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Abstract

BERTELYD, TransformerM M ARG INEEEFRAL-ABEEEETILDIRE
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S22 ¥ #SOTA BERT
GLUE SHOBEERY XY 752 819

1. MNLI AN DOBRFB/PILENE 821 867
2.QaP 25 PSH AR I S @O NIE 703 721
3.ONLI  SQUADDHE, BAXHAHMIXOREERCHAE 881 911
4. SST-2 REL E2—DANXDOFHARIERE 913 949
5. ColA ANXHEEOICELVWHRE 454 605
6.STS-B = a—ARHLD2ANXDEHRSMBUEE X 27 1117 800 865
7. MRPC Za2—-AREDAN X OEHENGMIEE NE 823 893
8. RTE CANXDERENE 56.0 70.1
SQuAD WL EI RV, RO SHEXOMEE L 91.7 932
CoNLL EfZERBEHIRI. MEBECAV/EW(CEDS T 926 928
SWAG ANXICERRT 2 X E4DOREIH S5BR 502 863

GLEU BfioNLP# 22, 22 713V4)

Rank Name
+ 1 Jacob Devlin BERT: 24-layers, 1024-hidden, 1 804
E—— S—
2 Alec Radford Singletask Pretrain Transformer B 728
OpenAl Transformer
+ 3 Samuel Bowman BILSTM+ELMo+Attn C’, 705
ELMo

SQuUAD (st s 2 72)

Rank Model EM F1

Human Performance 82.304 91.221
Stanford University
(Rajpurkar et al. '16)

1 BERT (ensemble) 87.433 93.160
Jr——— o ——
Oct 05, 2018 Googie Al Language

https:/arxiv.org/abs/1810.04805

2 ninet (ensemble) 85.954 91.677
Sep 26, 2018 Microsoft Research Asia



BERT (Model Architecture)
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BERT (Learning)
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Pre-training
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« Next Sentence Prediction : &1 3 F Al
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Pre-training

FEARXT1 (Masked LM : 7o iE & H#E )

o RIZEDHHIEVAIDEIETIILL, U5 LlTmask(B) SNT-BEEEFH. BEE
[ZLULTOD=DDRBIZHEST, 15%IFE D EBEEEH[MASK]IZEHE.

e 80% of the time: Replace the word with the
[MASK] token, e.g., my dog is hairy —
my dog 1s [MASK]

 10% of the time: Replace the word with a
random word, €.g., my dog is hairy — my
dog is apple

e 10% of the time: Keep the word un-
Changed, €.g2.,my dog is hairy — my dog
is hairy. The purpose of this is to bias the
representation towards the actual observed
word.
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Pre-training
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Next Sentence Prediction The next sentence

prediction task can be illustrated in the following
examples.

Input — [CLS] the man went to [MASK] store [SEP]
he bought a galleon [MASK)] milk [SEP]

Label — IsNext

Input = [(CLS) the man [MASK) to the store [SEP]
penguin [MASK] are flight ##less birds [SEP)

Label

NotNext




Pre-training
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Fine-tuning
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