)
L
=3
Az
ﬂ
%

28[AAE R RS FEFREGLE (20224E3F)

BT+ X FETEIC & B ALFTIEEDERK

SFPY M

A iR

BT

{hiroki.teranishi,

e

AR AT G & 2 ORI N2 e 4
K327 7u—F2RRT 5. RBEFIEITEFMEN
Y ZEHERT =2 R 2B OHIETITHA
L, SiETVEHVTZNS DZEFNCHE—D T ¥
A N EEDTH5ET 5. AMiFINEEOEFHFE X A7
WZBWT, ERE N8RS 2 SRANERT 5
PAZBEFEL, KV Y — 2R TOEFIIBIT 3
2 27 OYEREM FICEBR S 2 £ 5 R 5#E:E O H
PREFENERLTVDE I BMEET 5.

1 BFE®IC

SEETIVOHEMEEIIAHELR LR LT ¥
2+ HPHANRERRES 2 TR U OEEREL
TW3,85 %4 A TH%. BERT [1] % BART [2] %
UL T 2EREETND fine-tuning 135 % 72 X 2
7 DWRERIE EIT LAY, AFICE o TI A
ENFRKEDEE T — XTI BT T LVEEH
L CRIRMN 2228 21T 5 few-shot Y [3, 4, 5, 6] %
7 — ZJLEE (data-augmentation) [7, 8,9, 10] 72 ¥ D&
AHEFEHINTWS., L2L, INH5D0RHADEZL
XD D5 e 2 A7 AND@EHICRE XN T
BY, WSURN2 EHEICE T 2 X 27 ADIEHIC
DWTIIRFZEDE A TV RN,

AWIZEE, SEETLEAWTHEN 2 #EEE
AHTRAL LT, FMERAICE > THRU2T S
n-ER QA oG QRS 24
327 7u—FERERT 5. HHEIEASHE
WCHEH LT - BRI RS S 37
B, ZLDRAZIZBWTEY OER L 125, A
T X > THREATR WK S RiFIEENERK T =
AU, MFIREE OFIFHFEEFIED X 572 2 K L
UIFTEB.

KL TIRET 2 FHERXO—H7EHL, *

D SEEFVEHOVROWETYOME EREL T — &k
REITOMZE (11, 12] I ERA LN TV S.
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yuji.matsumotol}@riken. jp

DEF WA E 2B L5 BT HFAMEFIBET NI
Ko THEKT 2 Z e TIiFINGEERAEZIES. &b
BRI, ShiEkiae~2A 27 h—2 % 258D
DHETHALLEXDORTZHEL, T D2
WABFR—DTF X M2 R 7 FEETMITHIE
3. T/, ERINAAINE 2 Z O E
BTHD X BREHMEZWDRL FiEx, WHIEED
FIFRE X R 7 D¥HEMAE L7 L =0T =2k
LTIRET 2. IRETENIYIE L @ OHOE
FH 72 S % A2 B U CRERIVICEUS#IR S 3 Z & T,
Y Y — R TI BT 2 A 51 op & P [A] E & 2
7 OMEREM EICERT 2 2 8 2FEBRIC L DIRT.
2 RBEFE

TR RFIEIX text-infilling X X 712 & o THATFEYE
XNFREE TR HWTIYINGEGD 4K Z 1T
5. ANCIE, X Siv=wi,..., wa PS5 i
ZET S, WIEEZFROX S =wi...., W/
Lz oMM EOMBERD Y VT —>a v
e, {GD, D), Yy 2185, 22T kXEN G
DAETH D, A (0 jm) 138351 4) o Hi
PRT. RWFRITFEEICB O TEMERF and 12
X o TR DI STz =D DM A D & i B Wi 4]
WEZERONRE T2, COHNEZERT 329
12, REFEEIEITANLS OB A Y (1,))
BIEINL, sl ohs X5k ¥
ANBEBETMIE o TERL TEMHESGF L &
BIFAT S 2T, ZoDWHNA wj,w; &%
RrEEREa wy 22 SR B WHIREE 2 RO S 2T
3. AFEOWMEZX 1R T. MUEO/NICTT
EOFMZHAT 5.

21 BEINVICHIGTITHFAMDOER
ERFFRIANT S 2BV TEMERFAL <~ 22
F—=2 % 2D DHETHDAALX SV, 5@

ZHWS. BRI, s’ TIRENERFA L ~ 2
I =D VN IZIDIETEHRANRY DHAITHAS
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Input) (3.,5)

S: Gold will retain its gains, he said.

