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Tok
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System MNLI-(m/mm) QQP QNLI  SST-2 CoLA  STS-B MRPC RTE  Average
392k 363k 108k 67k 8.5k 5.7k 3.5k 2.5k -
Pre-OpenAl SOTA 80.6/80.1 66.1 82.3 93.2 35.0 81.0 86.0 61.7 74.0
BiLSTM+ELMo+Attn 76.4/76.1 64.8 79.8 90.4 36.0 73.3 84.9 56.8 71.0
OpenAl GPT 82.1/81.4 70.3 874 91.3 45.4 80.0 82.3 56.0 75.1
BERTgAsE 84.6/83.4 71.2 90.5 93.5 52.1 85.8 88.9 66.4 79.6
BERT L ArGE 86.7/85.9 72.1 92.7 94.9 60.5 86.5 89.3 70.1 82.1

https://gluebenchmark.com/leaderboard
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System Dev Test System Dev Test
EM Fl1 EM Fl EM Fl1 EM Fl
Top Leaderboard Systems (Dec 10th, 2018) Top Leaderboard Systems (Dec 10th, 2018)
Human - - 823 912 Human 86.3 89.0 86.9 89.5
#1 Ensemble - nlnet - - 86.0 91.7 #1 Single - MIR-MRC (F-Net) - - 748 78.0
#2 Ensemble - QANet - - 845 905 #2 Single - ninet - - 742 711
Published Published
BiDAF+ELMo (Single) . 856 - 858 unet iEnsgmbie) - 31-: ;ﬁ
R.M. Reader (Ensemble) 812 879 823 885 QA+ (Single) - 4 T4
Ours
Ours .

. BERT arcE (Single) 78.7 81.9 80.0 83.1
BERTsgAasE (Single) 80.8 885 - -
BERTLARGE (Slﬂglﬁ) 84.1 90.9 - -
BERTLarce (Ensemble) 858 918 - Table 3: SQuAD 2.0 results. We exclude entries that

BERTy arcE (Sgl+TriviaQA)  84.2 91.1 85.1 91.8 use BERT as one of their components.
BERTy arGE (Ens.+TriviaQA) 86.2 92.2 87.4 93.2

Table 2: SQuAD 1.1 results. The BERT ensemble
is 7x systems which use different pre-training check-
points and fine-tuning seeds.
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System Dev F1 Test F1 B-PER o
ELMo (Peters et al., 2018a) 95.7 92.2 = '
CVT (Clark et al., 2018) - 92.6 [ c ] T ]l T, I
CSE (Akbik et al., 2018) - 93.1
Fine-tuning approach
BERT | ArGE 9.6  92.8 BERT
BERTBAsE 96.4 924
Feature-based approach (BERTgAsE) . - B E
Embeddings 91.0 - [cLs) 1 2 N
Second-to-Last Hidden 95.6 - = — == . u
Last Hidden _ 94.9 ; cLs) || Tok1 || Tok2 Tok N
Weighted Sum Last Four Hidden 95.9 -
Concat Last Four Hidden 96.1 - I | |
Weighted Sum All 12 Layers 95.5 -
Single Sentence
Table 7: CoNLL-2003 Named Entity Recognition re- (d) Single Sentence Tagging Tasks:
sults. Hyperparameters were selected using the Dev CoNLL-2003 NER

set. The reported Dev and Test scores are averaged over
5 random restarts using those hyperparameters.
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|ZEEHE: Wikipedia (2.5B words) + BookCorpus (800M words)

Batch Size: 131,072 words (1024 sequences * 128 length or 256 sequences * 512 length)
i)I|Z:8318): 1M steps (~40 epochs)

Optimizer: AdamW, 1e-4 learning rate, linear decay

BERT-Base: 12-layer, 768-hidden, 12-head

BERT-Large: 24-layer, 1024-hidden, 16-head

Trained on 4x4 or 8x8 TPU slice for 4 days
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RoBERTa:
o JIIZERYEEIK, epochEEZZ
o XAEXEAN)ZETE

ALBERT:

e embedding/Z{ Nfactorized embedding parameterization
o RESHH=E

o HENSPHRSYsentence ordering objective



ELBERTEE&AYBERT

ELECTRA:

sample

the —> [MASK] —>
chef — chef —»

cooked —> [MASK] —>
the — the —>

meal — meal —>

Generator
(typically a
small MLM)

-->» the —>
chef —
-->» ate —>
the —
meal —>

Discriminator
(ELECTRA)

—> original

> original
—> replaced
—> original
—> original




B BERT

/N RAYBERT:
e DistilBERT
e TinyBERT
e MobileBERT
e FastBERT
R NEZAIHAYBERT:

e K-BERT



[ ShIME

NLPROEESE R, #RL “BERTIREYUREIENRER: NPEELT” NES, ILBREME,
1F 5B R RENEAYE 8 http://www.julyedu.com/weekend/nlpjiuye5
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BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding
https://arxiv.org/pdf/1810.04805.pdf

Attention Is All You Need https://arxiv.org/pdf/1706.03762.pdf
https://jalammar.github.io/illustrated-transformer/
https://towardsdatascience.com/bert-explained-state-of-the-art-language-model-for-nlp-
f8b21a9h6270

http://web.stanford.edu/class/cs224n/slides/Jacob_Devlin_BERT.pdf

ELECTRA: PRE-TRAINING TEXT ENCODERS AS DISCRIMINATORS RATHER THAN GENERATORS
https://arxiv.org/pdf/2003.10555.pdf

https://github.com/huggingface/transformers/blob/master/src/transformers/modeling_bert.py
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e Dbert-base-chinese
e ernie

o ST XIIIZRAIIEEY https://github.com/ymcui/Chinese-BERT-wwm B1R %

FHRELRE, triple
subject-predicate-object
uN-as-inL
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SC{A—>embedding

FTFELURRYHEIAR —> encoder —> embedding
SCOMERNRENE ZHHRYSIE —> encoder —> embedding
GNN, GCN graph convolutional network, kipf 2015

GPT-3



