X AR JE M AL H
PRI I TR i 2" T« 2otk FUH
TR “None™ , H i iy WA & PEAE SCAR R | 1
Ja B WA TESCAR T R,

B L B F= i SOAR X = | o ah, e ,al | FE
PE X = Xy, x x| , A gy B AR 25 e 51 y =1y,
Yoo ¥ul 5y € {BI,01 e B AT I3 53R m e B
BB P B R PR IC AN ERRIC, O RoR(ERIINEE,

2 EEEXHE RS
2.1 BELEH

DATE 1) Ja P il BB R R 22 4 B S AR g — 5
TRIEH IR R @R B, — B 44 TR PUIRR 4 | 3X
FEAEIGE AR T i T s MR A i 2 B R R AR AR A
AU B Tl R 32 Sk Bir T B A & PR 2 57 58— 1Y BIO A
2 B SRR VR U 555 8 21 8 v 2800 D K ) e
£ b R B B0 E AR BN U AR5 B TR
R R SO e — B0 B O IR, B2 T R
138 SUE L IZ SR 1 —FP 338 Attention, T Tl 2 3C
AN @] 11 A2 B SR Bl G 5 E8UE i3
A Attention 7S8R GE A% 7 32 N 5 Hl AT — 2
IR B IEE B .

R DRSS QB 1 e, ik b )
P b — ) 2 AT A S Ml U AR SCAS R g
A3 AR R SRR ), DA BT SO R U A 2R A TR
TR, B, 7645 @ 500K 5 8 M 0y i
T, AT LAE AR ) SR 8 PR ) 2R 8 P, B AL 2\
SR R E S . HE R T REAFAELL T WA
00« A SCAS N FEAE LR T 00 S8 PR, BT 1 45 2
iR Al <None> ; @45 SCAS H A7 78 248 - 04 Ja8 Ph{E, B 7Y
3R 5] f) S FEF BIO AR T i) R PR 48
2.2 BiERR

K2 Rz BT G B AR, A B 1 B (S S R
JE T RN BRI
2.3 EXEEMN#T®A

K S 288 BERT HEAT 45, 95 SCAS il
JEVE BB~ B B e 2 1) i S ), X T ) Y
—A~F  BERT AR HLAA b SCA ok 7 A 1) 1 327



<176 - HEPEAR S % @

5 34

PERANSCAR X = o) o, e ,x | JBYE X = 4l al,
x| A2 B BERT 8B 5] W' = | w' ),
w:" } ‘J_\%_‘ﬁl‘! W“ ={ w’ll’w[zl,.'.’w: }o

TR R~ A
B IHEEES

l___J__Jﬁr__L__
|__LJ LTJ
oo o] | [ of ] ———
l___J____ |___L__
|__;J l J

5 5
‘ BERT ‘ ‘ BERT ‘
|___J____ |___f___
|__; ' 1;'J|

[¢]

@)

1 AT R EAEX A B IR SR 24

T

t

BN SOARX
JE X

v

WASCA S Pk SUAE R

v
WS XA T, P L
FON

fim

SRR AT AR BV %

A 4

BIOFRE XA
i) =R ERIERIR Ik
i1t <None>
v
4R

B2 Hkns
LSTM fE % b BB B I 2k i Ia] i, O How] AT &
JPABHY R SUE . BT LSTM H 2% B &
BFIR]AE () 1R SCRAE , 26 AR UE B F AR — s SR R
%R A BILSTM S fith | DA ek 25 1 oA o iy Bsf [i] 2 e 2
[l AR T SCRAE , T 3R BUF 91 9 RO 2 £ . 7E

SXIFAT- 45 v, % 5 2 BILSTM 43 51l %o S0 74 i Jag 1 %2
REEAT R SCR A —2H BILSTM JH T3t A7)
W HRIRZ RN H = | by by, k! |

