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Il #8Rk

« BRABRERTHNAR—EEELRIR 7 BRESLENLRE
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Il CoVe

e CoVe: Contextualized Word Vectors
 HXRELEAL MXHEXNXAEKT, BIE T tokenB@=R A

o FTEFHAE: WA ZEEIFE (NMT) BETTREERNLPES

a) b)
Learned in Translation: Contextualized Word Vectors Translation |
A A

I
T : | |
Encoder — Decoder : Encoder Encoder
Bryan McCann James Bradbury |
bmccann@salesforce.com james.bradbury@salesforce.com : A A

I
T : | |
Caiming Xiong Richard Socher Word l Word Word
cxiong@salesforce.com rsocher@salesforce.com Vectors | Vectors Vectors

Task-specific Model

[McCann et al., 2017] Learned in Translation: Contextualized Word Vectors. In NeurlPS 2017.


https://github.com/salesforce/cove

Il CoVe

o IZRF ER
e Bin: G—TETHENZAINzFENIFRE (NMT)
. AE—PRESAF w MIBTESOF
h = MT-LSTM(GloVe(w®))

— M= bi-LSTM

‘

« BETIERTINAEEES

oy = softmax (H (W1h{ + by))

~

he = [tanh (WoH "oy + bo; hy®®)]

h?ec — LSTM ([Zt—l; ilt_l] hdec)

e

NIl

p(w; | X, w7,...,w;_;) = softmax (Woutizt + bout)
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[McCann et al., 2017] Learned in Translation: Contextualized Word Vectors. In NeurlPS 2017.



Il CoVe

o FIUARIY Ex

1

s WTFLRERN—TIRIE

=0+ w

CoVe(w) = MT-LSTM(GloVe(w))

» W{a[fE i ESS HIE

. HiEHixGloVeHICoVeld=, AANLPREIRYE fth4ME

HCoVe?

w = |GloVe(w); CoVe(w)
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[McCann et al., 2017] Learned in Translation: Contextualized Word Vectors. In NeurlPS 2017.



Il CoVe

o SLIOZER
o YZ5EE: En-De 30K (small), 209K (medium), 7M (large)

» HEEERIEREREEABR, ESFEHER—MEE4T

GloVe+
Dataset Random GloVe Char CoVe-S CoVe-M CoVe-LL Char+CoVe-L
SST-2 84.2 88.4 90.1 89.0 90.9 O1.1 91.2
SST-5 48.6 53.5 52.2 54.0 54.7 54.5 55.2
IMDDb 88.4 O1.1 01.3 90.6 01.6 01.7 92.1
TREC-6 88.9 94 .9 047 04.7 05.1 05.8 95.8
TREC-50 81.9 89.2 89.8 89.6 89.6 90.5 91.2
SNLI 82.3 87.7 87.7 87.3 87.5 87.9 38.1
SQuAD 65.4 76.0 78.1 76.5 77.1 79.5 79.9

*S=Small, M=Medium, L=Large

16

[McCann et al., 2017] Learned in Translation: Contextualized Word Vectors. In NeurlPS 2017.



lll ELMo

 ELMo: Embeddings from Language Models (NAACL 2018 Best Paper)
o BRMEARARIRIERNIZG— T ARENRBINESRE
* ELMo@—M E PR, SHRMERENERE, rJBARAEIARINEIENLPEE A

= €T

(]) AIEIESEE [EEIESIRE
ﬁ\ -t I\
e Wi W) PAD PAD BOS W1 IS
/ ..... | SR R A
Highwayfd&ss || 1 e Y PR TR RPTPII FR
RERE
—————————————— E <
it
ERMERE 01 s s = =
R . E
e s AT
$fgmgg A A Ar A A A A 2 |
BANE BOW t 0 k e n EOW BMARTE

MNEIE: “token”

17

[Peters et al., 2018] Deep contextualized word representations. In NAACL 2018.


https://github.com/allenai/bilm-tf

lll ELMo

o kP Ex: IX[E1E

s [E—THE

° ﬁﬁmln m$%:2

BlE N TtokenlES (4, 1y, ..., ty)
N
p(t17t27 + o o 7tN) — Hp(tk ‘ t1,12,.. °7t/€—1)'
k=1
N

