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Introduction

« MLM-based Transformer model: BERT, 15% [mask]

[T e i\ » Random corrupt
CE)- G- ) > Unefficient
BERT - -
fal=]. [BlE=lE]. &)
— uiiy iy iy <
EE. EOEE. =)
\_l_l Ll_l

Masked Sentence B
*
Unlabeled Sentence A and B Pair

« > ELECTRA-style framework (Clark et al., 2020)

» Challenging ennoising snt
» Sample-efficient



ELECTRA(Clark et al., 2020)
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Self-supervision Course

 To extend the perspective that models look at sequences
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Self-correction Course

» To bridge the chasm between G&D (secondary-supervision)
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Experiments

GLUE Single Task
Model MNLI QQP QNLI SST-2 CoLA RTE MRPC STS-B AVG
-m/-mm Acc Acc Ace MCC  Acc Acc PCC

Base Setting: BERT Base Size, Wikipedia + Book Corpus
BERT (Devlin et al., 2019) 84.5/- 91.3 917 93.2 589  68.6 87.3 89.5 83.1
XLNet (Yang et al., 2019) 85.8/85.4 - - 92.7 - - - - -
RoBERTa (Liu et al., 2019) 85.8/85.5 91.3 920 93.7 60.1 68.2 87.3 88.5 83.3
DeBERTa (He et al., 2021) 86.3/86.2 - - - - - - - -
TUPE (Ke et al., 2021) 86.2/86.2 91.3 922 933 63.6 73.6 89.9 89.2 84.9
MC-BERT (Xu et al., 2020) 85.7/85.2 89.7 913 923 62.1 75.0 86.0 88.0 83.7
ELECTRA (Clark et al., 2020) 86.9/86.7 919 926 93.6 66.2  75.1 88.2 89.7 85.5
+HPy oss+Focal (Hao et al., 2021)  87.0/86.9 91.7 927 92.6 66.7 813 90.7 91.0 86.7
CoCo-LM (Meng et al., 2021) 88.5/88.3 920 93.1 93.2 63.9 848 91.4 90.3 87.2
MCL 88.5/88.5 922 934 9.1 70.8  84.0 91.6 91.3 883
Tiny Setting: A quarter of training flops for ablation study, Wikipedia + Book Corpus
ELECTRA(reimplement) 85.80/85.77 91.63 92.03 9270 6549 7480 8747 89.02 84.97
+STD 86.97/86.97 92.07 92.63 9330 7025 8230 9127 90.72 87.38
+ITD 87.37/87.33 91.87 92.53 9340 6845 8137 90.87 90.52 87.08
Self-supervision 87.27/87.33 9197 9293 93.03 6786 8220 9027 90.81 87.07
+ re-RTD 87.57/87.50 92.07 92.67 9297 69.80 8327 91.60 90.71 87.57
+re-STD 87.80/87.77 9197 9293 9333 7125 8280 91.67 90.95 87.83
MCL 87.90/87.83 92.13 93.00 9347 6881 83.03 91.67 9093 87.64

Model SQuAD 2.0
EM F1

Base Setting
BERT (Devlin et al., 2019) 737 763
XLNet (Yang et al., 2019) 78.5 813
RoBERTa (Liu et al., 2019) 777  80.5
DeBERTa (He et al., 2021) 79.3 825
ELECTRA (Clark et al., 2020) 79.7 826
+HPposs+Focal (Hao et al,, 2021) 827 854
CoCo-LM (Meng et al., 2021) 824 852
MCL 829 859
Tiny Setting for ablation study
ELECTRAC(reimplement) 79.37 81.31
+STD 81.73 84.55
+ITD 81.43 84.20
Self-supervision 81.87 84.85
+1e-RTD 81.70 84.48
+re-STD 81.81 84.71
MCL 82.04 84.93




Analyses
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» Sample-efficient Trial
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Conclusion

 Three self-supervision courses are designed to alleviate inherent
flaws of MLM and balance the label in a multi-perspective way.

« Two self-correction courses are proposed to bridge the chasm
between the two encoders by creating a “correction notebook” for
secondary-supervision.

« A course soups trial is conducted to solve the “tug-of-war”
dynamics problem.
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