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Abstract: For the problems of the result of named entity recognition for Chinese social media is much less than the tradi-

tional field, and Chinese social media NER in recent years gradually tend to use external knowledge and jointly training, thus

ignoring the further extracting features from the text. The article puts forward a method of named entity recognition based on

deep neural networks that combines a bi-directional long short-term memory with self-attention mechanism. Comparative

experiments on the Weibo NER released corpus show the effectiveness of our proposed approach, and show that without using

external knowledge and transfer learning, our method achieved 58.76% in F;-score.
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AN S B . BT R XU LSTM H #r A &
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BRA) TR, &— MR, - 4ERREEE
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Ak bR BUE B BEHLES N % (Stochastic Gradient
Decent, SGD) %", SR IrE N 0.015, %
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YUOWEEER + BE%R
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L EUB R EE YNy i B i ol AN VAN A S 13
( position-Embedding ) , # = /> #& A, H}
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FMA Self-Attention. 54k, AR S CFH
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Peng and Dredez(2016)

He and Sun(2017a)

He and Sun(2017b)

Bi-LSTM + CRF

Bi-LSTM + pos + CRF

O} | TA | DY | fm| T | Al
D | O | T | fm| o | Am|

LSTM-Self_Att-CRF

RKHGH T MM R., NERHT]
LB, FRATHR 1 LSTM-Self Att-CRF fZY7E
CEEPEREF E Ik T 58, 76%, T HARIAE
A, B 7 ERAE A AR R R A I 2R
i) Peng and Dredez (2016) FIRERK T 0. 23%. fT
DLt e s RWAUE 7 9l NZkhkERN
(Multi-Head Attention) HL#|EELEZ NAET
AR LN SO RE R, T 1 45,
BE A 112 T+ AN B Y SCA 1) SEAA R ) bR 9 1 e

R 5 PAL R H AR SRR RI KSR

Pk R E Sk (NED 552k (NMD)
[FJP. RAIF fEBATILE . MWK RATLLE . AT
(PSS 20 AR o S (PR I PR e EBE =T Peng and
Dredez(2016)# %Y, (H 2 fEFRARSEAA R i PERE b
AR I AUIS T4 1.35%.

% 6 NE RAERSEIE TEL 45 R

FFE AR
R P R F,
Peng and Dredez(2016) 66.67 | 47.22 | 55.28
LSTM-Self Att-CRF 63.90 | 50.00 | 56.10

&7 NM RAFASL IR LS

FRARSE AR
B P R F,
Peng and Dredez(2016) 74.48 | 54.55 | 62.97
LSTM-Self Att-CRF 69.18 | 55.55 | 61.62

AR, WATHIBEEL K N5 T Self-Attention
(VEZHTY Self-Attention [FIR0F WL 3.4 5), #EAIAE ST
AH G L asa REE, e d ERR{E -
()2 BILAR AL T Ath A B AR, 0 FL AR R s S R ) |
BATHRME = TR 2y 2.78%. {H2&, FN
Peng and Dredez(2016)4 A4 {5 A 1 418 %% Y A K
HZR, B DA A R e R PAE AR B B2
T HATMBLAY, JCHAEF A SR 0 B P{E
T HRAT4) 5.3%.

3. 4 Self-Attention BYZLFE 4 47

% T Self-Attention R, A& K KA
Self-Attention HJ 28 —ZH SZEG AN\ Self-Attention )
BT E M L, oo
Self-Attention FIRUH » SEIGZE R UK 8. 9 Az,

#= 8 NE Rt st £ R

Ioae
A NE | NM | Overall e Sk
B P R F,

Peng and Dredez(2015) | 51.96 | 61.05 56.05 -

Peng and Dredez(2016)* | 55.28 | 62.97 5399 Bi-LSTM + pos + CRF 63.39 | 44.90 | 52.57
Heand Sun(2017a) | 50.60 | 59.32 | 54.82 LSTM-Self Att-CRF | 63.90 | 50.00 | 56.10
He and Sun(2017b)* 54.50 | 62.17 58.23

Bi-LSTM + CRF 44.44 | 55.34 49.86 F 9 NM HAELHSLIE XL 25 R
Bi-LSTM + pos + CRF | 52,57 | 57.38 54,95 Fe AR 924k
LSTM-Self Att-CRF | 56.10 | 61.62 58.76 7 p R F,

Bi-LSTM + pos + CRF 63.97 | 52.02 | 57.38
A6, R T I TASCRBREM HRTTERE ™ sTM-Self_Att-CRF | 69.18 | 5555 | 61.62

I =% Peng and Dredez(2016) 17 [ 4R X} L 45 53
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k3 — 2B XL R I Self-Attention 1% il
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AN ORTERINA, FEEMNA, Hib
FHIEM; @urE s, 5 IERIRE, 21k
FLERR; ORI EWRG, (BAEIDRER, 5
FIEHR ], B R IE# . Giit 45 Rk 10 Frow.

=10 ZMiRAER D

AN HH (%)
H 1 25 78.12
H 2 4 12.50
H 3 3 9.37

HH# 10 A/ &1, fE5| N Self-Attention Ji5, %
i R 1Y 1) R R e E AN RV SCAS H AR B R i) s
1, ELIT Self-Attention M % NASE T2 (Bl 3k
NIAHRAB R, B TS, N IER R
BT SR G0 T R

B “HRIXAASZEFIEGIEIE " 2 WA A 1) 451
). Hdr, “ARET” RABIBBRIE, FERTIAN
Self-Attention FIARfAEIRA. I Self-Attention J5,
23 MASFI AR B 22 BRI 3k B R SUE R, mscH
CORIZEAT EF T CAFETFT FAESCARFRIBGEE, M
T 2% S22 A 1 A (K038 1) ke

4 g

ASCHEH T — i e S AL WA A 4 SRR T3
(IR . LSTM-Self Att-CRF B, 78 AN FH 41 &6
T AT ZAESBHEINENEL T, 780
RICAH 5 FFAE, o085 BRI A TR B K
Bi-LSTM+CRF #& R 1R 5 % 1) 15 F Self-Attention i3
ITXAHGMRAESR A, B3 T 5 Peng and
Dredez(2016) B 1 #H 24 () M fE, A FE N
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