Si&RE (BiLM)

p(t17t27°'°7tN) — Hp(tk ‘

k=1

tk—l—latk—l—Qa SR

tN|)-

N

—
Z lng tk |tl,...,tk_l;@xa@LSTMa@S)
k=1

+log p(ti | tht1,- - -

%
N3Oz, O psrm, Oy) ).
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[Peters et al., 2018] Deep contextualized word representations. In NAACL 2018.



lll ELMo

o« HIEMER

& token . — 1L ERBILMABARE] 2L + IR (ElEbmEkRT)
18] [t D'ER\ - /ﬁBILMEULj
R, = {XL | hgjy,%w j=1,....L}
R FRIFAEREINNTRA— 0=
ELMOtask (Rk @task task Z taskhLM
? ]
NHEESH, BELMoR~ERS EMMEENRAHFHR(ER

efinal = concat [echar; Cyvord> eELMO]

19

[Peters et al., 2018] Deep contextualized word representations.

In NAACL 2018.



lll ELMo

o SCIGLER
e ELMoEZ INLPES IR EEZEEEIRFA, &

g

R ———

A FTSOTARI R

INCREASE
TASK PREVIOUS SOTA OUR L0+ (ABSOLUTE/
BASELINE BASELINE RELATIVE)
SQuAD | Liu et al. (2017) 84.4 || 81.1 85.8 4.7 124.9%
SNLI Chen et al. (2017) 88.6 || 88.0 88.7 £ 0.17 0.7/5.8%
SRL He et al. (2017) 81.7 || 81.4 84.6 3.2/17.2%
Coref Lee et al. (2017) 67.2 || 67.2 70.4 3.2/9.8%
NER Peters et al. (2017) 91.93 £ 0.19 || 90.15 9222 £0.10 2.06/21%
SST-5 McCann et al. (2017) 53.7 || 51.4 54.7 + 0.5 3.3/6.8%

20

[Peters et al., 2018] Deep contextualized word representations. In NAACL 2018.
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« {FFHRNN (GRU. LSTM)

» FiK

N2
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RS =1
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Il GPT

 GPT: Generative Pre-Training

e OpenAligm 1 “E

ETVFH,

= L BZA

\-

= BT P12

I\\\-LI:I  —

= AR IS “Fil| 2R+ 5 1A BUFT AT
o GPTEEMHTransformer&H¥t L,

AEIEv

" HEZS

HizL\amulti-head self-attention (Vaswani et al., 2017)

A

RIA—1

ﬁ@
| EEE
A

RIA—1

%@

SCZK T EH57ES
4 T Transformer Block h
12x
l Transformer Block ’
9 Transfon/rier Block - J\
4.
IS

EEaﬁ

25

A

[Radford et al., 2018] Improving Language Understanding by Generative Pre-training


https://github.com/openai/finetune-transformer-lm

Il GPT

« IR Ex

° *UJ

HEHRYXAZI]—1TEFTransformerfig s

« ¥,

H A 2 XA 5 F

il
g

S [ R

— P EiERHA

FrXmE= \ //W 18] [a] S 7B %

» B M=
h; = transformer_block(h;_1)Vi € [1,n/

P(u) = softmax(hnwg)

Li(U) =) log P(uiltik, ... ui—1;0)

26

[Radford et al., 2018] Improving Language Understanding by Generative Pre

-trainin

g



Il GPT

o« HIEMER

» AA NEESHEINEEE

s WTRENBNEERU

P(ylx",

» EREISAT, RI0ENIMITR)IE

T EE

[ g S

T NWGPTiRHEY

U FH1TRRIE

C, i AN x! X AR Y

L, x'") = softmax(h)"W,).

& Transformer [&|

Z log P(y|zt, ..., 2™).

L3(C)

ARG BT A — IR T
N ESITKw
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T
=p
T
L L

, b RITVIEER RS
= Lo(C) + A * Ly (C)

[Radford et al., 2018] Improving Language Understanding by Generative Pre-training



Il GPT

o WfAJTE FHHES(ERAGPT?