H = [R50 (1)
Horr

Zf:BﬂSTM(h M),ZT;BHSTM(EZZWQ
(2)
J—4 BILSTM HFHBUB MR, BRI E
AR T SCR AR £ % SCACR A BROCIR 2S5
HEMEFR
h—jj) <«

she ] (3)

i+l

H =
Al Hh

Be = BILSTM(A,w') , h* = BILSTM (A", ") (4)
2.4 HREXNZE XAEEMEMES

Zheng %5 NSRRI A EE I HLRHIREEE B,
B BA BT A— AR, B 28 T @t nyiE X
fFE. R TR Lr b A $2 1 AR B, SCrh A A i
T SCA RN & M v R~ 1) A R RURE ok 25 i 3 (]
) TE LAEH.

ELpkHh, aniEl 3 s, 15 hy B A AR SCA
JF A B2 T A, 5 8 M A TP R S R R T
KR EATTER I 433 attention [ & S = s, s,
s b oo PRSI S 22 () 4 A ABL 4 R B F A % R AL
K

S = cosine(h},h) (5)
(@ 2k \
(H) (o) sigmoids it
[ | N
— N
(—C)

B3 %4345 80305 Attention M 2525 H)

BTk, TR HORS (15 8 B i A (1 o
PEFIZ AL RE T, X 38 43 00l $HE AT ek A8 48 J5 S it 4
IRARAE A5 2R B AR B8] i ROR H

H=(WH +b)®(W,S +b,) (6)
Hrb o w,, W,, b, F1 b, BT 2280, © R
BAE

TE 58 MU 2 B J2 57 s 00 265 B Rl A 5, 51 A
I T ML R A5 B R A SCAR ) e R, W&l 3
Js  H R JB A S RS w6 A7 M AR 4 F 28 1k
Sigmoid ¥I% PREUS , 5 nl i H JE17 s e 45 VE 15 21 )



55 4 39 iR T BT A4S

JE P SRS A P IR 5 - 177 -

WV =1{0v,0,,,0, | MHTT¥ KL Sigmoid k1
WA RN X 5ErEFRR X0 1F B HE R
B AR L B AT IR NS B A e Y JE M )
BERV .,

V=Hxo(WH +b) (7)
He, w, f1 b, AT YIRS H, x R/ EBEAE, o R
Sigmoid FE%L, o BT 0 ~1 FIMH,

2.5 HmYHBMNMEEE

e PR B 55 1) A2 S0 AR 12 SCAS b s M
P, CRE AT LA 2208 1 i 1 o 28 i) %) A 368 1
Fan, B e A — token WIRE R I, IFA T —4
token MIFRZSE B IIMER SR,

2222 A dropout FEAESS , 10 5 V 9 1% 34 2]
CRF JZUATINFRZ P4 . i AR y B9IEGMER 511
.

Pr(yl X'yp) o Hp< YU H))
(8)

ool g, ARAAN BB, £, RAFAE B8R, K A
Bl
ety LA T A R I R R A )
By,

y" o= argmax},Pr(y| Xs¢) )

3 WA
3.1 HiE&E

R T B E SO R A R BEFH A T AE AE-
650K 1 AE-110K #4752 55, AE-650K ik ] — 4l
SO J@ 8 R as g , 62 8 906 a4, il
P BURG o A, R 1 W T B4l h
JE kB DL R — 2], BdlidE AE-110K H /g4
e MR B R, 3 117 594 =04, % 2 Bon
T AE-110K Hg PR GEiHfaAiE il

F 1 #IEHE AE-650K F R FE A FE e 8 9006 N Btk oA it A=t F

Groups Occurrence # of Attributes Example of attributes
High [10 000, ) 10 Gender, Brand Name , Model Number, Type , Material
Sub-high [1 000,10 000 ] 60 Feature , Color, Category , Fit, Capacity
Medium [100,1 000 ] 248 Lenses Color, Pattern, Fuel,, Design , Application
Low [10,100] 938 Heel , Shaft, Sleeve Style, Speed, Carbon Yarn
Rare [1,10] 7 650 Tension, Astronomy , Helmet Light, Flashlight Pouch

