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I. Introduction

Neural language models
Multi-task learning

Word embeddings

The Neural HiStOrV Of Neural networks for NLP

Sequence-to-sequence models

Natural Language Processing

Attention
Memory-based networks

Pretrained language models

https://ruder.io/a-review-of-the-recent-history-of-nlp/
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https://ruder.io/a-review-of-the-recent-history-of-nlp/

I. Introduction

Pre-training

ULMFiT

|

MultiFiT Self-atten

ELMo

GPT

Transformer Bidirectional LM

Larger model
More data

Cross-lingual .
o GPT-2 —2E%__, Grover
Multi-task
¥ Generatio
XLM
UDify "
-DNN Nord Maski
MT-D MASS ord Masking
" can e UniM
Knowledge |distillation ”
Spangrediction Vldgll;l[_:RT '
MT-DNNgp : ViLBERT
” 4 =
E!U\IE VisualBERT ERNIE (Baidu)
(Tsinghua) B2T12 BERT
Unicoder-VL T
Neural entity linker LXMBERT
KnowBert ‘{:;?:ZEI}{T ﬁ_ NLP7E
+ a I BERT, BART, T5, By Xmaozhi Wang & Zhengyan Zhang @THUNLP
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&N Quolity Anytics ELECTRA, GPT-3, DeBERT




IT. Remind: Transformer & BERT

« Transformer(2017. Google)
« Sequence-to-sequence (e.g. Machine Translation)
« 7|&seq2seq RO SHA
« Long-term dependency problem
« Parallelization

- Self-attention
« Bi-directional contextualized representation

The
monkey “monkey
seq2seq model ate ate
that that
banana banana
Ol—l = L_:I because because
(Encoder) it it
was was
too too
f hungry hungry

| am a student

l‘. Data Mining
Q% QUO“Ty /\ﬂO|yﬁCS https://www.researchgate.net/figure/An-example-of-the-self-attention- 6
mechanism-following-long-distance-dependency-in-the fig1 342301870



https://www.researchgate.net/figure/An-example-of-the-self-attention-mechanism-following-long-distance-dependency-in-the_fig1_342301870

IT. Remind: Transformer & BERT

 Transformer(2017 . Google)
« Encoder-Decoder ++&
« Positional encoding
« Multi-head attention
 Output masking

seq2seq model

ol A
(Encoder)

. »

| am a student

Vaswani, A., Shazeer, N., Parmar, N., Uszkoreit, J., Jones, L., Gomez, A. N., ... & Polosukhin, 1. (2017). Attention is all you need. InAdvances in Neural Information Processing Systems(pp. 5998-6008).
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II. Remind: Transformer & BERT

« BERT (Nov. 2018. Google)
 Transformer encoder
 Pre-training & fine-tuning

am a  student
f @ &

Transformer Encoder

BERT _
Transformer Encoder X 12 or 24

Transformer Encoder

& * * &

I am a student

Data Mining
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Pre-train
with large data

Fine-tune
with task data

BERT




II. Remind: Transformer & BERT

« BERT (Nov. 2018. Google)
* Input ++4
« HL E=S2AHES2712] segment (1710 2] H&EE Z2)
* Pre-training task
Masked language modeling(MLM)
Next sentence prediction (NSP)