"Ltmmmmw
S

Gold will retain its gains and <mask>, he said. —

-

Gold will <mask> and retain its gains, he said. —|

Output)
Gold will retain its gains and rise further, he said.

6: {(3,5),(7,8)}

rise further

t fill

Language
Model

o W

synchronize

1 ERFHRIC X 2 MHNEEROME. AN SOIEE I N2 R %Y (“retain its gains’) 1ZHDWT 238 D DHIRIC
FoTwARAZEN, BHBETADENLDRRAZIINT 2 FHZFRBIINCITS 28 TR—D7F A M2 Y TEH 5.

n, SO TREMEFFENT R Y P — 2 ki B
TERBAVOFRNCHAINSE. ZOZODTRY
KR—DTFAM2HDE I 2L o TSHARY
PRSI SNETF RN RES. O ERA
RV, - Al L 72 5 X 51T (13, 14], BiEET D
B2 e XRETEHT X 2 S CHARH 3.2
RKMAETE~YAZ P =7 2T B T7F R
AR DT TS5 [15] Z W 3P, T5 £ F i
Transformer [16] DT 2 —& « Ta—Xh 5D,
NDRAZEINZAN 2D LT 2 2K
THEIOIHFFEEINS. HlZE, =va—xXAD
AT “Thank you <X> me to your party <Y> week.” 12 ¥}
LT, 7 a—& “X> for inviting <Y> last <2>" % i
NI 2L ENs. Zo¥EFHECHI-T, 12
RFEEIX SV, §O 2 ZhZMTICTS DT
I—-RIZH R, AV b= IZHETWEEST7F
2+ ETFa—RIZEoTERT 3. 72721, 5O,
DDA b= VIZABT XA MDA RS
OB T CTa—T4 7 %175,
w'" = u@ = ru )
T,'(l) =argmax(u;(l)) (1)

7/? = argmax(u/?)

zztuV eRY, u? eRY (Vi —2 > DiER
¥ 3zhrh, AJiesW, O3 s 7a—
TAVIARAT Y Tt IZBIE2F—=0 2 DRaAT7NR
27 kb (logit) THH, ZDODRZ bVIZBEE f
DFFICL o TRICMHEZFRO XS ICRAMENS.
S’ §'@ DB S h—7 DO HRD A&
BB L= UM END I 2T 5D,
2) S0 R B LTI, 35 E O 6 A

L2327 FAMBELR TV (B “The boys and <mask>
play baseball on Saturdays.” — “[The boys] and [Mary usually] play

baseball on Saturdays.”).
3) BERT % W7 lfi5lIf&E DK /5% Appendix A IZ/RT.
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AT F e L TERIICR/MEZ E S
(element-wise min) BAXZ IR T 24,

2.2 HENH D AEFISEREITADIEA

T TR L= EEIC & o TUHHIREE 2 Ho e
Bodns, iy P E Y 2 ERET S
5. 20 &5 2ANFAHAMO—HEHEST S XS
REBNIIC X > TR ZeAEF LWV, —H
ZHETIN—NRELHIET 2R B2 5.
ARFE T, HEPHRINLUTIEEE SO
7V —a e LT, AR -E0% 15
EOHEPHFEEX R 7 AT -2 LTHWS., R
B HIPH[EE X R 7 OEE OMHHAD 72 > TAE Y
B ZELD BR L AFEERT (Algorithm 1).

U DIIIHIEEOHEHPFREE TV M [14,17] %
PED TN EF—& LTHEEL, DR LI
ZATRKREDINAVR LT =X UDPLERINIHE
Blz HNTHEZITS. EFEATL—>a s
W, UDbWiAEZ RV x 2T VX LIZ
BIRL, HEBETFEOAERETIL GITX - THHIHE
B AL x ZAUIHIG T 2 W EH P O 7
JF—vary 2859, AR K o TEEH
YY) BEBETALMICEoTRa7nEh 4T
b, ZOMEMEME s U ETHIUSTEL A7 B
BRLUTI=NyF BITEMT 5. ZOERK - FEED
FlE % HRFD K EF SN2 ETHRAKT Knax BHED
B, Npaen — K HOHEHZ L25 BIZIIZAT, M
D¥E - B EITS.

4) BRI LICFH%E L 3 (element-wise mean) BIDIGE, &
5 b= T REBF D logit TELLEL, d5—H
D logit TEXZFAUZ LB WMETR WSS, L L THkA L
LTEWEE > TLEY, BEESELRTV.

