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She saw the rich girl ___ up the stairs and then turn back quickly. runs | running ran run
That girl grew intoa __ woman with a husband. poor rich | homeless | good
Your clock is too old and too big. Why don’t youbuy a __ like every- | watch | house | computer | picture
one else?
Lisa is an English girl. Sheis . old | young long different
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(1) They can jump so high and so far.

(2) They can [MASK] so high and so far.
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(1) [CLS] the man went to [MASK] store [SEP]
he bought a gallon [MASK] milk [SEP]

(2) [CLS] the man [MASK] to the store [SEP]
penguin [MASK] are casual birds[SEP]

3.2 MLM 927 %HALEFE
AR TSR 7SRRI BERT O ST FEFADE TV



Input

Licwst | Loy | [car ] |

| [ cute | [serr | [ he | [ tikes | [ ptay ][ sing |[ sy |

Eirszddin 5| E[CLS]l | Emy | | Ecat | Eis | | Ecute | Eiseri | | Ene | | Erikes | | Eplay | | Essing | E[SEP}l
“ b b b k b b b b =
SegnnenF | Ea | | Ea | | Ea | | Ea | | Ea | | Ea | | Ee | | Es | | Ee | | Es | | Ee |
Fmbeddings o g o o ok o ok ok o+ &
Eﬁ;t;f,’;mgslﬂllhllﬁl | B | [E| [E | [E| | E|[E] | B Eo]

[ 4 NSP DOHEHEX

ZMHLTMLM 247\, ZEFT A AR D 1% &2 A B
BERT O HATFEFAE T IV, %Euﬁ}i Wikipedia & BooksCor-
pus [14] 2F#EF—R & L CHMFEE 27D TH 5. %
FTHXDZF % [MASK] b—27 VICEEMZ 5. RIT, £ER
o #EE% [MASK] b —2 > X B &2 BERT O Hu1#E5H
ADETINEANT, FBERE S IZHBRERZ AL CTER
LU 728, bR EWERIK % S =2l 7 EA O |IE
&35,

3.3 CLOTH ¥—#%t v hICZ& % fine-tuning

AR TIE 3.2 HiTHAM L7z BERT % CLOTH ¥ —X & v b T
fine-tuning U CHAWS G2 REETS. ZOETLVEAVWTE
B Z L ICHBIER 2 FHE L CEBML U728, RbMRIE
WIEIRE & S Bl SRR D A% & 97 5. fine-tuning T
$5CLOTH 77— 2t v Mk, EBRTHWATANTF—X&X
B 55 =K%y N TH5. BERT TlE, TNFNDXAZIZ
o U7 #Hlid D 57— X% HAWT fine-tuning % 3 % HiZ & O RiE
DREATIFHL U2 ET VAR TE 5720, HTFFHAD
EFNVEZOFEHEMT ALV B EBZROR EXHEFTE 5.

4 FF{f X &R

4.1 ERT—%¥

ZZTRERIZHND T —RXIZOWTHAT 2

4.1.1 FEHFT—XBLOMFET — X

BERT D87 — 2B L UCKRGET — X121 CLOTH 7 — X & v
FEMHWS. CLOTH 7— &ty MIFEOERARS LUK
FARDEXXRED S F S5 N XAl RMETH », FH
T — 21 5513 DEXH 5D 76,850 M, WMEET — £ 1 805 DR
XS0 11,067 5 d. BT —2IFFET—XE2HW
T fine-tuning %47 > 72412, ETNVOFHlET S 72O DF—X
TH3. 728 CLOTH T— Xt v M TIEZERIZ A B 55 DR
A4 052605,

4.1.2 TAMT—ZX

TAMT—=RIZIECLOTH T— &ty b, KEAALY X —
BRO T2 FaM#E, Microsoft Research Sentence Completlon
Challenge 7— & & v b [15] D 3 D& H\W5. AK Tl Microsoft
Research Sentence Completion Challenge 7 — X v h & “MSR

TRty N ZIER,

CLOTH 7 =&ty b®F A b F—=&I%, FEOEK AN
BTH 5 335 DR 5D 3,198 ], fEOKZEAGAMETH
%478 DEXPSD 8318 M 545, B F— 2B L OMGEE
F=RTHWETF =X INIZIEEENR. IS HEES
WZEEH U 77 3,000 123 9% Amazon Mechanical Turkers *1Z &
SAFOIEEFERIE, BRAKMETIE 89.7%, KFARMET
1% 84.5% T - 7= [3].

