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Multimodal Data Fusion for Few-shot Named Entity Recognition Method

ZHANG Tian-Ming, ZHANG Shan, LIU Xi, CAO Bin, FAN Jing

(College of Computer Science and Technology, Zhejiang University of Technology, Hangzhou 310023, China)

Abstract: As a crucial subtask in natural language processing (NLP), named entity recognition (NER) aims to extract the import
information from text, which can help many downstream tasks such as machine translation, text generation, knowledge graph construction,
and multi-modal data fusion to deeply understand the complex semantic information of the text and effectively complete these tasks. In
practice, due to time and labor costs, NER suffers from annotated data scarcity, known as few-shot NER. Although few-shot NER methods
based on text have achieved sound generalization performance, the semantic information that the model can extract is still limited due to
the few samples, which leads to the poor prediction effect of the model. To this end, this study proposes a few-shot NER model based on
the multi-modal dataset fusion, which provides additional semantic information with multi-modal data for the first time, to help the model

prediction and can further effectively improve the effect of multimodal data fusion and modeling. This method converts image
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information into text information as auxiliary modality information, which effectively solves the problem of poor modality alignment
caused by the inconsistent granularity of semantic information contained in text and images. In order to effectively consider the label
dependencies in few-shot NER, this study uses the CRF framework and introduces the state-of-the-art meta-learning methods as the
emission module and the transition module, respectively. To alleviate the negative impact of noisy samples in the auxiliary modal samples,
this study proposes a general denoising network based on the idea of meta-learning. The denoising network can measure the variability of
the samples and evaluate the beneficial extent of each sample to the model. Finally, this study conducts extensive experiments on real
unimodal and multimodal data sets. The experimental results show the outstanding generalization performance of the proposed method,
where the proposed method outperforms the state-of-the-art methods by 10 F1 scores in the 1-shot setting.

Key words: named entity recognition; multi-modal data; few-shot learning; meta learning; denoising network
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o, SIM RARBLE T J7 3. T L-TapNet X% [ T BB EUE 5 0L, 1EARSCH, 0 7 8OR 4l B s
BR, WEMATZHAEE. B, AT HAAS SO B A A6 SOR 1 BUG B i N gt 38, 737l 15 31
A SUARRIRBN E, B RE T EURAE BRI S CAR BN E,,. T EIR PR R R AN AT A, 1350 a S
BRASRORMRN Ep 7 38 G B A2 265 v 10 0 7 0000 ot A 78 3 ol 47 THT 2 00, 76 06F R i N EEA T il 2 T, AR SO
PRI HR NN 2508 X 45 o, 43 045 2 P Rl itk N RS2 IR R o F1L B, 4R T AR HE A (L 06T 79 ol i N HEAT A SR R,
MR B A R E B Bk
EF~axE+pxE, (8)
o,
a,p=0(E,E,) )
KT ZME LG HLARANAT, KA 3.5 W itHAT IR, 25, 3@ BUT R )5 3048 B R & A A A SR A
P, TERERRE ¢ 0 m MEARIEIT:
RS E, (10)
N T R G R AR R AR, AR SO 3 AR B B AT UL 4 SR W R R 2= 2 DL T,
T R A I RR A R H“B-IHA] . -NA]. OL B-A. LA [-A. O. O”. Kitk, 7E K HHEE, MFNER €1t
HXCA R A TN S FTE AR B-I L AL B- AL 1AM O) 9 R i N IARTDLEE, K LA R R 5 9 %
FF CRF Sy $ot 5. @l gk, & B4 75 b 8t B AR Bl 4 HUR &K
3.4 HEBER

% T ARGMESS 2 5 T % B BRI, SR, B84 CRF M T/MEA G & SRR BTS2 R 5
R A, JEmsem B R . bk, A SCR Y146 % (collapsed dependency transfer, CDT)#L#. CDT Fi
Foe% ) AR SRR 5] — ANl B SR HE B, 76 H bR b, K3 SO B S 4 TR T e T F 0@ L
BARGUR bR S R A6 RE. SN T AT Hh R CDT ML IR 3R, A& B 3 dgs i+ R R g i k.