(IsNext) | love  you [SEP] me  too

- & - -  f A

Classification Layer
@* 4 % &

Transformer Encoder

BERT _
Transformer Encoder X 12 or 24

Transformer Encoder

2 - - - - * B

X Gooity Aaytics [CLS] | [MASK] vyou I[SEP] me  too



IT. Remind: Transformer & BERT

.‘\

* BERT (Nov. 2018. Google)
* Fine-tuning

Data Mining
Quality Analytics

Task E£ ¢

24C}

= = L=

74
o

Class
Label
_..-
BERT
sl & |- [5][5mll=]- |ﬁ|
—{ 5 o T s T e

(] C)(=](]- f_W
\_'_I\_|_l

Sentence 2

(a) Sentence Pair Classification Tasks:
MNLI, QQP, QNLI, STS-B, MRPC,
RTE, SWAG

Start’End Span

BERT
ltea]| & |~ | & [ B[ & ]~ |&|
— T g B0 pan B p

EH BEH-E
I_l_l \_'_I

Question Paragraph

(c) Question Answering Tasks:
SQuAD v1.1

T
BERT
el=]s] -

Single Sentence

(b) Single Sentence Classification Tasks:
S5T-2, ColA

e

B-PER - 8]
i f
BERT
N
—ir _ir_ir
[ug]][ Tok 1 H Tazw Tok M
|
Single S|entenoe

(d) Single Sentence Tagging Tasks:
CoNLL-2003 NER

J. Devlin et al., “BERT: Pre-training of deep bidirectional transformers for language understanding,” in Proc. North Am. Association Computat. Linguistics (NAACL)-HLT, Minneapolis, MN, USA, June 2-7, 2019, pp. 4171-4186.
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IT1. 4 Ways to go beyond

1. Pre-training method
o APHMEE HIA JHMS ESF S SFAF

- OO OO

« SpanBERT, XLNet, RoBERTa, ALBERT, BART, ELECTRA, GPT-3, T5, DeBERTa
2. Autoencoding(AE) + Autoregressive (AR)

« MLME £35lf 8t&5l= BERT= MASK E2 7 dependency S SH&st 4 ¢

« XLNet, BART, T5, DeBERTa-MT
3. Model efficiency

« [ A2 parameter, & 42 computation

« ALBERT, ELECTRA
4. Meta learning

* Generalized model, few-shot, zero-shot

e+ GPT-3,T5

Data Mining
o‘:‘. Quality Analytics
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IT1. 4 Ways to go beyond

2. Autoencoding(AE) + Autoregressive (AR)

AutoEncoding(AE)
MH CHOlE RS BD o)

- X = [xq1, %3, X3, X4, s X7]
X = [xli [MaSk]) [MaSk],x4 ---;xT]

T
Likelihood: p(X|)?) ~ 1_[ p(xt|)?)
t=1
- Mask independence assumption

- Low text generation performance
- Pretrain-Finetune discrependancy

AutoRegressive(AR)
O|™ CtO{=2H E 1 0| &

X = [xl,xz,x3,x4, "'le]
T

Likelihood: p(X) = p (x| X<t)
1

t=

- Uni-directional



IT1. 4 Ways to go beyond

1. Pre-training method
o APHMEE HIA JHMS ESF S SFAF

- OO OO

« SpanBERT, XLNet, RoBERTa, ALBERT, BART, ELECTRA, GPT-3, T5, DeBERTa
2. Autoencoding(AE) + Autoregressive (AR)

« MLME £35lf 8t&5l= BERT= MASK E2 7 dependency S SH&st 4 ¢

« XLNet, BART, T5, DeBERTa-MT
3. Model efficiency

« [ A2 parameter, & 42 computation cost

« ALBERT, ELECTRA
4. Meta learning

* Generalized model, few-shot, zero-shot

e+ GPT-3,T5

Data Mining
o‘:‘. Quality Analytics
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III. 4 Ways to go beyond

Data Mining
b Quality Analytics

Pre-training

SpanBERT

DeBERTa
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IV. Models

o.:"

1. XLNet(Jun. 2019. 7H4|7|&2LH, Google)
« AEHIAIO| BERTL| SHAIA X|A & AE+AR R A|9F
« Permutation language modeling
« Two-stream self-attention

Permutation language modeling

New York is a city

,‘, Permutation

York a is New city
city New is York a » AR Model

ais York city New Input

Data Mining
Quality Analytics

Two-stream self-attention

York a is New city

York a city New is

{York,a} > is
{York, a} = city

15



IV. Models

2. SpanBERT (Jul. 2019, $/&lELY, =
« BERTS| Pre-training &4} 714
« Span masking
« Span boundary objective
« NSP 44|, single sequence training

2| AEILCH, Allen Al Lab, Facebook)

ﬁl:i‘ﬂﬂt-b&]l) = ﬁMLm(fﬂﬁtballj + ﬁgBQ{fDDtballj

= — log P(football | x7) — log P(football | x4,Xg, P3)

1 2 3 4
an American football game

bttt

X1 X2 X3 Xy X5 Xg X7 X5 Xg X10 X1 X2

tt t t t t t t t t t t

Transformer Encoder

ottt t + t + + t t

Q‘Dcto Mining Super | | Bowl || 50 was | |[MASE]| |[MASK]| |[MASK]| |[MASK]
o> Quality Analytics

to | |determine|| the | |champion

Reprinted with from M. Joshi, “SpanBERT: Improving Pre-training by Representing and Predicting Spans,” Accepted at TACL, 2020.



