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Abstract

Chinese social media named entity recognition has been widely concerned due to its
domain specificity. Informal and unstructured Weibo text has two issues to be ad-
dressed. First is the ambiguous word boundary; Second is the limited scale of corpus.
To deal with the first problem, this paper places character and word embedding on
the same dimension to obtain rich sequence representation. Aiming at the second
problem, a named entity recognition model based on Star-Transformer framework is
proposed to capture dynamic feature preferably, with the help of star topology struc-
ture. Besides, Highway Networks is also used to optimize the information connection in
Star-Transformer, improving the robustness of the model. The lightweight named en-
tity recognition model proposed in this paper achieves the best performance on Weibo
corpus.

Keywords: Named Entity Recognition , Chinese Social Meida , Star-Transformer ,
Highway Networks
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4% SEARIH B (Named Entity Recognition, NER) & £ 1RSI H IEEE L SCAR P51 1 BAA Frik
BHISHAE, HRIXESE D BCAE N IR, A% # s HPN 2 ESE . HT a4
SARIRBITER TEE AL (Reddy et al., 2019)~ K ATMEL (Zelenko et al., 2003) ~ HFETHME (Clark
and Manning, 2016)% {F:55 it & EMSCEIEA, Ftfr 4 SR AIE B R1E S 03 (Natural
Language Processing, NLP)/‘%ﬁiﬁjﬁ%‘@UT}*‘é IS -

FE AT A AT ) P S A 4% SRR A — B R R R BRI A RS 2 —, BT HAUER R
AT BRI AR SO 42 LR B A3 1) MR THEX, TUEBRE ERMAELR, &
HIAICHIEHE R NERRER, 2) B 2 2 AT AR SCA, HT i RO 1A 50 2 H
W, MLEFE ARG SEMEE TR E; 3) 3 i A4 S i 15 B B T LTI T 8] 2R 75 R A
BN

VER— D IRA R FIIARE R, 4 SR AR E NSRS S =1 EH. #
W AR~ E R aRE B EEE, A W) ar 4SS R BB T — 0 i A 040
X =N HAF R T RERE o JEIAFHE ML (Recurrent Neural Network, RNN) (Zaremba et
al., 2014)iX— KRGS gy, JUE 2 W A K5 HH 1012 W 4% (Bi-directional Long Short-Term Mem-
ory, BiLSTM) (Hochreiter and Schmidhuber, 1997)LUFFIENEA, £ LT XEEHHEE
PRI RE S, (BEARMHIER B KEER UKL & o Vaswani et al. (2017)%2 H
A TransformertB 7 5% F 52 2 B 00 HFE B NG RXITmiE B 3G, SRR R T #R
FPRNNEER Bk 5, T H Transformer &G B IF I ATITHEAE ST - {HYan et al. (2019)HISESSIE
S Transformer N FEARIFHIE FH TNERES T, R & Transformer N B 4518 5 20 9 HoRH 20
BRER LG, XS B RERIR T 7R ZAREOR & A YIZREE o TR T #4284 ATUAR ) i 4%
SURIRRIM S, MR Z—E BRI /)N, RIS Transformer TG 15 BUS TIEA FOPE BE -
I, TR Transformer 3 F HIBIAZINERIE S TR “H 5227

O B ST A AR i 42 SRR 1 BT 55 8T 2 138 FH R0 B WeiboiE £} (Peng and Dredze,
2015), ASC[FEFEHITEWeibolb At EFFATSESS o oAb, FRBNAR EERE S EFEE BERN
MFFNER., TATRYEWeibo Bt & F AL B AR B RLATT T HAFIRE, B3 i Him ks
FE XI5 BT WeibolE Bl o i —20 ), AR SORF 0L B AR AR B2 B T RS54 AR N Sis 2 RN
KRG T BRSO AN R, BREERE T 300 SRR (A1 -

AR EBETTRRA T : 1) A SCEFbRE H BB HRRE B X WeibolB B, EFFIRME KR
FAEFC; 2) AR KK 52 2 Star-Transformer B8 [ F 2| 1 A A BAANERAE S, F BA
FHighway Networks#/L#l{#Star-Transformer & = A iERINER LSS, BUS 7 rl WA ERE - 58
RLE R KR, AN OCR RO T F IR B Star-Transformer with Highway Networks(STHN)
BA] LUK B T Transformer 78 #1538 A i 45 SLAIRGRI EROMERE, JF HAEWeiboii# EHUS B Hi
BIFHITERE -

2 HRWBE

RNN— R [0 228 0 28 R A b T EL R A7 AE T 4 N FHZENLPAE S5 7, TR N & AT
17 FIBILSTMAEA! B 42 i N M AAS 2% - Huang et al. (2015)% 1 56 5] ABILSTMAICRFHE !
KRR PRI R, MARE S, BILSTMARET# ) iZ B H TNER&,, Chiu and Nichols
(2016) ~ Dong et al. (2016) ~ Lample et al. (2016) 2\ ZMa and Hovy (2016) 50 R &5 T A
.