EILH 31402, CDT M R R R I3 AT 5 5. WK 4R, R LRI A 3x5 BIAERE. 7
R, CDT ¥ B AR MR AR # Bl 807 B 1" 3 “07“sB7“dB” s dI” . [A] (I ¥ F kol Hor, «“dB”
Hed” R RPN BARFR & RE SCRA—ER. Blin, “B- N H“B-K 758 T R £ B E|«“dB”. 1M “s” &

NE XL
O  B-A B-EE I-A I-BfE

0O s dB sl 05 | O 9
olosloal v | ol 03 [ 01 [ 02|07 | o | B-A
B|o3|o1|o2]07] 0 @ 03 | 02 ] 01| 0 | 07 |B-ki
1l os | os IEERGE o 05 | 01 |07 | 08| 0 I-A

05 | 07 | 01 0 08 | I-BE

OEEEE 7 (b) BRI B S B
Bl 4 il G R R R T 7 19112

FETCE I W, CDT 422 5 38 il 5 2 R e 42 IR U 70 L (A s v R T, 49 2813 2 40 P 2 7
BT 3 AR A (B-IE] . AL B- AL 1AM O}, PR3l R AL AERE RIT NG I 5 Fh B ARARSE
B BRI, Wl 4b) PR, RIT N & T 7] — th SR B 56 76 1O R AR bR 28 e A 3L 2 e 0 . i 4 e
ANt AEJEIT A O ) B ARAT 55 e R FERE IS, <B- A2 “1-I 5] F0<B- I [A] 3] <1- X #8 J& il S 8% 72 <B ) «dI”,
Bk, e 7 B2 0.
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E A ) B A U A0 5 B B i, MENERAR 9 R0 5 A1 AN 7 B AR 22 45 3 24 10 45 T D9 AN 1R AR 25 1 6 7% 70 £
Bn: 25 5“4 BRI AR 25 R <B- NI, &3 00 R <B-IR [8] T 8] B- A7 <T- N F1<O” 1) 6 78 73 $003 73
0.2,0,0.1, 0.7410.3.

e, BT A LA B R G O R R IR 0 B, RE 2 3K (3), TR A TR N B
AMPRZE 0 5, 73 B K AR RS AT D 1% 3] 1 T30 bR 25
3.5 KM

1T BB R AT B4 1 5 S AR A SR 1 AR S, IR AR SCrR, BB B B R Do B B S Bt DA BRI
ANFEA SCAR S S R AUAM I SUE 2, FE BB R SR iz AL e, SR, Hh T 2 B ot b A7 AR AR ™ K B 5L
ATFREOL, R, T S AR ) P A B A7 8 R (R PR AR, IR SR AN i Al B R e T,
SRR AR K 5], BETT S EBORRR 2. DY, AT A 25 R X 2%, AR PRI M P A A A TR
T, BT AAREARLERBES AR R0 2R, gm0 E8 T AL A, T T
Tl SRR KB KOG T 8, TCE A RO A R A I 22 R, A, AR ST A o > BB AR
FE 25 RIS S 5] H 1 25 e R 2%, A LA R AR BB A D ) H AR UK, AR IR FT LA RICUT i B A 2 ) 22 5 1k
17 B M P AR A B R [ R R . AR VE R MFNER RU7E RS BEHRINN T 230 (4%, 1) A 75 55 B A ERL
. BT RO R A R 2 B SRR, DR BN 2 R R 25 A B RS AR B A RO, T
/W SN, T A AR SCAS RN AT R R AT B 22 S SEAR RN . T A R 1B A D R ) 2 it
175830, B B BISEAR RN, AN Z A LB R 4.

FME L% 5 A RS B LW, DUES R M 2 BN R A RO, BRI E AR RO B BUR WA 2> ik
N T .

(1) BRSSO, AN 2 B HdlE, 2T SR A S i R R IR G SE e e . R, AR S

AT BARIR A A ) —H 20 F T4 it AT 5 (038 3UA5 2.

(2) FE T EGBME BB SO, UG SCAR S BB SOA P M BERT B8, il BERT ()
HEE P, W DA RS SO R S B0 B B A st RS R Bk, POk B A R
SCARNHEAT @y, MENER K258 1 BB AR B SUBES SCAR IR 9 A N 10— 88y, A7 30t
ZF T EMREERER.