IV. Models

3. RoBERTa(Jul. 2019. $IA&LH, Facebook)
- BERTE= underfitting =|2ICH > BERT 2|5}

Train longer, bigger batch, more data
NSP 44, single sequence training
Dynamic masking

SQuAD

Model data  bsz steps (\-'?l 12.0) MNLI-m SST-2
RoBERTa

with BOOKS + WIKI 16GB 8K 100K 93.6/87.3 89.0 95.3

+ additional data (§3.2) 160GB 8K 100K 94.0/87.7 89.3 ° 95.6

+ pretrain longer 160GB 8K 300K 94.4/88.7 90.0 06.1

+ prefrain even longer  160GB 8K 500K  94.6/89.4 90.2 96.4
BERTI,ARGH

with BOOKS + WIKI 13GB 256 IM  90.9/81.8 86.6 93.7
XLNetyarce

with BOOKS + WIKI 13GB 256 M 94.0/87.8 38.4 04.4

+ additional data 126GB 2K 500K 94.5/88.8 89.8 95.6

Data Mining
0’:\ Quality Analytics

MNLI  QNLI QQP RTE SST MRPC CoLA STS WNLI Avg
Single-task single models on dev
BERT spce  86.6/- 923 913 704 932 830 606 900 ; -
XLNet;agce  89.8/- 939 918 838 956 892 636 918 ; -
RoBERTa 90.2/90.2 947 922 86.6 964 909 68.0 924 913 -
Ensembles on test (from leaderboard as of July 25, 2019)
ALICE 88.2/87.9 957 90.7 835 952 926 68.6  91.1 80.8  86.3
MT-DNN 87.9/87.4 96.0 899 863 965 92.7 68.4  91.1 89.0 87.6
XLNet 90.2/89.8 986 903 863 968 93.0 67.8 91.6 904 8384
RoBERTa 90.8/90.2 989 902 882 96.7 92.3 67.8 922 89.0 88.5

Y. Liu et al., “RoBERTa: A Robustly Optimized BERT Pretraining Approach,” arXiv:1907.11692, 2019. 17



IV. Models

4. ALBERT (Sep. 2019. Google)
- BERTE O 37| BH=7| 2lol 22 &3}
 Factorized embedding parameterization
« Cross-layer parameter sharing
 Sentence order prediction(SOP)

Factorized Embedding Parameterization

V<H VXE
E.g) 30000%768 > 30000%128+128%768, 23008r->3908F

ExXH

Data Mining
Quality Analytics

b

Model Parameters SQuADI1.1 SQuAD20 MNLI SST-2 RACE | Avg | Speedup
base 108M 00.4/83.2  B0.4/77.6 845 928 68.2 | 813 4.7x
BERT large 334M 02.2/85.5  85.0/82.2 86.6  93.0 739 | 852 1.0
base 1ZM 80.3/82.3  B0.0/77.1 8Le 903 64.0 | 80.1 S.6x
ALBERT large 18M 00.6/83.9  82.3/794 835 9L7 68.5 | 824 L7x
xlarge 60M 02.5/86.1 86.1/83.1 86.4 924 748 | B55 0.6x
xxlarge 235M 94.1/88.3  8B8.1/85.1 88.0 952 82.3 | 88.7 0.3x
Models MNLI QNLI QQP RTE SST MRPC CoLA STS WNLI Avg
Single-task single models on dev
BERT-large 86.6 923 913 704 932 88.0 60.6  90.0 - -
XLNet-large 89.8 039 918 838 056 802 63.6 918 - -
RoBERTa-large 00.2 047 922 B6.6 964 909 68.0 924 - -
ALBERT (1M) 00.4 052 920 881 968 902 68.7 927 - -
ALBERT (1.5M)  90.8 95.3 922 892 969 909 7.4 93.0 - -
Ensembles on test (from leaderboard as of Sept. 16, 2019)
ALICE 88.2 05.7 90,7 835 952 926 69.2 91.1 B80.8 87.0
MT-DNN 87.9 96.0 899 863 965 927 684 91.1 89.0 87.6
XLNet 90.2 08.6 903 Be63 968 930 67.8 916 904 834
RoBERTa 00.8 089 90.2 882 967 923 67.8 922 890 8BS
Adv-RoBERTa 01.1 088 903 887 968 031 68.0 924 B89.0 B88
ALBERT 91.3 99.2 905 8§9.2 97.1 93.4 60.1 925 918 894
18