Text Task L :
Prediction | Classifier Classification Start Text Extract }» Transformer =~ Linear
Entailment Start Premise Delim | Hypothesis | Extract Transformer (> Linear
Layer Norm
Feed Forward Start Text 1 Delim Text 2 Extract | > Transformer
I Similarity - 6—}> Linear
12x — .
Start Text 2 Delim Text 1 Extract | > Transformer
Layer Norm ‘ -
é< : Start Context Delim Answer 1 | Extract | > Transformer > Linear
Masked Multi ‘ |
Self Attention _
1 Multiple Choice | Start Context Delim | Answer 2 | Extract | = Transformer (> Linear {
Text & Position Embed Start Context Delim | Answer N | Extract | > Transformer | Linear
28

[Radford et al., 2018] Improving Language Understanding by Generative Pre-training



Il GPT

A LE
o SCUHZESR
Method MNLI-m MNLI-mm SNLI SciTail QNLI RTE
ESIM + ELMo [44] (5x) - - 89.3 - - -
CAFE [58] (5x) 80.2 79.0 89.3 - - -
Stochastic Answer Network [35] (3x) 80.6 80.1 - - - -
CAFE [58] 78.7 77.9 88.5 83.3
GenSen [64] 71.4 71.3 - . 82.3 592
Multi-task BiILSTM + Attn [64] 72.2 72.1 - - 82.1 61.7
Finetuned Transformer LM (ours) 82.1 81.4 89.9 88.3 88.1 56.0
Method Classification Semantic Similarity GLUE
Method Story Cloze RACE-m RACE-h RACE CoLA  55T2  MRPC  STSB  QQP
LS-skip [55] - (me)  (acc)  (F1) (pc)  (F1)
val-L5-skip - - - - LSTM [1 - 93.2 - - : :
Hidden Coherence Model [7] 77.6 - - - Sparse byte mL5TM [16] )
TF-KLD [23] . ; 86.0 _ ; _
Dynamic Fusion Net [67] (9x) - 55.6 49.4 51.2 . . ] ] ] ] ]
BiAttention MRU [59] (9x) ) 60.2 50.3 53.3 ECNU (mixed ensemble) [60] 81.0
. Single-task BILSTM + ELMo + Attn [64]  35.0 90.2 80.2 55.5 66.1 64.8
Finetuned Transformer LM (ours) 86.5 62.9 57.4 59.0 Multi-task BiLSTM + ELMo + Attn [64] 18.9 91.6 83.5 72.8  63.3 68.9
Finetuned Transformer LM (ours) 45.4 91.3 82.3 82.0 70.3 72.8

29

[Radford et al., 2018] Improving Language Understanding by Generative Pre-training



Il GPT-2

 GPT-2: Language Models are Unsupervised Multitask Learners

e IRNIESREIP]BATEZzero-shotiz & FSER—ERY NilFf:

. 1B

SRS =L zero-shot{F551T

« IR Ex

==

¢ 18

» HAth oA

=3—1t (Layer normalization) #E7E

3

B

S5GPTHIIREZE, FRillZRzN3

p -

laR A MGPTHJ40,0008 B ZE50,257

FTFXKE: MGPTE512 EZE 1024

BRYRBEPTE

S blockBY% N I

AL B 3FRE SIblock/Z7ARN0 1 ZFMYILayer normalization

M

55

%: 6GB — 40GB

[Radford et al., 2019] Language Models are

»

Unsupervised Multitask Learners


https://github.com/openai/gpt-2

Il GPT-2

» REIK/

~BERT-large
~BERT-base
. -

117M Parameters 345M Parameters 762M Parameters 1,542M Parameters

31

[Radford et al., 2019] Language Models are Unsupervised Multitask Learners



Il GPT-2

LAMBADA LAMBADA CBT-CN CBT-NE WikiText2 PTB enwik8 text8 WikiText103 I1BW
(PPL) (ACCO) (ACO) (ACO) (PPL) (PPL) (BPB) (BPC) (PPL) (PPL)
SOTA 99.8 59.23 85.7 82.3 39.14 46.54 0.99 1.08 18.3 21.8
117M 35.13 45.99 87.65 83.4 29.41 65.85 1.16 1.17 37.50 75.20
345M 15.60 55.48 92.35 87.1 22.76 47.33 1.01 1.06 26.37 55.72
762M 10.87 60.12 93.45 88.0 19.93 40.31 0.97 1.02 22.05 44.575
1542M 8.63 63.24 93.30 89.05 18.34 35.76 0.93 0.98 17.48 42.16
Common Nouns Named Entities
100 100
Human ---
95 | 95 1
— —q{
Human
Cloze-style L g 90 / g e
Reading Comprehension v 3 /
< 85 < 85-
Bajgar et al. (2016)
80 - 80 -
Bajgar et al. (2016)
75 —— 75 — —_—
117M 345M 762M  1542M 117M 345M 762M  1542M