HADKZEANR Y > X —RER TR 2A DS A [
FTH D, 2000 FEELS 2016 FEICTbN RS L OB
AERD S B, 1 EHFTDOATH B 324 [ % FHHOED 7 A
=R UTHEATS. KZEAME VX —HBRTIXZEANIZA
LM DERIEN 4 D52 505, 324 D S HEREDO WS
nNe 1HETHILEDIX 161 D 5.

MSR F— &t v ME 1,040 DXl A METH D,
NFT—Y—--aF - KA y—a v 7 - R—LAY
V=X SMRoMLZEDTH S, Jxxhod 1 ErH %R &
BoTHY, BRENS 252560 TWS. ZIh5MIERIC
#EH XN 100 M4 5 AFOELERIE 9% TH -7z [15].
¥72, MSR 7— &ty MIERIEH 5 2 545, CLOTH T—
Ry M4 IROEEFHRFHAMETH 2 Z L SWG E % Hi
ZBT-OIE R % 4 D12 208DV HD. £ITEETH
B A SR 1 DRVWZE 02 ERTIIHVS.

4.2 EEBRT—4 ORINE

CLOTH 7—& & v MZBWTIE | XHIZZA»EEE £h
WX EAFHET DM, BERT ~NDANIZED &5 B E &
NaEHBEI, BN —DL DL LK DEFELEED
AR L ERO XA LT 5. Hl2E
very early. After having his __ ,he goesto > D & 5 724
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KenLM (& n-gram SEE TV TH Y, n-1 HEE AL LT
XD 1 BEEDOHELRE DA% FHT 5. n-gram D n iIZ DWW TIXH
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AT REERELE LTFHT 5.

FERAER %K 2 (2R, K2 HdD CLOTH-M, CLOTH-H &
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BIUMGFET — X & UT fine-tuning L72FETH D, ThEh
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A7 &RALZFHEE CLOTH 7 —X % v b T fine-tuning % U
7= FHED LS 5 TH BERT @ large €TV O S IEERDFE -
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5.1.1 MLM X A7 %R U7z FHEDOEEH

MLM 4% 5% PARIZRS. FEIE BERT ICk W B I iz
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e [i#: The coffee shop opens at 7:30 and serves breakfast

____100’clock”
RN [within, by, for, till]
BERT O [a]%: [by, till, for, within]
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FAF— 2 | WEFVBEM | MLM 222 2 FIH U~ FEoarm | UM | me s R E
D AIER

CLOTH-M
2,286(71.5%) 185( 5.8%) | 530( 16.6%) 197(6.2%)

(3,198 )

CLOTH-H
5,722 (68.8%) 365( 4.4%) | 1,372( 16.5%) 859(10.3%)

(8,318 1)

X —ik R

224 (69.1%) 76 ( 23.5%) | 21( 6.5%) 3 (0.9%)

(324 1)

MSR

716 (68.8%) 123 ( 11.8%) 168 ( 16.2%) 33 (3.2%)

(1,040 )

MNIEETHZH, MLM X A7 ZFIH U -FHEE by 2EE L
7=, “by” IZHAR A R TRIEF TH D, “dll” iZHkHt %2 R HIE
FTHD., —RINZERS NPTV 2 DOBIREHEIE D EAL
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5.1.2 MLM £ 5L D& DL

v R —RERME 324 MO TRIEMET - 72 24 [ OTESE %
FIRT. Y2 —REBTIZAHRE 2 M S RSP E5 2 M
SR, WP AFRE W o 728k 2 i S MR ERE EN T
W5, £ 3O AR ZEFBIHIET 2 EE O HEOREEY,
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BB ERL BT 28, Ao < dilicBs 2 e
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5. RO SR S HIW T B Z & A BER AT A5 D B
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MPolzDIF Y R —RBOATH 72, ZITIEMLM XA
%R L 7-F3E 2 CLOTH ¥ — X & v b T fine-tuning %47 - 7=
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MEDTER T E B,
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