Z.Llan et al., “ALBERT: A Lite BERT for Selfsupervised Learning of Language Representations,” in Int. Conf. Learning Representations, Addis Ababa, Ethiopia, May 2020.



IV. Models

5. BART (Oct. 2019. Facebook)
+ MEZ2 AE+AR T2 A|QH
* Encoder?} decoder2 4%l Transformer?| £ & 7{2| AL 2 0| & (ReLU>GelLUs)
* Noise flexibility

BART Architecture Noise flexibility
ABCDE
IREXXE, (AcC. E.) (DE.ABC.) (C.DE.AB)
( Tt e Autoregressive Token Masking SentenceP@e-rmutation Document Rotation
Encoder Decoder
- » >
Kk pA] P (ace )y (aBc.DE) (O (A_.D_E.)
A B £ s>ABCD Token Deletion Text Infilling
.%\ gigit[\;i/r\];rzﬁyncs M. Lewis et al., “Bart: Denoising sequence-to-sequence pretraining for natural language generation, translation, and comprehension.” arXiv preprint arXiv:1910.13461, 2019. 19



IV. Models

&N

5. BART (Oct. 2019. Facebook)
o MEZEZAE+AR FZ A|Ot

Encoder?} decoder2 4=l Transformer?| £ 2 & 72| AL 2 0| & (ReLU>GelLUs)
* Noise flexibility

Fine-tuning for classification & translation

Iat;el PRI N
Pre-trained |::>[ Pre-trained |
Pre-trained |:> Pre-trained %j - D:“:dif >/
Encoder Decoder Ham'lon;ly ~ «s>A B C D
RS BN @ya';e?:wea)
ABCDE «<s>ABCDE Lt

Data Mining
Quality Analytics

M. Lewis et al., “Bart: Denoising sequence-to-sequence pretraining for natural language generation, translation, and comprehension.” arXiv preprint arXiv:1910.13461, 2019.
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IV. Models

5. BART (Oct. 2019. Facebook)
© MERAE+AR T2 A2t
* Encoder?} decoder2 4%l Transformer?| £ & 7{2| AL 2 0| & (ReLU>GelLUs)
* Noise flexibility

ol 0 L A,
-IL'I_I'__-lT—

SK2 | S(& =E=)0| AbA| 7§ st GO|HHE & AT =& E 252 374340t 20249 o 50 #
TEE SY0| o atxl= AL YA AT 223 TESHCHE HEO|Ch AT Y Xl = S X5 AH|A
o A0 2ot 2 HME EE. KT Ho 2 HHS= H|M| 22| 8= AT %2 0|0[H 20
IterEez sHAM 0|2 Malst| et Al Bt 294 =0t 0 Ik HAY Of A|&E ¢l
HIC|of-ClE-J12 & 22 YA 7Y SH2Z 20| XS x| QUCH SKEYF2 0] AL &t
EH| “SAPEON X220'E€ A EWLCH 7|FE GPu(L e o 2| 2HA]) CfH| 221 d H4t =71 1.5H] =
o, Gjo|EfdlEfof| H& A Hlo|E X2 20| 1.5H) B7tetct SA |0 7HE2 gPuL] Heh £=F0|n
FH A EE 80%0| E0t5ICE SKEYF2 ¥ EE €4 & Sofl ‘SAPEON X220°2] ZYHE &=
SHCHY ZEZ=3MCL GO|H X2 Y HF 22 SAICHE X Ho|H X2|of 283X A5 =24
= Sasick= 2 FO0|C) O] A F2 CHY¥et 2ok HIOIEHE o SA| A& 7H=5I0h sK22 352
T Q| ChYSH AL RIXALE Ao 2 AL EIE A AFRIE 27 =7 #glo|ct.