5) XOBRRZANCEBRT B TER B AHIMGEE 4K
TE3Ze05, HTMBICEo T x 2 T LT 5.
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Algorithm 1 MiFREED AR L BE RS LT2FE

Input: 7NN EXERE L, FNUVRLULES U #
FFEEET IV M; EET LG

Constants: N F 5 4 X Npgren; FERIT & 2 HHIEK
K (< Nparen); ZERREED EIR Ky SEHEE D
BE &

Output: ZEFAHHAFREET L M

1: train M on L
2: repeat
3: B — {}
4 k0
5 while |B| < K and k < K4, do
6: x « SampLE(U, 1)
7 x',y") « G(x)
8 if CaLcScore((x’,y’), M) > 6 then
9 B — BU{(x,y)}
10: end if
11: ke—k+1
12: end while

13: B «— B U SAMPLE(L, Npgtcn — K)
14: update M on B

15: until convergence

16: return M

3 =B

ARWFFIIRETFIEIC & B WA 0 25 B 51
5 0 8 PR AL 0 B T 5 & & CHERRRT A 5
26,

3.1 EEREE

T—RBE WHIMEL T ) T arEnhk
Penn Treebank (PTB) [18] Z FIWWTHEZ 1T 5. 28
7T — X DB X 2 VEREM L2 > % 7212, K
VY = 2R TIECBT 2FMEITS. FEEY b
39,832 XD 5 B Wi HIREIE E D 15,481 DHID 5,
Z X I 300 X (F7213 600 32) L, 5:1 DT
YERT—X LT VERDO 2D DMGEEH 7 — &
WOEIL, WHIRGEE 270 24,351 XEERITO
F—&Z U LTHWS?. EBoOFiZ PTB O 7
Z bt w b TITW, PTB OFAF L v MBS H
DDAV S. FAKOFIEIC k> T, EYEFSK
WX DT TR Z 27 b5 % GENIA Treebank [19]
6) EMWMIIHTE Appendix C IZ/RT.

7 BERETMITRRRE S A 27912, 10 3R 5K
33F U »HHD RS

— 154 —

THERTITS.

FHMBEAZEE ETIV SEMEREICN T 5 A5
EEERDOIE R - R DOFRERE (accuracy) 1 & -
TETIAERFMST 2. 2A7EHATZETLE
LC, Teranishi & [14] DFE L FERIC, AiFIH#EED
B - REOABER S TOMABEDEIZDOWVWT X
a7 EEEIT S MR W32, TEICIX BERT
(BERT-base-cased) ZHW%. i@ k \ICHHT 2%
RrEwE RN 0TS 2 W HIREE DR R - #ERRT (1, )
DAATIERD LS IFIHHEINS.

Scoreg(i, j, k) = MLP(Fy(i, j, k))
Fo(i, j, k) = [h; —hgyshy —hy o]

2

Z 2T MLP 13 2 BORIE A ReLU D& ML
Brolbd=a2—9ry b7 —=27THDH, h i
BERT O Transformer 2> 5 1& N7z r HEHDO b—72
VORBRT bV TH 5. AJRERMATDOEDRA
2 7% softmax BIEUIC X o TIERLXh, a7
BFohH1DEERSE. ZD=a—FL%y hTU—
OB TR LDATIHIM LI DER—-ZAF 4
YDETFTNLELTEDS. £, BETFECBIT?
XDBIANNZ, ARSI X > T S N7
YARDEBEDAIZ VXA LTEINTE 212k oT
8%, %8 OFEMEE X Appendix B 12K .

32 FHREAR

EERERER 1IORT. BEFIRIC X 2005068
DERIC K - T, HHFAFREETVIEBL TR=2
FAVEDSEVWHEREEER L. 202 LIiFE
RFEDBERT & T5 DETFAEZHWTEZ R 7 0
BEM EICH G5 T2 X5 RAERBREMZAEKL TH
52 ®RBLTWAS. %72, T51E BERT & g
T2 XOMBNLREFIERTETED, Zh
WFEHERTEEICB W T BERT BN L 72~ X 7 120t
LT—2D =22 TFTHILTVWEDIIXL, TS
I3 sequence-to-sequence FEIZ K o TT A Z IR LT
F—=2 DRINEFHLTVE L WVWIENICES D
DX 5. WHIREEOHEHR Z & O Rl
T, T5 ZHWEAERKIC & 5T S % SBAR 7% L i
DAHREEDFEREELRELTEBD, T5 DK
RN b =27 YR TS 5 X5 HRIFEINT
WRI Y EEZLDTRICKTAERTHS. —FH
T, AEOWFE I FNIRERR ST WY
CADPKEEN TR TWEr—AbEHENS. &
NIV EBDOFEEFT—X LIZEZEN2MHIFEDE
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Penn Treebank