%2 HKIE AB-110K #4238

Attributes Train Dev Test
Brand Name 50 413 5601 14 055
Material 22 814 2 534 6 355
Color 5594 621 1 649
Category 5 906 590 1 462
Total 84 727 9 346 23 521
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BERT il %k, 4 FF ly 768, BILSTM Hp [{ IR 25 Y 4k
FEREEE R 512, HARSHOR BN 3 PR,
%3 KHEE

28 ZHUE
Batch_size 32
Max_epoch 20
Learning_rate 2e-5
Decay_rate 0.5
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LICR ] BIO A48 SR, Xof A Ao Jas 1 A A fek FH —

B4R BIO bR%s, (FMEE(P) HEIR(R)
M FLAE(F)/E RN AR, P, R F F1 e 3R 4
RYVERERAS , S E N A8 AR AT 7 S R A AR
o ARG B DG C A B 90, FUA 4 A S 1 T A 45 4
IR, A 2o S R M A

P =TP/(TP + FP) (10)
R =TP/(TP + FN) (11)
F1 = (2P * R)/(P + R) (12)

Ao, TP AR 5L BR Ry 1F 461, T b, Ay 1 451 ; FP 4 3% 5
Bk G B8], 00 Sy 1 451 5 BN AR 38 S B o 1E 81, 50000 Oy
i,
3.3 XWRHEREHLHM
3.3.1 & £

R T BE SCH VA AT SRR R DU I A A A
REALE Jy B2k

BiLSTM # AU FH i Il 545 ) BERT 3RR SCA
FIEEANSE, B BILSTM j=A: SCAS B R Sk A fieJm i
Softmax ¥ I BRI A1 £ 4%° ; BILSTM - CRF ' A Jy i
24 SRR I 1 4 BIK R e 56 HE 19 7 A0 A A A i
CRF il AR, it BILSTM 7 A& Y e IR 25 9



- 178 - HEPEAR S % @

5 34

fi: CRF J2 ({4l A51E ; OpenTag ™ 7 CRF ERIAIA H
RS HLH L2 H B (5 B Open Tagging ™ 2%
BiLSTM #1 Attention = A% J& P HIL i b i1, 2 J5 A% 36 45
CRF 21T B2 hn it
3.3.2 g

T IR AR RN RE B R 1) J8 M A 2 D8 K A0 B4
8,3 4 RS HAEBE 4 AB- 110K AU PERE, i Xt T
SRR 4 T HE AE-110K Fl AE-650K [/ Z281

k4 s a R %

Attributes Models P R Fl1
BiLSTM 95.08 96.81 95.94
BiLSTM-CRF 95.45 97.17 96.30
Brand OpenTag 95.18 97.15 96. 35
Name Open Tagging 96.65 97.21  96.39
Our model-110K 97.12 97.38 97.25
Our model-650K 96.89 97.51 97.63
BiLSTM 78.26  78.54  78.40
BiLSTM-CRF 77.15  78.12  77.63
OpenTag 78.69 78.62  77.63
Material
Open Tagging 82.76  83.57 83.16
Our model-110K 83.30 83.98 83.54
Our model-650K 84.23 84.17 83.05
BiLSTM 68.06 68.00 68.04
BiLSTM-CRF 68.13 67.46 67.79
OpenTag 71.19  70.50 70.84
Color
Open Tagging 75.11  72.61 73.84
Our model-110K 77.23  74.73  75.20
Our model-650K 79.10 74.85 76.96
BiLSTM 82.74 78.40 80.51
BiLSTM-CRF 81.57 79.94 80.75
OpenTag 82.74 80.63  81.67
Category
Open Tagging 84.11 80.80 82.84

Our model-110K 86.36  81.27 83.49
Our model-650K 89.34 81.85 85.70
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