QOfE A

259 SKE2S(ChE 2F2)0| AHH L 2B S Al A0 T R (32 @M &0
% HTEHOR Ao B2 STH el AISENE S0, 2
0| K| ZHR| D Qe ALSHEH AT 22 TEH A B2 HHL

.. Data Mining
[it [\/ti
o®® Quality Analytics https://github.com/SKT-Al/KoBART



https://github.com/SKT-AI/KoBART

IV. Models

6. ELECTRA (Mar. 2020. AEHZE Google)
« MLM ks Al A|4HH| 28 A[A

« Q2 Masked tokend| CHa{A{ Tt

e GAN-like tZ A|2t

ol

« Sample-efficient pre-training task

50| 0| R0

sample
the — [MASK] —>» -->» the —> —> original
chef —» chef —» G t chef —>» o —> original
€ncrator Discriminator
the —» the —»| small MLM) the —> > original
meal —» meal —> meal —>» —> original
D Mini K. Clark et al., “ELECTRA: Pre-training Text Encoders as Discriminators Rather Than Generators.” in Int. Conf. Learning Representations, Addis Ababa, Ethiopia, May 2020.
o.:\ Q(L]Jgjlli'ry I/r\.]gzﬁy'rics

22



IV. Models

6. ELECTRA (Mar. 2020. AEHZE Google)
* MLMst5 Al 74t H| 2Ed A[A
« 22| Masked tokenOi| CHSHA{2F
«  GAN-like 7L |2t
« Sample-efficient pre-training task

ol

50| 0| R0

Model Train FLOPs Params CoLA SST MRPC STS QQP MNLI QNLI RTE Avg,

BERT 1.9e20 (0.27x) 335M 60.6 93.2 88.0 90.0 91.3 86.6 923 704 8§4.0
RoBERTa-100K  6.4e20 (0.90x) 356M 66.1 95.6 91.4 92.2 920 893 940 827 §79
RoBERTa-500K  3.2e21 (4.5x) 356M 68.0 96.4 90.9 92.1 922 90.2 947 B86.6 88.9
XLNet 3.9e21 (5.4x) 360M 69.0 97.0 90.8 0922 923 90.8 949 859 8§89.1

BERT (ours) 7.1e20 (1x) 335M 67.0 95.9 89.1 91.2 91.5 89.6 935 795 §7.2
ELECTRA-400K 7.1e20 (1x) 335M 69.3  96.0 90.6 92.1 924 905 945 86.8 §9.0
ELECTRA-1.75M 3.1e21 (4.4x) 335M 69.1 96.9 90.8 92.6 924 909 950 88.0 895

Data Mining K. Clark et al., “ELECTRA: Pre-training Text Encoders as Discriminators Rather Than Generators.” in Int. Conf. Learning Representations, Addis Ababa, Ethiopia, May 2020.
o.:\ Quality Analytics



IV. Models

7.T5 & GPT-3 (Oct. 2019. Google / May. 2020. OpenAl)

* Fine-tuning 7|2t ZEo| 5kA| A&
» Downstream taskE =7| ¢/l T2 2l|0|= HIO|H 22
*  Fine-tuningA| &4 task|2| ZA|0j Cigt Lutst 53 o4

« Meta-learning 24| aj{El
« Taske| SR HIAEZ 2{2|o}0] e/H| & Q0| AFE
« T5: multitask learning, transformer encoder-decoder £, 1107l T2 HH|E
« GPT-3: few-shot learning, transformer decoder x96,17507}| T2 H|E{

[ "translate English to German: That is good."

"Das ist gut.“]

"cola sentence: The
course is jumping well."

"not acceptable”]

on the grass. sentence2: A rhino

"stsb sentencel: The rhino grazed
is grazing in a field."

"summarize: state authorities
dispatched emergency crews tuesday to
survey the damage after an onslaught

of severe weather in mississippi.."

"six people hospitalized after
a storm in attala county."