# Model NP/NX ADJP/ADVP VP PP S/SBAR Overall
250 baseline (no generation) 67.61 70.90 59.09 30.76 48.05 61.92 +0.93
250 + generation by BERT 66.05 69.45 64.82 75.38 47.79 62.82 + 1.27
250 + generation by TS 67.73 69.09 66.73 76.92 55.59 65.44 + 1.82
500 baseline (no generation) 74.45 81.45 70.85 44.61 63.14 71.19 £ 0.58
500 + generation by BERT 71.65 76.72 69.34 86.15 60.12 69.24 + 1.64
500 + generation by TS 73.69 81.45 73.26 86.15 63.89 72.04 + 0.54

GENIA Treebank
250 baseline (no generation) 61.54 48.00 65.41 53.80 40.25 59.42 + 1.75
250 + generation by BERT 62.41 57.50 67.35 69.29 39.24 61.34 +£2.73
250 + generation by TS 65.72 56.00 68.38 70.14 40.50 63.92 + 1.15
500 baseline (no generation) 67.12 63.50 70.19 74.64 44.05 66.05 = 1.66
500 + generation by BERT 68.86 64.00 71.48 74.64 53.16 68.08 + 0.92
500 + generation by TS 69.29 67.00 73.16 76.90 53.41 68.86 + 2.13

+F1

AR X N T-E % F Wz fine-tuning 12K % 7 R by MBI AR,

RADINFFBIHER LIz T ~Aff& T —

RDIA X%RS. RPOEFIZT — XHEE - 4K - fine-tuning % 5 38 U TaT L 2RO L EHERAEZ £ T

85

—8— baseline
+gen by BERT
-®- +genbyT5

@
o
s

~
u
s

Accuracy (%)

[¢)]

w

1
\q

~
o
s
\
\
\

60

500 1000 2000

# Labeled examples

K2 %57 —X0DY 4 R &k DHEEDHER.

250

HBHFDOWETH Y, NSNS 228+
WTETWS720, ERICK 28T — XD 31
LR o TEEZEZRIZLTVWEEEZOLNS.
HEF—RL DY A R L BT +—< Y ADHERE
% PTB OBF Ly MICTHHlT 2, ¥HT—X
DHEZ DICONTHREFHRIC L 2WEBRI/NS LR

D, THORBERT—2ZPFHTE2RHNICRD T
LAREDKTFIZORA>TWS (X2).

BIID T UT, ARG 02 E S [F] JARY A L
ZHEALRVWEGEGOMEEE PTB OB¥ L v M T
ME L. ATEEEDORE 2 0 IERELD D
ThHDH, BHEEIXSY 0AEERICHNEDDTH
5. 772U, RHEINAERE AW WERE OFEIXH
FH DA Y A M FIREE D ER S e 3L, EF LM
WK ZEEDBIETID RPN TLE S 20, ##E
FHEIC > TELNE XY DAEERH L TIHFIHE
BEBOHP y 3TNV M PBPBETTHIL, ZOHE
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Setting Overall
baseline 64.00
+ generation by BERT 64.85
— filtering 63.06
— sync + self-train 63.06
+ generation by T5 68.06
— filtering 63.25
— sync + self-train 66.83

F2

& (HERE) 1ITHEOSWTEEZITS (self-training) .
FEEHERE2ER 2 ITORT. ARSI 2%
BFRHHLEGECHEERESEHES Ze b
5, REFEDPAEY RIAHIMEEE —EDOEET
ERLTED, —HTEEDMTHAIC K > THEY
DA REI2D KD HEHZRRITED FRNT
W3 Z bbb, FREMANEREEHE I
self-training & & o CHIFZ &I D B TH5E b HRED
KT oRMol., TFNMMPiRo TFH L 7-#
P & o THEEDEDITONT 4 AHMEIRL TWH»
DKL, IREFIEIC & 2 REEANAR T3 #Y i
FEZBED & 3 Y R YIEE * —EDH & THERT
ETVWAR IR IN5.
Dotz lE 2T, £l 235G YL Z
OHEFAPEYTH 2 HH% LD EVEIGTERTE
32 X FEEREL TOL 2P REFIEOSHED
BHETH BY.