EF ARG, SEMRSEUTFRERE, RN, WEH ZERERSAERE L
ZiE. BEEREEFMHEFEPARE: Zhang and Yang (2018)5'[)\Lattice?im:lgfﬁﬁﬁEﬁﬁ VLEL
IPETE SRS RS BIFR TN, RIBRIFHMERR; Gong et al. (2020) AR E1E S i
N, RATEA R E ERAZBILSTMAMCREF, DU TRFM R ERIAG EA R RIEA; Gui et
al. (2019)FFHCNNXI AN EE H AR/ DNHETE B IR FHITIRIY; Peng et al. (2019)f4L T Lattice£hH4
TR M EFOR, RIE T RRAE B DL 0 B fi 44 SER IR AIERE -

RUEBILSTMR A AENERSIIR 1S T A/ NI AL, (R B LAHE —1T Btoken RN, iXHR
RHBFHRS T GPURIHATHRIA, 1 HBILSTM AR B R K BE B 1Y R SURIR & - 20174
DI, Transformer (Vaswani et al., 2017)iF I ZENLP& MESH HIEESHAL, Flanbl2s &l

.

¥ (Vaswani et al., 2017)~ B S & (Radford et al., 2018)LL XTI ZREEL (Devlin et al.,

ORI K1) 43 weiboNERFE#E:  https://github.com/cchen-nlp /weiboNER
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2019)%%% o IR T TransformerfENERAESS AR A, Yan et al. (2019)3&H T TENEREEH!
SINT T REFD ~ PR BAIATE LG 50, [RIR e il 1 4% S48 17 51 & 8 ) Transformer@ i3
2, f#f5Transformer7ENER:55 EARIGHCIFMERE - Li et al. (2020)IFLATHREY K LatticeZ5 4
WO PG, F Bt &@E ) Transformer L B4R1Y, #— P A T NERVERE -

KXEEFERAESBRNYE, B ZHBAEFSEZERNTERESE0EA, K5
AStar-Transformer U G H AUBILSTME AL, il AHighway Networks#HLil#1745 505 B
H B ML, BT Star-Transformer S8 BT R RN 1L HI B Sh A A B AR S5 T 11 30 1A 4%
IR i 44 SEARIR A -

3 HTFStar-Transformer 44 SRR HiIHEZE

Rean 2 RMRREERFIIERBZ G, AR ABMESHLNITRE , SSARIFF L PRI
HB(Beginning), SEARAEEITTARMENM(Median), SSRGS EBMENE(End), HAlFwERE
HO(Other) -

125 H T A SCHR HE AR T 52 ADRE B A9 Star-Transformer with Highway NetworkstR 7 584
HEZR, WEIFHATLUE HSTHNR I AT Loy Ry B o3 BB —H0 o B IR IR AR R, &
A AR S5 48 52 1) o o) @ AN A ] EE N H A, HorP 5 ) B 24800 Self- Attention W) 2 40 B, 58
TR RSTHNER o N ES THNRRZR A1 2 BCER 57 -

B-PER.NOM M-PER.NOM E-PER.NOM - - - .
. word embedding
T T . char embedding
CRF

Q Self Attention
hidden embedding
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B 1. STHNERIE

3.1 F- AR ERREEA

eSS B, RIGEEE S BT 80 [ & RN F AR B FS) - 5T XAFHFS
WA EFRR, BAEH2018FE YRR M E (Li et al., 2018), %18 [ 2 {# HWord2vec
HISkip-Gramf& 2R, 4EE 7300 ZiAMEEFEAE AR PIUEETR . ARBR-
1 EFEZ AR FIARHE, BARRERENIZGRE MR 1R -

1A ) B R A A AR R L R A SR R — D AT B B AR R B AT R B 3 [h)
&2, MRENFRHEBIFRERPAGEE, WHT— P BELE -

ZEFIINE R EE UFREERRBERHK A, J HHe and Wang (2008) ~ Liu et al.
(2010)FALi et al. (2014) ) TAEISIUE T TR EZEN TIRAE, (HR2ETFRERRAXER
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Window Size Dynamic Window Sub-sampling
) Yes le-5
Low-Frequency Word Iteration Negative Sampling
10 5 5