Q\ Data Mining
.\ QUO“Ty /\nolytics Colin Raffel, Noam Shazeer, Adam Roberts, Katherine Lee, Sharan Narang, Michael Matena, Yanqi Zhou, Wei Li, and Peter J. Liu. Exploring the limits of transfer learning with a 24
unified text-to-text transformer, 2019



IV. Models

8. DeBERTa (Jun. 2020. Microsoft)

* BERT, RoBERTa A& 2 (218 22 7|F) Disentangled attention mechanism
« Disentangled attention mechanism
« Enhanced mask decoder content; content;

* 7|& O[0|C|Of 2HEH [ [
» NSP 4A| (RoBERTa, 2019) " Cross Attention

« AE + AR for generation task(UniLM, 2019)
« Span masking (SpanBERT. 2019)

position,;; position;;

Ayj = {H; Py} % {Hj»lei}T

— T T T T
Data Mining = HiHj + HiPy; + Py jHj + Py Py
0.:'. Quality Analytics



IV. Models

N

8. DeBERTa (Jun. 2020. Microsoft)

- BERT, RoBERTa A€ & (213 2& 7|&)
+ Disentangled attention mechanism
« Enhanced mask decoder

* 7|Z OtO|C| O] ZHEH
« NSP 44| (RoBERTa, 2019)
« AE + AR for generation task (UniLM, 2019)
« Span masking (SpanBERT. 2019)

Data Mining
Quality Analytics

AE+AR for Generation Task

Attention mask for AR

Attention mask for AE

DeBERTa-MT
Pre-training: gt batch0i| 2% = AE, 25 = AROIAZ A&
Fine-tuning: AR O} AZOH A&



V. Conclusion

GLUE Benchmark

Rank Name URL Score CoLA SST-2 MRPC STS-B QQP MN
1 DeBERTa Team - Microsoft DeBERTa / TuringNLRv4 C’J‘ 90.8 715 975 94.0/92.0 92.9/92.6 76.2/90.8
2 HFLIFLYTEK MacALBERT + DKM 90.7 74.8 97.0 94.5/92.6 92.8/92.6 74.7/90.6
+ 3 Alibaba DAMO NLP StructBERT + TAPT C’J‘ 90.6 753 97.3 93.9/91.9 93.2/92.7 74.8/91.0 !
+ 4 PING-AN Omni-Sinitic ALBERT + DAAF + NAS 90.6 73.5 97.2 94.0/92.0 93.0/92.4 76.1/91.0
5 ERNIE Team - Baidu ERNIE C’J‘ 904 744 975 93.5/91.4 93.0/92.6 75.2/90.9
6 T5 Team - Google T5 C}Jl 90.3 716 975 92.8/90.4 93.1/92.8 75.1/90.6
7 Microsoft D365 Al & MSR Al & GATECHMT-DNN-SMART C’J‘ 89.9 695 975 93.7/91.6 92.9/92.5 73.9/90.2
+ 8 Huawei Noah's Ark Lab NEZHA-Large 89.8 717 97.3 93.3/91.0 92.4/91.9 75.2/90.7 !
+ 9 Zihang Dai Funnel-Transformer (Ensemble B10-10-10H1024) C};' 89.7 70.5 97.5 93.4/91.2 92.6/92.3 75.4/90.7
+ 10 ELECTRA Team ELECTRA-Large + Standard Tricks C’J‘ 89.4 717 97.1 93.1/90.7 92.9/92.5 75.6/90.8 !

Data Mining
0’:\ Quality Analytics



V. Conclusion

SuperGLUE Benchmark

Rank Name Model URL Score BoolQ CB COPA MultiRC ReCoRD RTE WiC WSC AX-b AX-g

-l- 1 DeBERTa Team - Microsoft DeBERTa / TuringNLRv4 E’J 90.3 90495.7/97.6 98.488.2/63.794.5/94.1 93.2 775 959 66.7 93.3/93.8
-l- 2 Zirui Wang T5 + Meena, Single Model (Meena Team - Google Brain) 90.2 91.395.8/97.6 97.488.3/63.094.2/93.5 92.7 779 959 66.5 88.8/89.9
3 SuperGLUE Human BaselinesSuperGLUE Human Baselines E’J 89.8 89.095.8/98.9 100.0 81.8/51.991.7/91.3 93.6 80.0 100.0 76.6 99.3/99.7

