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A= 1 : Masked Language Model (MLN)

* BERTICAAFER 11D Masked Language Model (MLN) T35 X 517
X F5H|D—BlDtokenzmask L. TNz FHIIT B ETFEH
« AU =ZF)LDBERT CIIEVEAR (SIEIINTZ15%Dsub-word tokenH SR
e 80%(d[mask]. 10%(IAltoken. 10%IFXTTDEXRFI(LUEES ZDEE TEER)

« AR DRI R

« WD DR tokenH maskEcNEIHE. BATRYRFERIND Z 18 E (CFIFE

(cf. Whole-Word Masking)
e.g., L' F Tld[mask]=“igen”ZEI{Z Dtoken T TS FHIL TULNBEIEEE

we use the eigenvector corresponding to its largest e-[mask]-val-ue

e sub-wordDIZE(CEEE =T Ecollocation CHRIBRORBIEN D D (T



FE3ERE: sub-wordZ M7 (Cmask I DEFE DR

» token & (CHRYZ (Cmask'd” D F7A(Random-Token Masking) &
wordEE{if CtokenZZmaskd D FE(Whole-Word Masking) & LLER

- 2B %*j/rz“%aokelokemtd\é< UL CWLWEHBEEZ LB
« EBEH A XANNESL DB EE=ICEENDword VA
=> sub-word (CT3E| =N BDwordHENN
= sub-word FHIC BB /RFEEIND MMBEE(CFIASNTWWBRRS(E
Whole-Word MaskingDZNERH\E CAE(CIEN B (2T

SQuAD?2.0 development 1.08 tokens per word 1.22 tokens per word 2.06 tokens per word
set F1 scores (30K vocabulary) (10K vocabulary) (2K vocabulary)
Random-Token Masking 79.3 77.8 72.8
Whole-Word Masking 79.7 79.5 77.6




B= 2 : BIf#DMasking Strategy

 Random-Token Masking (Devling+'19a)
« AUZF)LDBERTDELE., MIZ(CHEAEA(Cmaskd DtokenZIiEE

* Whole-Word Masking (Develin+'19b)
* sub-word DFRINFHE T DD TwordE i TFE & & Tmasking

* Knowledge Masking (Sun+'19)
« L\ BBaiduhRERNIE (91ERXNGEZ FIFR) |1 #fEofm (LBR10)

* Entity-leveld K Uphrase-level Tmasking

 Random-Span Masking (Joshi+'20)
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ZfE1: n-gram (XIS U TzPMI

« —A%HY7RPointwise Mutual Information (PMI)(dbigram (X UTE S
p(Wiwy)

p(w1)p(wy)

« CNZEHLCHLEREYT D ETEICIRDNEIDFIDPMINAETUNERIKR
DOPMIBRELKIEDTCUEXD (cf. “kuala Lumpur is”)

p(Wq..wp)

n?=1p(wj)

«c PR T 1 DDFEXEFED ERBn-gramDPMINAKE L IRBKLDICTER

. 3 . p(Wy..wp)
PMI(wy .own) = min log= ="

X seg(wy .. w) (X Wy ..w,,”DiEFE I DIEEDXFIANDDEIDES (DENIRUEFRL)

* PMI(w;w,) = log

* Naive — PMI,(w; ...w,;) = log




Z£{|2: masking vocabularyDJRTE

« J—/)VRIC10[EIA_EHIR UTz2-gram~5-gramHMzfd

« PML, (FtokenFRDEZEN A Z L \D TtokenFT Z & (CNEAIfT T L.
Abﬁtwww iﬂ%Xt@%&akhﬁ
e A I1—)\ ROBKEHEDDtokenN ENSDEE(CEFNDCEIC

—recall T complement-recall ¢ — f p— 2r-c
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e 10 wordsZXIZR(CFREn € {2,3,4,5}
TNETN25BDn-gramz= I+

c MENNS KRB EBEHY A XITRTE

n-gram list size (in thousands)