# 1. SCNSHEHEEN S H0xE

FAERBIEE R PR AN LTG0, T TRk E S AR FoR B B 0aCA R, e
RO MRAL AT AR TE R A A BR300 SRR [P L A SR L BE 5 1AL B TCLE [ S 4 5 AR N
HoApop B TR 250 20 Self- Attention T FHERR I, IXERS35 Yan et al. (2019)Z R -
AR ICRTY P B 2 G 2 0 N\ SR TR IR A TR R 5 0 R AESR B PR B i AR R
MEEE, AR (1)~2)R:
char’ = Self Att(char) (1)

hi = [word;; char;] (2)

3.2 Star-Transformerf&fy

B Gt Transformer{E & 1 ER N 2 E TGN, WE 2(2)fR, TSR IERAES BE
R E & Sk, HF B S RSB SR E R, AR ENZ R EA T
IR TR R4 S, Bl %5 Transformer B 4128 B2 45 10 7 i 45 SERIRBIMESS B E B LR
R, ZELZENEENMESHEMEZERE, BRSNS IRNESES RIER - Fittg
%3 Transformer®] T 1 A TR B SLARIR FIMESS RN EE - N TREIRER IS 7%, Guo et
al. (2019)%2 th F B RIRT NS RO 2Bl A5 1 R B L2, Al 2(b) s « H A& AH 4RSS
FOBE— RS S TR, FH, BRI e N ZIRFEIREI &, RN R E IR RED
B R AR S RIIBE ST « AT KFEAH /) ZAStar-Transformer FAH R A2 -

(a) (b)

Kl 2. &% Transformer(a)5 Star-Transformer(b)45 m.i% 3 7 =X B

3.2.1 Multi-Head Attention

Transformer (Vaswani et al., 2017) & 5&# FHh/MER J7 65— 5 A F 91 43 B3 T B Y
BERER, RENENER LT EENE T HREREE, WAZKLER VLS (Multi-Head
Attention) - —fBRUL, Z LT AYLHEIFTLUHER (query) Fl—FRINBE (key) 1H (value)
SXoF R B SR A

BN A Ys S AFE & J1Scaled Dot-product Attention, H AT F & T S #H#AT
HETRE . S —TREFIX, TATTUEH - S0 QY AFMEXER, WA
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2(3)~(4) BT
Attention(Q, K,V) = softmam(QKT)) -V (3)
o Vi
K=XwWEv=xwV" (4)

He, Wk, WYEX R &K% S8 RGBT LUK 2 L E & I HLH E Sk 2
20 (5)~(6):
MultiAtt = (z1 ® 20 ® -+~ B 2p,) - W° (5)

zi = Attention(QWiQ, KwE vw)) (6)
Hf, ofoRMBEERE, weo, Wl WK WY Ext R EH% S S5

3.2.2 Star-Transformer Encoder

Star-Transformer (Guo et al., 2019) I ERIFEFMEIIE 2(b)FiR, H—"DF4k45 SsFin
TR REMN - Fi TR S hFPRESRR SR FI F Hi M token AIRHIE - FRAREE s 74 FEHU
Rty fERTE DET S Z AW EFMEUHER -

Star-Transformer$g i T % Ttime stepITEIAFH 7 & Mtoken A M £ HT IR 1L,
HgkEE S PIIR N BT Htoken M FBME, B MtokenfKIGE T Z L FEE NHLHIEH - E£FEFHILE
GE IR, B TR S BIRSIRE A R4S S HT, B E—R E— 145 SR
ShZ PSS RRESRT E R AR RRESAL L AR ER RS b
PR AR ORE s, BRI AR (T)~(9)FiR:

C! = [nl—1; Rl Y hf-;%; el st (7)

ht = MultiAtt(hi™t, Ct, CY) (8)

Hep, CRRBANIESEAMETUER, EEHEEEE, THRA-UBRELHTET
%/%\:

ht = Layer Norm(ReLU (h)) 9)

FERE T AR GE s, ARG SsRIL BT DAL ShE R UL ZEFRE, A
2(10)~(11) Fios:
st = MultiAtt(st_l, [st_l; HY), [st_l; H')) (10)

s' = Layer Norm(ReLU (s")) (11)