+ 4 T5 Team - Google T5 C)Jl 89.3 91.293.9/96.8 94.888.1/63.394.1/93.4 92.5 76,9 93.8 656 92.7/91.9
+ 5 Huawei Noah's Ark Lab NEZHA-Plus C}J' 86.7 87.894.4/96.0 93.684.6/55.190.1/89.6 89.1 74.6 93.2 58.0 87.1/744
+ 6 Alibaba PAI&ICBU PAI Albert 86.1 88.192.4/96.4 91.884.6/54.789.0/88.3 88.8 74.1 93.2 756 98.3/99.2
-l- 7 Tencent Jarvis Lab RoBERTa (ensemble) 85.9 88.2925/956 90.884.4/53.491.5/91.0 87.9 741 91.8 576 89.3/756
8 Zhuiyi Technology RoBERTa-mtl-adv 85.7 87.192.4/956 91.285.1/54.391.7/91.3 88.1 72.1 91.8 585 91.0/781

-I- 9 Infosys : DAWN : Al Research RoBERTa-iCETS 85.0 86.293.2/95.2 91.284.6/53.489.9/89.3 88.5 72.1 89.0 352 93.8/68.8
10 Facebook Al RoBERTa E}J 84.6 87.190.5/95.2 90.684.4/52.590.6/90.0 88.2 69.9 89.0 57.9 91.0/781

Data Mining
0.:'. Quality Analytics




V. Conclusion

.+ BERT 0|5 St H750| 4712 7 3t

Pre-training
SpanBERT
* Pre-training method
DeBERTa

« Autoencoding + Autoregressive
« Model efficiency

« Meta learning

Data Mining
0\.'0 Quality Analytics 29



N

Data Mining
Quality Analytics

HANE




Data Mining
o':'O Quality Analytics

PN

-
SENE

Mo

[1] Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N Gomez, Lukasz Kaiser, and lllia Polosukhin. 2017. Attention is all you need. In
Advances in Neural Information Processing Systems, pages 6000—6010.

[2] J. Devlin et al., “BERT: Pre-training of deep bidirectional transformers for language understanding,” in Proc. North Am. Association Computat. Linguistics (NAACL)-
HLT, Minneapolis, MN, USA, June 2-7, 2019, pp. 4171-4186.

[3] M. Joshi et al., “SpanBERT: Improving pre-training by representing and predicting spans,” arXiv preprint 1907.10529, 2019.

[4] Zhilin Yang, Zihang Dai, Yiming Yang, Jaime Carbonell, Russ R Salakhutdinov, and Quoc V Le. Xlnet: Generalized autoregressive pretraining for language
understanding. In Advances in neural information processing systems, pp. 5754-5764, 2019.

[5] Y. Liu et al., “RoBERTa: A Robustly Optimized BERT Pretraining Approach,” arXiv:1907.11692, 2019.

[6] Z. Lan et al., “ALBERT: A Lite BERT for Selfsupervised Learning of Language Representations,” in Int. Conf. Learning Representations, Addis Ababa, Ethiopia, May
2020.

[7] M. Lewis et al., “Bart: Denoising sequence-to-sequence pretraining for natural language generation, translation, and comprehension.” arXiv preprint arXiv:1910.13461,
20109.

[8] K. Clark et al., “ELECTRA: Pre-training Text Encoders as Discriminators Rather Than Generators.” in Int. Conf. Learning Representations, Addis Ababa, Ethiopia,
May 2020.

[9] Pengcheng He, Xiaodong Liu, Jianfeng Gao, and Weizhu Chen. Deberta: Decoding-enhanced bert with disentangled attention. arXiv preprint 2006.03654, 2020.
[10] Li Dong, Nan Yang, Wenhui Wang, Furu Wei, Xiaodong Liu, Yu Wang, Jianfeng Gao, Ming Zhou, and Hsiao-Wuen Hon. Unified language model pre-training for
natural language understanding and generation. In Advances in Neural Information Processing Systems, pp. 13042-13054, 2019.