R 2EEICLABEDENY (L] =250).

8) ZFDXS%SIEEX LT, T5-° BERT IZMiFIHEE DA %
9 & 57 fine-tuning ZEAT 2 Z e EZ 5N 5.
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1. Accepted

We're sorry to report that on Monday President Bush accepted the resignation
of William Allen as chairman [of the U.S. Civil Rights Commission] and [of
the U.S. Department of Justice].

2. Accepted The opposition

charged that the
[to bribe Indian government officials] and [to support the Congress], an

money was used

allegation denied by Mr. Gandhi’s administration.

3. Rejected

“[T wouldn’t say it’s quite a veto] and [it’s not a veto],” Mr. Boren demurs.

4. Rejected

and [earlier in this year].

Most analysts had expected a sharper decline [after the steep rise in August]

R3 HEFEC Lo TER SIS 2B e 2 OHIFOF. THEZERIZHEONLZSRA RV 2RT.

A BERT Z AW /-FHINER

BERT % W= [FIHAY 7 2 MERRLTIE, s,
'@ DZEFfiZ BERT THWSHRTW 3 [MASK] + —
ZVDRINTE-oTESNS. TS I3ERD, 4%
BEND b — 27 UEUE [MASK] DENTHRAF T 5 23,
CIZTRBWARVERU V=27 U BEFHT .
XM DX [SEP] b — 7 Tk o THEfEINT
BERT 125 2 541, Z—-D®D [MASK] +—2 > RFNXxE
T3 FHNIRRICHE > TITbh 3.

W, =u,, = (U, W)
(1)

Tt+1
T’(2)

t+1

=arg max(uy,,) 3)
=arg max(uy,,,)

ZZTt (>0 IERRAZEMDOIBR L, m b o DN
MNETH 5.

B FYHAEDHRE

FKma—F 0%y b —2ZFFILIZHR LT 10,000
ATV = arD¥E TV, WELULMEEH T —
ZIWZThid BWKEE (accuracy) ZEK L ZET IV
7T ANty PTOFHMEICHWS., R—=2X 54
M N ETFT— R L DATEEINZDITHL,
REFEOETNVIERMD 1,000/ 7L — 3 ~
% L T8 L (Algorithm 1 @ 117H), %&b D 9,000
AFL—=aYiEoRALBLT—X U D»BAERK
ENHEHHE LITkoTHEZITS (Algorithm 1
D2-151TH). ETOERBRICBVWT, REFED
NANR=NRF X =& LT Npgren = 16, K = 8,
Kmax =16, 6 =07 ZHET 5. WM HIHE DAL
121X BERT-large-cased & T5-large DE 7 /L% W
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%. ZHR A % 21X Berkeley neural parser [20] IZ & o
TERONMIRICEEN 0% T VX LITEIRT
% Z T30, EIRMNRODA]IE NP, VP, ADIP,
ADVP, PP, SBAR, S Of] (X &% &K 3 root / — F
R ) IBREENS. FHIZE VT AdamW %%
BH2e-5 THAL, FEHBIV+—L7 v TRLT
HEEREICADETRIRICE L 85, £, LD
Z/NVLADEE10TZ Y vy B 7L, weight decay
%001l OBETCHMHT . E71X100 4 7L —
ayIZ IZEHiix A, 1,000 4 7L —3 a DIk
12 1,000 4 7 L —= a EkCERER L2 R S R
WEERFE 2 RINCITEY)5. 2 O MLP 13 256
1=y b ORE—BORNEZEDH, dropout &
MR 0.5 CHHT 2. WMHIHEOHME Y L CIXHE
DIRFROAEEME LT, HEIERD b—2 0
LB GEIRED b= Y ORBEEHWTRa 7
RHEEITS.

C ERThIEFTHEEDEH DR

T5 Z HWERR TR X o> TER X =5 #
EOHEFERIITRT. i1 el 2ikzhzh, &
FCE 7OVASRTE ) - BhEAA) 2 S8 L CAER L 2l
FIEEZRLTED, Zho DiFINEE L 2 i
FHEIFREET NV M ICL>THESE RO LTIE
LLHIEEINTWS., HLUTH 3%, BN
BXTH 2D ERINAFHE L TE
DEFENAEYTH 2D, ZOEHIEETIL MIC
Ko THERLWD BRI T WS, il 4 TIIENRE
TOLHEIFA DM FIRGEZ AR L TWBE D, ETIL
MIZ X o> TEWHEEDE D HT 53 Y i H
ELTHEIN TNV S.
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