PMI-MASKING

* masking vocabulary([CZ & 1Dn-gramZ 1 DDunit&E U TIRD
« \MMMFH o EimBIERE VA ZER
« ZOLINTEIE T Dentryh S0 2GS XBIEA (CH A ZEHHE
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* SQUAD (Stanford Question Answering Dataset) 2.0
« BEINEDNRFIY—D (EENY —AXICFIE T D EFRESRN)

* RACE (ReAding Comprehension dataset from Examinations)
- REOFZFE/EREMITOREBOMBEENSIER SN —FTY b
o 4 DDERIENS 1 DDIELWLWEX ZIEIRT AT

* GLUE (General Language Understanding Evaluation)
o BEDI AT THEIRNDEBIEHNN>FY—D (85 XD TFHih)

* Single-Token pe[pleXity VSES Random-Token Masking  2.96
* 1 DDtoken/TlFmask Uz E Dperplexity  Random-Span Masking  4.30
« A RADTDMEEEDHZ (CIFTTRSIRLN Naive-PMI-Masking 7.35

PMI-Masking 21.85
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SQuAD2.0 F1 score
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Wikipedia+BookCorpus dataset with batch size 256
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StepZa = 5 (CIE UTTIZ S DEEER

* Wikipedia+BookCorpus (1668) CF & U/Eima. &ifHYIXEHE(IRandom-Span
MaskingEBIUTE 2 e BEODZDHEECESELE (TRA)

 Wikipedia+BookCorpus+OpenWebText (54GB) CF& UICiZE = 5I(C%8EM_E

2.4M steps on Wikipedia+BookCorpus (16G) 2.4M steps on Wikipedia+BookCorpus+OpenWebText (54G)
85 - Random-Span Masking - PMI-Masking 85 - Random-Span Masking = PMI-Masking
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Pretraining step Pretraining step
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EADYT= B (dev/test)
BERT Base with SQuAD2.0 RACE GLUE
different maskings EM Fl1 Acc. Avg
IM training steps on WIKIPEDIA+BOOKCORPUS(/6G):

Random-Token Masking 76.4/- 79.6/- 67.8/66.2 83.1/-
Random-Span Masking 77.1/- 80.3/— 68.6/66.9 83/—
Naive-PMI-Masking 78.2/— 81.3/- 69.7/67.8 84.1/-
PMI-Masking 78.5/- 81.4/- 70.1/68.4 84.1/-
2.4M training steps on WIKIPEDIA+BOOKCORPUS(16G)

Random-Span Masking | 79.7/80.0  82.7/82.8 | 71.9/69.5 84.8/79.7
Naive-PMI-Masking 80.3/80.2 83.2/83.2 | 71.7/69.8 84.5/80.0
PMI-Masking 80.2/80.9 83.3/83.6 | 72.3/70.9 84.7/80.3
2.4M training steps on WIKIPEDIA+BOOKCORPUS+OPENWEBTEXT(54G):
Random-Span Masking | 80.1/80.4  83.2/83.3 | 74.0/72.2 85.1/80.1
Naive-PMI-Masking 80.4/80.0  83.3/83.0 | 73.9/71.4 85.6/80.3
PMI-Masking 80.9/82.0 83.9/84.9 | 74.8/73.2 86.0/80.8
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published Base-sized model & DLLER

PMI vs Prior BASE MLMs Corpus size Batch x Steps RACE
= Examples dev/test

PMI vs n-grams in vocabulary

AMBERT (Zhang & Li, 2020) 47G 1024 x 0.5M =512G  68.97/66.81
PMI-Masking 16G 256 x IM =256M 70.1/68.4
PMI vs Random-Span Masking

SpanBERTgase (Joshi et al., 2020) 16G 256 x 2.4M =614.4M  70.5/68.7
PMI-Masking 16G 256 x 2.4M =614.4M  72.3/70.9

PMI vs Random-Token Masking with 3X more data and 6X more training examples
RoBERTagasg (Liuet al., 2019) 160G 8K x 0.5M = 4G 74.9/73
PMI-Masking 34G 256 x 2.4M = 614.4M 74.8/73.2
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