FEMLIERE b, KM R 2830 — D XA IS A5 B AT KR AR B, B3 N SRS SUAR RN E, FIUBE S SCA
BN E, EBGERE T oML, atp=1), BEMEH aMpIPEMRNIIA L. Bk, R GRS
FREAAAEER, WA R R M T RSB pE M, WUREGEESE B EE THSNNIE XE R, MW
RAEZEFA LUK T aftl, B RUBERES SCA RN AT CLER P B0 == 1A SCAR R a2 0 25 MR ) 208 0 AN [ 10 o A
AN ) 7 AR A IE ) a1 B, MENER SEBIL T AR FE A N AL 5 30 40 i O 58 Pl 2 R A 55 10 H .

FMR N ZX AR GRG0 ] 5 B, KR T E M E, BHEAE —R1E N, LR softmax BREL,
2 H R A R R (KA A 1 o1 8. T 30

a, f=softmax(linear(E,®E,,)) (11)
Hh, @y & HHEERIE.
BIES
XAHNE, 5
8
:
—_— — : —_— a.ﬂ
¢
W 5
XAHRNE,,

K5 2 M 2 15 70 Ay
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W T AT e s 21 7R 2 LI I R R R 4, DL, ASCR Mk 2 S 8 E v eS8 e, WRisaK(),
Ao AR S K BV AU I B R B ", e TR KR 4% 1 s S B S FEBEAT VRN A 2. BT R
R 0 2 ) 1 S A e ) SR TR SR IBGE R v, BRIk, AR SO AN R BB e S A I RE AT . B 6 R T
RIS B TS B T

BAEARE —————{ Softmaxsim@EAMARE, 1) =13,

HAx

e mmmmmm e m

I )
HHS IO
6 RAHELBR I G S AL R

TEWERACES, WiEl 6 PSR, SCREAEREA T S 25 Y i 25 15 1) BB S SCARHR N R OUREZS SCA ik
AN SRIERE PRGN R e 45, 13 B N A E R F o f B, Bfa, BT afl 3T BB STAIR AN F DU &
SCAHE A INBCR A B A B R A (A (), AR E AR, (HEFER R BT R 28
AU T KRB A R ETERH A8, FUEAR T, ARATERMSH, [FIME AR
Bpel. fESMNERALES, BT R IE 6 B2k Bras, FRAE A R VP BE AL MERE, B, GBI TSR
WEICSHIHFBREN S O™ Bk, T WERAE SIS B E R, A S & JE R 5
RBLEE, BETT TS B 2% L9 . SRJG fte L9 R BT 26 16 00 2% R 25 1) 4% (K0 S 4. 6 B A R s B R 1k
Btk BERARTEITSH

Fiab, FEBA VNGO FE A, MR B0 IR R X e 3, FRATTHE e s 250 5 1 B0l — R 4%, @i B AT 45
B9 20, k2% M I 4 ) W7 4 A AR o RS B AT 2 R BE, NI 92D PGS J2. I 75 0000 (T R L. 2 SR ) g
PR AT BB X 4y, TEUNZRIE AR A, G875 BRI ) W B AR 15 S T R AR, X R S A R I A A M 11
2%, 1E/MFERIITEH T, BN 5 ESEmE.

B, AL MENER #2757 ik i 08 A0RS, 0509 1 R, B %6, WEEAMES Th BENLYI AL H S Fr 42
S, B WA O, XF, B HMAmILE P ERCARRARBEGHRANCE 4. 517). EWERILE, BRATEHF
WRANPFEIF AN LRI g, , 132000 B AR T, MRAEACE T AR A SR &N, i3 1M 75 ) A
A P 6-8 17). WAL, FIFH CDT ML I R LR K E @, JETTF AE B A SUAT 55 I R B Moppana(B
917). MEANZRALRS, 4P A O, WIBBEIR P A M., 1HEITCSH O 11 17).