T A H R LA S MR 4RSS SsHIE B, Star-TransformerfE8/> T HEE 11 EFATR]
&N, KIFAT LARER )7 P81 P R BRI AR B R 3R, BRI R A\ 2 i 4% SE AR R 51
EFHH -

3.3 Highway Networks

4% (Highway Networks) (Srivastava et al., 2015)72& —MEEUSE(E B (&2 2 [T
I DI LS, B RES T AR IR EEINTR, MREE(E BRI A2, 35 55 25 311 45 DR A
/Al » Dauphin et al. (2017) « Gehring et al. (2017) A% Wu et al. (2019)381UE T LSTM K]
TR B ICEFF 2 SRS AR - M Chai et al. (2020)ERH T 1538 [ 48 27 {1 TH LI E
B F 458 Transformer2H 44 -

*% [&#Star-Transformer | B AR TS OB 254, D TR ZEITE, il
%f Star-TransformerH 18 TLE LS Sih F FH & W& #1715 B B JAE, (F15% — ZStar-
Transformer# REW T FIH E—EM T ET AGER, XFERHIW R LB ERFHERI ST H
# B 3% H T HATHEStar-Transformer A FF AN Y 1 78 F 28 2544 o
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@ concatenation

H @ multiplication
—> 1- 1 minus
P
TT T
Q KV (Linear)(Linear)
= Q

K 3. ek S5

HfiTEStar-Transformer T B2 L KIER N Z G, HANRF—ZHET, IA—DHHIEA D
SCHW (hy) X MR SOE BT DRSS S i BB, i AT(12)~(14) FoR:

gated = o(wih; + by) (12)
f(hi) = wah; + by (13)
HW (h;) = [(1 — gated) - h; + gated - f(h;)] (14)

HA, wy, wo R TENLHIRINEZEL, by, b FOR TN RES R, o NBTEREL
B TR A = M R RAE R FE B R E N Z LERNER, WA(15)FR:

H; = Layer Norm(HW (h;) + MultiAtt(h;, C;, C;)) (15)

Ba, Sl mEMSET BRI R Z RN TET AEEME LER NI B RAEINH L RN
—fb, JEFILET SH,; -

4 SRS R

AR A FH i 4 SE AR VR I A A AR AT 1 Weib oIR8, 38 0 AN [R] A5 B 06 i SCRT IR el
AT, XSRS RTINS T, RECRFET R Precision ~ A B% Recal 4R & 45
FRMicro — Fi{ (DBL, 1992) % bR sh F 17174 -

4.1 SEREIES

AR T Peng and Dredze (2015)AJ B Weibo NERER}, %38 HRHE 142 H8 767 BRI 400,
FATRIBE R P RO ERFAE, BEBRH T %5 B 1% BR8] 59 B Weibo NERIE#}, HCRIARETT
FABIOPREFEHLAL | BMESOFRIE «

HATHEB RS R ARSI T HREFRE  (part-of-speech tagging) AL, 7 B AEMS T
StV R T 31 0 1 45 2 MR IO 5 o 5 4R i Stanford Parser B BRI:
sEATARE, A BUEIAY JE chinese-distsim.tagger (de Marneffe et al., 2014) o FATTHF T 8K —
BN FFAT PR 7 LR BRI T 3, SR F SN ORI A RS B BIARE
T TR R A, ARSI R % R AP RE SRS E S -

HHT 5 I Weibo NERIBERIHFR F M AL, B JIZRE « FF & LR 5E 18904 -
F oI LE H T BRI AR B TR B DL R FA R 7 S AR R AR, AR AT AT LB
15 2| Weibo B EL /)N, WIRCFAF VAR R T FR B PSSR 8 B i D .

Weibo NEREBHTE L AR HFEPER - ORG - LOCHIGPE, HENEBSRIERFE
SEfR (named entity, NE) FIFEfCSE/A (nominal mention, NM) , 3 345 H T Weibo NERER}
AN RAN ARG - H7E SEARRI N R ST 75 2R A R AU SS A, Hean A\ 2 A i S 44
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Type Train Dev  Test
Sentence 1350 270 270
Character 73378 14509 14842

Word 45678 9026 9143

Char with label 4951 971 1078
Label percent 6.71% 6.69% 7.26%

# 2. Weibo NEREIE&E 45

ARERE - BB URETESE, MRS RR A AR RIS, filin A2 BFe1tsk
R . RARDA N 2 E 25 o AR RIE R R & 278 55 € SE AN TE UL AR & LR 1E
UL, XSRS MTE R R B R E A ORISR IR AISEF TORERE N 1 +E 38 A sl A
2 SR IR -