E 3 1. MFNER 7772,

N VR T, A2 R 2 .

i iSO, RLBSH O, EENESH O, MR EBIER O,

1. o< BEHLFILE

2. WHILE ¥ 8k

3 FOR #/ME% TieT

4. Si,Qi<—}J\ T; R E LR RE
5. E,E, « encoder, (S) BN SWN GNIEZ ¥ 3/ IN
6
7
8

a,f < g4 (E,E,)
E<—oxE+PxE, [I13BIRGHAIRA
Pfi «—avg(E,) 1145 3 il B B S i 2
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9. Mg < CDT(@,)  //453E3& AT 55 I AR 2 MO Ff
10. END FOR
11. D=D-nV,y LF(P.M,,,)

T;eT

12. END WHILE
13. fthgisaS o, KBNS o, AR EB LR,

4 SCIGHRT
4.1 SCISHIE

ARICAE 3 AT B SCAREE A MG EE 1 i) 2 RS B 48 Bt AT S8 50 3 N EUR A4 A T

(1) Twitter-15 354 H1 Zhang 25 AP EE1G 2, 1045 4 Mr%E, JHH 8 257 MU A+EG BEART, 1
38 B NEAREIE EE I, 1-shot 5t T A 200 DN/MFEA, 5-shot 5t TH 172 4 few-shot FEA.

(2) SNAP #dsdE: i Lu S AV E 3], A3 4 MR 7 181 NSUAR+EURREA NS, 75 HE 1 1/
FEARBHREE F, 1-shot 5 N4 200 4 few-shot FEA, 5-shot 375 R 111 4 few-shot FEA.

(3) Twitter-17 $#E4E: SNAP (i€, M Yu 25 AUICEE, G5 4 MR, S 4 819 AN suAR+E1E”
FEANT, 7ERIIE )/ IMEAR BB L, 1-shot 5% T4 200 4> few-shot £ 7%, 5-shot %5 T 80 /> few-
shot FEAS.

NTRRUNEAR R AR SCIRYE Hou 8 NPHRHMERFE L, ¥ Bik 3 AN EMHEHREM AR 1-shot A
5-shot /MEABYESE. AR, WATRIE“N-way K-shot”J5 M BEAT few-shot FEAKIE. 1Ty &2 ST IR AL S
LRk, B —4 R Al G L2 AN sifdk, BT AR E few-shot FEAS H — MR IRER AN A DT K A
FAEARIE few-shot B A TEIE“N-way K-shot” U FIRTHE T, ZRMMBRAE AL A N IAT B REARET, % R 4R AS e
B 2, DLORIEREAS M/ B 0. 0% 45 1 Bk 4 =ys 03 2.

#2 TEREIEE

Bt 4 s FEA K& k-shot few-shot ¥ A &
ORG
Twitter-15 OgglfR 8257 -shot 5 5-shot 200 % 172
LOC
ORG
SNAP hl’fglf 7181 -shot % 5-shot 200 5 111
LOC
ORG
Twitter-17 I‘g}ESRC 4819 1-shot 5% 5-shot 200 5% 80

LOC

TR IR EME 1-shot /MFEAREIRER, 3 MR EN few-shot FHEARL R IT 200 4, HH T2
BV & A TR BRI, A SCE/AMEARMEEESIZE T 200 2~CLA.
4.2 EMNIEIRREEER

AR VPN FEFR F1AE SR VEAL NFEAS iy 4 SEAAR R B PERE. 1B 08 F VRN T8 45, FLAESE 2 Hh
F T 200 B9S2 AR B TARNSIdh . F1AE 2 kS 1 22 (precision) 1 3 8] 28 (recal l) I F1-F 250 414 3EAN 2859 1 T
W, R i R IT $8 4 288 52 N AE B R ) IEREAS 5 40 58 9 IE ) (R SRR AR 1R LB, A [l 2 4 177 2 3 T A 1E 1)
HIERE AR S %28 2 I IE B e Bk A X R,

N 1 ESEECIES
Fl_zx_‘%ﬁ%%ﬂalﬁl%‘é (12)
A SCK TR R MENER 5 B8 25 /MR AS i 44 SR R BB (3% MNet, WPZI™IAIT SpanNERM) L K,
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L MRS iy 48 SEAR IR ) 77 2 (ATAP?RD Bert+CRFUYN 4T 1 L8

T 5 AR S N A iy 44 SR AR B AT LA, T DLIE BH 22 A A R X N RE A iy 42 S TR AR R T
BIA k. Nk, A 5T RAI R MNet Al WPZ 3EAT 7 bLke, & AR 2 F i i 45 sz ik 5 DR AR S AR Ao
FE 73R4T SR T, LA MNet $5- 45 A 259 1) S RN (0 7 35 4 S ek 97 288 1) i B A 2 Ji A P 4%, WPZ
F T R MNet A1 [F] (¥ 5%, B2 0K J5 0 X 2 B 3R ILIL N 8. [RIB, AR SCIR SR 25 58 T ARZE MM 7 vk
SpanNER HEAT T L. SpanNER K A5 5L 43 Jy sC 3 MU 5 s 4y 268, @I X Fh 7 30, 5514 token-level FIFRZ{K
T A 2 1) S

FAN, RIIES 2B IRRN T ITA 347 7 R ITA B EGAE B SCRE R, 3k EG(E R
A AR E SCAE U P, SO AR M A 2 & thath, AR 51K I B8 BERT+CRF HHT
T, BERT 2 F Ui 5L T4 28 I 2% 1) SCAR 43 RAR A, 78 RS I 2R 200408 (9 33 A 3 K I TR 14 B8, CRF
HE 28 32 B2 FH - 2 2] SR 55 P AR 2 K TR R
43 IWHE

S 2 i i TAERS 4448 04 Twitter-15. SNAP Fl Twitter-17 3X 3 MR 4E M) 229 1-shot A 5-shot HJ/MEE
AHHE G 53 AT S0 AR SCBE AL B AN R SR AR IR, IR I — DN EUR M AINREE. N T b sk
WREPLGE R 2, BT 5 MR T, AR MBI P75, 8 5 R RN F
1B (P AR N B R br.

ASCHTHEE R4 Ubuntul8.04, Python3.8 L% PyTorchl.7, 37E NVIDIA RTX 3090 GPU HHfT524:
uncased BERT-Basel*s T35 HUAS S 2 B 05 5k DA R J k5 W 00 BT SCHRON. b4k, S236 48 ] Adamt M1k 2%
YIBR, Horh, batchsize 7 4, HSH2% ) R RNEBGEE 2 {1e—4,1e-5,1e~6}, CDT 55 5 [ ) 58 i 5 ) %
BEHE B2 {1e-2,1e-3,1e—4}, 23 W 2% 4% ] Rk UG B2 {1e-3,1e—4,1e-5,1e—6,1e-7}. X T4/ ML AL [H]
—FSHECE, R RS2 UL RRTE T I 8RR IS R AT BE N S B EE VBN S HIR E
4.4 THERSHH

R VAL T 2B B (/N R AR iy 4 SE AR 7 7 MFNER (945 30t A SCWF 9T 17 LA R A 1]

e RQI: MFNER J&75 0] DUl jd 18 Bl 25 B4 045 3R 15 LB 09 2 1 /INRE AR i 44 SR 180501 5 25 38 47 19

g

o RQ2: EVZEIE T4 Z RN T, MENER 275 Lt At 2 48 25 iy 42 Sz 3R ) 05 2 5 42

T PP IR IR AN R 45 R, A SC¥ MENER B2 43 51l 55 /N B AR SR R 1) 7 9301 8 A5 2 Sz R R )
J5HEAE 1-shot A1 5-shot W F/NEA I 5t T HEAT 7 0T L SEE6. 15 T SRAT R 18] BRUBEAT S U6 45 S 40 #r
4.4.1 RQI: MFNER /& 75 0] LI i £ B 22 1A 2048 SR AT L IR 10 S 3k /INBE AR i 44 SISl 53l 5 40 B8 4 (9 45 12

N BRI AN W A R, AR SCH MENER LA 58U [ 28 3 N FEA LR IR 5 U7 5 MNet, WPZ Al
SpanNER 47T Lb:. HoAd, MNet il WPZ 25 [EFRE 2 0] FR K #19% 5, SpanNER 554k T hr & 45K font 150 25 - 1
oA, SRR A R LR 3.