Type Train Dev Test All
GPE.NAM 205 26 47 278
GPE.NOM 8 1 2 11
LOC.NAM 56 6 19 81
LOC.NOM 51 6 9 66
ORG.NAM 183 47 39 269
ORG.NOM 42 5 17 64
PER.NAM 574 90 11 775
PER.NOM 766 208 170 1144

7% 3. Weibo NERZ{E £ Label 53 1

4.2 SLRSBEE

AN 526K FHPytorch 0.4.11E28 3£ FANVIDIARI1080GPUBHAT Ik o i FH A1 4537 1)
BEZHRAER 1T O2AH, RN RREATIGER MR E2HAT06L, EMSERA
157 93 A BIRENL R ERT I 1L -

#® AR THEBKSEE, FAT# FHAdam (Adaptive moment estimation) EAL1LFT
BHRNGZEN 2S5, N T RIESFE ZF R —ME, AR5k A =58 R 45 5 #2300,
e 22 ) 28 1Y) PS8 2 4 B E R 3005 £ 2k VE S ) ML B Sk Eihead 95 (4 300 7] #head B
IK//%) ; Star-TransformerZHUN6/Z; EENMET )% 5] ’ﬁyilearning rate’% B 70.0005, %> RKFD
FKlr_decayi® B 70.05, FTEMEZE ML Idropouti X B N0.5, L2IENSEGRE Nle-8-

Parameter Value Parameter Value
char emb size 300 learning rate  0.0005
word emb size 300 Ir_decay 0.05
hidden dim 300 dropout 0.5
Multi head 5 batch size 10
star layer 6 regularization  le-8

4. BSHORE

4.3 SRR KT
F A H T A SRR R A4 R BAR WeiboE kBRI SEEG 45 Bt e, EAHSTARFISTHN S

A F IR AN SCHE H B9 2E TStar-Transformer FORE A LK R F 138 B9 28 4L ) Star-Transformer {5
biv
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Level Models NE(%) NM(%) Overall(%)
Peng and Dredze (2015) char CRF 51.96 61.05 56.05
Peng and Dredze (2016) char LSTM 55.28 62.97 58.99
He and Sun (2017a) char LSTM 50.60 59.32 54.82
He and Sun (2017b) char LSTM 54.50 62.17 58.23
Zhang and Yang (2018) char+Lattice LSTM 53.04 62.25 58.79
Gui et al. (2019) char+Lattice CNN 57.14 66.67 59.92
Peng et al. (2019) char+Lattice LSTM 56.99 61.41 61.24
Yan et al. (2019) char Transformer - - 58.39
Li et al. (2020) char+Lattice Transformer - - 63.42
char LSTM 53.16 60.70 55.76
char Transformer  46.90 53.45 48.96
char STAR 51.28 62.02 55.08
Our work char STHN 52.32 64.53 56.63
char+word LSTM 58.82 69.32 64.88
char+word  Transformer  53.02 64.11 59.79
char+word STAR 57.87 72.04 66.58
char+word STHN 61.58 69.45 68.15

5. HSCH A e 42 SEAR A SRR A8 R AT L ()

STHN/E 2 152 7 75 5 € SEANER IR A L GEIR 2] T61.58%, O H KT HIEL
T N4.44%; X T Weibois B H &5 H ¥ RS AANMAT IR B, Star-Transformert® 7 38 15
TT72.04% WP E; AR EARSCHE B ISTHNE A BUE T H B fe i 125 & 1EFE68.15%, HLZ Hi
BT FIFLATER! & H4.73% -

A AR R Weibo B BHEH TS B SCAR N ZS, X517 5 18 0 i B nAoRe , B A eT Aiieg
FRB YT EARR E R BRI - SESMLSTMIEE M S, HINETF 5 ERNER DS
BT AN, LRETERENG64.88%, HLIFIELAILSTMAE N EEA! i LexiconZ5 14 (Peng et al.,
2019) 1 £93.64% - R, EMA TIRREFEEE, MRERENE - NMLLUEE & F#6E
WG R -

RO T AR EME R, EWMRE L, STAREM =1 fEmE el E S
T Transformerf& B Y], X — P IEIE T Star-TransformerfE iy 24 LR HAINMESS ERERCE - B
PLAAL, B TR E ISTARBIAE S BIRRE FEFAEZE, WHFESH TRLSTMIER & T
236.17%, 51 AEEMLPISTHNER W L STARBA & H T £91.24% -

Level Models P(%) R(%) F1(%)
LSTM 60.86 51.45 55.76
Transformer 57.70  42.51 48.96

Char STAR 58.95 51.69  55.08
STHN 60.00 53.62 56.63

LSTM 75.66 56.79  64.88

Char + Word Transformer 65.40 55.06 59.79

STAR 70.64 6296  66.58
STHN 72.63 64.20 68.15

K 6. SRR

1B RStar-Transformer i P{E Bl &% TLSTMAR 2 | & RStar-Transformer & 25 & 7 8 2
fJTransformer, HARFT EiAE — N2 EEITEIEER DBEA  1F & X HL & 1 5Star-
Transformer 7 BRfE | A1 7RG, RBIH T B 2RS4k < &4 7 SRR BRI RS, B2
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[E A 7E BER B S:, TS E PIE R -

MR LR R R A E S R, B AR B 4% % Star-Transformer ) & > T0E 77 51,3
TERR BN, SRR B/ RSTHNEA MR TSTARBEMEPE L3 T 2%, FiET
SLSTMEVRIOYR - SHRN, STHNSUR#— 5127t T REAR (- dHa L, S
PRI LU ACRAR Transtormer 033 BERIFIRE, - IR 3 41 ST S ABIERE SR T -

4.4 NE- NMZ5ES 517

F TR H T =R B FERE E SR (NE)FIFE A SE AR (NM) BT R SR I8 45 R o X TR E
SLAANER U, BARHEBME 6L R —2, LSTMUAEPHE L HLE; Star-Transformerf]
SINW R TRERKEERA, DN427%; FA] &% BISTHNE B 3 — 5 i 1L T Star-
Transformer, fERFIFE LHFIAR T &mE, RARPEBRAEBBLSTM, (HE DS R GER
ZREE/IME -

#£ TNMAE & ) £ 98 /& B T Star-Transformer®f $& 1€ S AANMAT IR 51 74 68, STARE 2
TEP ~ RFIF =485 L #P HUSTHNRE Y B 45 5% - th o, STARMEEZ B RIE HLLSTMIE 2 &
H T 296.18%, 7] WABK T4FE LR, Star-Transformer 8 1& & A FBCLANMAT RS I o X
Wt — DU IR T BATRF Star-Transformer S A 21| 14 58 BEAA AU, Ay 42 S AR 51 B9E 200K -

NE NM
P(%) R(%) F1(%) | P(%) R(%) F1(%)
LSTM 71.92 49.76 58.82 77.22 62.89 69.32
STAR 62.30 54.03 57.87 75.28 69.07 72.04
STHN 69.23 55.45 61.58 70.37  68.56 69.45

Models

% 7. NEFINMiFERSE R A7

4.5 STHNZXHS ¥

AT — DL I T T WeibolB kL ERISLIREE R, R ILE A T Highway NetworksfStar-
Transformert&® 2 NS IR 51| H BH 2 [1)Single R 2%, #£ 8E/R T HHKEIR - STHNEM HLLSTMZ
PRAIH T 671 SingleSEA , FEUIE BN weibol B &5 T A20% - JXEERR IR A2 S BE e+
RMERESRA WIS, HAFAEE T BRI B A B — L AR SR IR IR I RS2k, T
HPERIFER -

HE LSTM STAR STHN
Single 327 258 299 325
Else 175 98 142 89

7 8. RPIEE R

F N T IILNEREERT HI AR ZF, 1R 2 ELSTMAEL AL A 4 T i 45 5% 1 58
&, STHNIEEY GEAS VERR M ELFIIM H 5F o Star-Transformer F3E N LHIBEW R EE 1 F3
TXER, HEEAEFIEEA)TE, WM EMIEHEZSE, XHEFRER
R FE A St -

Sentence LA ... .
2. H E 2 AT I LA P A
Word Rl Ko 3 FEZ 2
LSTM B-LOC.NAM M-LOC.NAM E-LOC.NAM S-PER.NAM
STHN S-LOC.NAM B-LOC.NAM E-LOC.NAM | S-ORG.NAM

9. HRIRBI T
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5 458

AR YE A TF I WeiboFRL B 75 B 40 i T Weibolfl b BB KL, H HIRH T FiRB A 1
5, BFRLE S A R S E BN EAE R T EMEMERIEA, FEEIEL R
BHRfARA) T RAE « AN, AT T 1% 85 Transformer7E /1 4 SER IR BIESS FIH S, FHFE IR
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