5 FE bR M ) JE 2 J5 v MINet Bl WPZ M LL, A SCHEH 19777 MFNER 5% B K35, 7 1-shot
A1 S-shot ENL T, TEFTA FIEUE LR ARG TIRGF IR, JUHAE 1-shot I/MREARIENL T, “F¥ FLE L=
IR T 14%. WX — S5 RN AR B ME RN, Bk, RS0 R B 4 s R A R 2 2
AT AR B IR 2K, FEIXPG LT, R S 0 S A D 4, A TR K AN ) 4535 11 i R e A 0 A [ )
(] ep, B DA Ok S A, R B T AR, ok, BT UNGREIE T A R, A S IiE UE BT Rt R
SRR, BT S BICIE S ST A RE U . Bk, I Z RSB E SRR ALEIN A J0E UE B, AT AT
B 22 ) 0= B A8 0], R /MNEARARE R A B8, 7 S-shot TSR, MNet 1) F1 fEHES =T
MFNER. S8UX AN 45 R 11 B K 7] fg L Twitter-17 f& SNAP [ /R, WA BE4E S H £ F I FE A
W, 7EXT SNAP AT IR, Twitter-17 1E N IIZREE, #EBITT LA Twitter-17 HIE RS K& M An il FAR B 7
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SNAP #4fi 45 Ek4T 3. B2 MFNER 48 F ) L-TapNet 34 7 &) 0 A508 e 565 76 A [R5 B35 a5 18], FEAS 17X
FhILPEENR 5 2], T MNet #4938 815 22 A, B 808 3% 2 (R — 18 SO ia], mr DUSE 4 R R 3Rk
F1H.

# 3 MFNER 586 7ATE 3 MESE LY F1LEG B TIREZE)

k-shot Ji % Twitter-17 Twitter-15 SNAP Avg.
MNet 77.47+0.50 55.2240.78 73.8340.26 68.84+0.38
WPZ 67.13+0.98 53.36+0.49 65.73+0.73 62.07+0.29
L-shot SpanNER 75.54+0.33 47.0240.22 73.41+031 65.32+0.20
BERT+CRF 0.88+0.87 0.78+0.69 1.02+1.04 1.6242.12
ITA 0.88+0.88 0.80+0.70 1.01+1.04 1.67+2.10
MFNER (ours) 82.58+0.43 66.79+0.33 80.04+0.57 76.47+0.35
MNet 84.36+0.29 67.67+0.27 76.87+0.20 76.30+0.19
WPZ 76.61+0.85 66.22+0.70 71.99+0.84 71.61£0.38
5_shot SpanNER 74.77+0.26 50.67+0.32 67.97+0.22 64.47£0.17
BERT+CRF 1.09+1.06 0.95+0.75 1.30+1.27 1.11£0.92
ITA 0.94+0.96 0.95+0.82 1.10+1.04 1.00+0.75

MFNER (ours) 82.93+0.64 68.60:0.21 73.87+0.67 75.13+0.38

52 e H 5546 T BRZE AR AR AR 2R 520 FY) L B 7 9% SpanNER A EL, M 3 ANEUEER TG R BE, Liga
1-shot i&/& S5-shot MWL T, MFNER ¥J#E# T SpanNER. H:A: £ 1-shot & N AIEIE S Twitter-15 L,
MFNER ] F1 E#m T 19%. Ak, ASCHCH W 53 SpanNER J# i “B1O” #5244 5 it SR SR I H ok, i3k
T 75 token-level IIARZEAK A 55 5. SpanNER 20 T ARZE G XAF B, (HR&XT T 5% 335 S E R Y, #rfE
B EEy. Wik, ZETHZEERM token-level FREKMIERS, 1T UL NG 2t 3 B /N REA R 12
A,

Z5 b, MFNER & 240 T 3UE 19/ FE A iy 4 SE AR R 51 U7 B B S AN (E.

442 RQ2: TENGEIET 75 Z RIS T, MENER & 75 Lk Ath 22 8525 Ay 42 SR ) O v 58 472

N RIZ I B, AR SO TR U5 VE S IR I 2 BRAS TR IR A ) T YRR AT T U, B 4E BERT
FITA. {HA3E M) /2: BERT i RS 5 B, A SO B B SO 5 5 R IG SCARBHEME NFEA, i
A BERT #47 SEARIR. BERT Al ITA #5246 5 A SO A SCBLAC B R REAT A PR, SHIRgs R WK 3. G RTT
DL 1, MFNER [ R84 N BN SRIRZ. 7E/MREAR SRR 1B UL R, ITA Al BERT+CRF A2 (1) R BB 17> A AE.
AT REMYJE A 2A: ITA A1 BERT+CRF B8 AR & ] BERT #5BYAE R AR, 75 SR 8 20008 Tl Il 2 DA CRIE 00 2
R MIENERG R T, L% T, FIFEARLESN few-shot LA, R, 78I AT A /MEAR )RR A TILEK
FEAR) SRR AT IR, SEBOEA = EH i )5, 43 ITA 1 BERT+CRF &R iz AP RE 143 %2 [R.

R, &N, EEEET 2 ZRINEN T, MENER M T B 112 B dr 4 SRR 5 5 3 Bkl
#H, IFEEERSE S ERME.

4.5 JHEASELE

AT 75U B e 2 AR 0T R DL R X 4 R BE M, AR SCAE 1-shot (/NEEATE LR 20 i B
T HR s T 0 LR R R BT R R

e, TR 5 RE AR A B AS B 8 T DA B /R AR B TR iz AL e e, A SCE AN R R R
WA CARBARAE N, {f MFNER 7E% A MRS BIRE OUT, @47 RR TS, R4 dalRxRT
81 BRG BE AOAE T G B 25 3. /8 3 MEORE B, A BUR SRR B Tl e, A8 F1E
HA R BIFRTE. IX 15 B 5 B8 2 R B0 1 ff v DAES B ASE B A 2 B8 =F s AT S (R, T R s MR AR B Y Y
Z AT RE.

9T P L A B AR S B R R, ASChA T BARSEE AT, T R, T REA T R G — A
] “Katie”, B E AR N“B-PER(person 145 5)”. 7EM# BB HEIRE B LT, “Katie” B 45 1R IR 3 807
TEAS 2 B35 HO8s A 0 T U A E IR AT IR R R o T R H RS NE L T, BT
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“Katie”§i —/MA N “so”, &if LT EER, “Katie”IR 7 5 #1151 9 T8 25 18 i AN 42 44 18] “person”. T 7E I
TEESCARTITE O, BT B SR RS H IR 7R “person” A5 B, 41 “woman”Fl“her”, 5 RIA4ME L
TIEBEE S S, T B A T IR A O Xk — 2 B A B S A S A T DL B R AN AR
ALY (18 TR0 1 R

T4 ZBUESHIEHE O s

k-shot Ji ik Twitter-17 Twitter-15 SNAP Avg.
A5 FH A ASE S A 80.78+0.24 64.73+0.78 79.01+0.66 75.4740.42

1-shot I
A FH 2 15 St 82.33+0.47 66.18+0.60 79.61+0.90 76.04+0.57
AR Psychologists explain why Katie Hopkins is just so Katie
HIRE 0OOOB-PERI-PERO O OB-PER

fEABEAEIE OOOB-PERI-PEROOOO
{FRZEAEIIE OO0OB-PERI-PEROOOB-PER

<EOS> a woman with her mouth open and her hands in her pockets
EgEa <EOS> a woman is singing into a microphone
=

K7 ZBESRG S B AR S

HIK, N TUEW] MENER 25 08 R 28 (R0 B, AR SCUEE 17 A5 FH 25 WG 19X 20 AITAS i S 25 o o0 46 79 o 2 B
TR, Hi gt RILAR 5. SRR LW 2, £ 3 R SE LR T FLE A RTE. XAEERIEY T
KR B0 e, U IRAE AR B AR S AR i, A o 0 80 A £ T R, T P 25 IR I 4% T DAAT S
IS R £ i A 0 (0 A 2R S

I Ry PN INRET B

k-shot WiR/S Twitter-17 Twitter-15 SNAP Avg.
SRATFH 25 1 ) 2% 82.33+0.47 66.18+0.60 79.61%0.90 76.04+0.57
1-shot I
A5f FH 25 1 Do) 4% 82.58+0.43 66.79+0.33 80.04+0.57 76.47+0.35

T BE— PR B 2 W N 2% B s B, RSO T B AR SR . i 8 s X T REA o 1] “Isaiah”,
B SEAR S N “B-PER”. TEARH A 2508 2% 11500 T, “Isaiah™ B 5 R R 9 <0”; FE18 A 26 W R 2% IR 45000 T
MR IE R A SC TR R R s BT LB T AR ST S, “Isaiah” ) bR SO BOFASR IR BT, Sibr b
“Isaiah” & LLE AN AL PG —AR 4. K, “Isaiah”fE ALk, BERT PLR IR “person”th AT LAR /R “book”. HI
AR DUE H, Ak “Tsaiah” B8 4 1] T 4% 1253 J9“person”. AT IE A BIE(E B G, BT EEE R PRAR
15 SLHB 5 “book” B AH I, 4 i “writing” Al “font™, BT LAY B ff [a] T\ 4 “Isaiah™ A J2 “person”, 33 1My 5 F5 A 1Y
RIS 3R, AERXAME O, EURAE BAE e A R AW BB 7= A T R R I 515, T30 o A P 25 T o) 2% 2 figh g 75
FEAKT R R RE MR )5, B AT DLIE R0 “Tsaiah” AR 25, IXBE— 25 U . 25 158 00 206 1) i T LA BB Y A5 2%
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PR By his stripes we are healed Isaiah 53 5
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KFEARRNE 000000000
FAEEMNZL OO00O0O0OB-PEROO

<EO0S> a black and white photo of a sign with writing on it
<EOS> a black and white photo of a font made of letters
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Hys 8] A R, 28 Tk 2 55 BB B H .
4.6 DAL

N BE— 35 U 2 RS Hd wT DA Bl AN RE A7) S5 1 i 44 S AR U0 B 3R R AL R RE, A SO TR S
B R R R S SOARE B K/NEAR SOTA J7 ik M S AL SE i B (5 B IK/MEA SOTA J7 ikt AT st Horp,
XTSI G BIE B MFEA SOTA T7ik, ASCRSCARI B G SUARBHEAR IR, SA5 A BERT
PRRRIE S T B SORAE BIISCAR RN, JR3 HAE 8 Z RSN A T U ZRAn k.

R 6 JEIR T AE 1-shot fH 4L T HISLIR AR, SIS Rl LIA i £ ZEAE 25, MNet Ml WPZ 57
FITINBCR A 4R T, Horb, WPZ B SR THE W I, £ 3 MR b, FLE DRI T 1% 3% 9%.
YL BB AS BRI 2 T 9 /N A s S LB SO PR A, 2R T 2 AR A Hoe N AR 3 SN AT AL
k. SpanNER HERLfE AW 5 M BAE S5, #£ 3 DL LR PSR M A TR XA RER) SR K2 fE
SpanNER [ SE Al U Be, Mokt S A A 55 B WO bR % B, 1A O, JFARFIE RIS BARIE UG B AR
B AN RL B R B A5 AR O EUME S B S, BAAREEERET, RIS S A BUE R 7T 4. MFNER
AN T 2 H345 210 SOTA JiiEMH, MARTE 3 D Edi 4R R IAAL, Ui 7 MFNER 5 K2 (L1 RE.

K6 BRSBTS

k-shot ik Twitter-17 Twitter-15 SNAP Avg.
BB 77.47+0.50 55.22+0.78 73.83+0.26 68.84+0.38
MNet
E2LE 77.56+0.27 56.08+0.48 73.94+0.51 69.19+0.19
A 67.13+0.98 53.36+0.49 65.73+0.73 62.07+0.29
WPZ e
1-shot E2:8% 78.77+0.33 56.61+0.50 74.92+0.44 70.10+0.16
BB 75.54+0.33 47.0240.22 73.412031 65.32+0.20
SpanNER
LS 71.30+1.05 41.98+0.64 69.92+0.36 61.06+0.56
MENER (ours) 82.58+0.43 66.79+0.33 80.04+0.57 76.47+0.35

5 B &

ARSCER M T — PR 2 BRSO 1N RE AR i 44 SRR B R MFNER, X TH] ) SCAR IR /N RE A iy 44 Sk
WAL S5, P G 25 Bt A1 D il B A 7R 345 B A R SR T 02 AL 1 E. MFNER #7888 ] CRF HEZR I 29 O 3
AL ZREAE B SRR . R BRI RS B B, 2 RS B SR U O R B AT TAL B, R LA
NIAAG R, PRSI RS N A R0k 75, TS B B H AR5 A S0 ) S 2 ) 5 T D 2 I 4% £
T35 108 PG SO 1A, K 2 RE A 5 R B PR ARDLE AR D RS 0 8 e R B i i 2 = 38 ) ) b R A 284K
R, MR A RO AR S 2 R BRI &L Ak, ASCHRE Y 73 T 0 AR S e 2%, K I 4
% AR PG B A v W 7 A A AR T 7= AR AR B S IILR. e, E RS BE M 2 S Bk 4 Lk AT T
ST S, SRR A5 RIRUE T AT I A9 MENER A58 (4 2k
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