# of parameters in LM # of parameters in LM

32

[Radford et al., 2019] Language Models are Unsupervised Multitask Learners



Il GPT-3

« GPT-3: Language Models are Few-Shot Learners

s FERR AN

s RESHEH—D

$—H— \-q — —

A==

I RZE175B, i

REE/ViEARF] (few-shot learning) _LHRIEE

RN

» REEMSGCPT-2HTLHEZERI, 7NN 7 Mk

=

T AZE AR

SNFRARNH—D

Bk e KRB 46 =

GPT-2 R KhRAZ %

Learning Rate =x1.5B, EESH

Model Name Nparams Niayers dmodel Nheads dhead Batch Size

GPT-3 Small 125M 12 768 12 64 0.5M 6.0 x 104
GPT-3 Medium 350M 24 1024 16 64 0.5M 3.0 x 104
GPT-3 Large 760M 24 1536 16 96 0.5M 2.5 x 1074
GPT-3 XL 1.3B 24 2048 24 128 1M 2.0 x 1074
GPT-3 2.7B 2.7B 32 2560 32 80 1M 1.6 x 104
GPT-3 6.7B 6.7B 32 4096 32 128 2M 1.2 x 1074
GPT-3 13B 13.0B 40 5140 40 128 2M 1.0 x 1074
|GPT-3 175B or “GPT-3” 175.0B 96 12288 96 128 3.2M 0.6 x 10~4 |

6GH4E == 8]

>700G &= |8

33

[Brown et al., 2020] Language Models are Few-Shot Learners


https://github.com/openai/gpt-3

Il GPT-3

» NAAIN

 Z4F

FRE . Hinft NiHESEUR LA

e GPT-3ZEBAHIEIERY: zero-shot, one-shot, few-shot

Zero-shot

The model predicts the answer given only a natural language
description of the task. No gradient updates are performed.

Translate English to French: task description

cheese =>

One-shot

In addition to the task description, the model sees a single
example of the task. No gradient updates are performed.

Translate English to French: task description
sea otter => loutre de mer example
cheese => prompt

prompt

Traditional fine-tuning (not used for GPT-3)

Few-shot

In addition to the task description, the model sees a few
examples of the task. No gradient updates are performed.

Translate English to French: task description
sea otter => loutre de mer examples
peppermint => menthe poivrée

plush girafe => girafe peluche

cheese => prompt

34

Fine-tuning

The model is trained via repeated gradient updates using a
large corpus of example tasks.

sea otter => loutre de mer example #1
peppermint => menthe poivrée example #2
plush giraffe => girafe peluche example #N
cheese => prompt

[Brown et al., 2020] Language Models are Few-Shot Learners



Il GPT-3

 SCINZESR

e TEzero-shot, one-shot, few-shotSL¥g &H L

Setting PTB
LM SOTA (Zero-Shot) 35.8¢
GPT-3 Zero-Shot  20.5
LAMBADA LAMBADA StoryCloze HellaSwag
Setting (acc) (ppl) (acc) (acc)
SOTA 68.0¢ 8.63° 91.8°¢ 85.64
Cloze GPT-3 Zero-Shot  76.2 3.00 83.2 78.9
GPT-3 One-Shot 72.5 3.35 84.7
GPT-3 Few-Shot 86.4 1.92 87.7
Setting NaturalQS WebQS TriviaQA

RAG (Fine-tuned, Open-Domain) [LLPP " 20]

T5-11B+SSM (Fine-tuned, Closed-Book) [RRS20]
QA T5-11B (Fine-tuned, Closed-Book)

GPT-3 Zero-Shot

GPT-3 One-Shot

GPT-3 Few-Shot

44.5
36.6
34.5
14.6
23.0
29.9

45.5
44.7
37.4
14.4
25.3
41.5

68.0
60.5
50.1
64.3
68.0
71.2

MT

CQA

MRC

35

R1T 7 AFE RERVILEETR

Setting En—Fr Fr—En En—De De—En En—Ro Ro—En
SOTA (Supervised)  45.6“ 35.0° 41.2¢ 40.2¢ 38.5¢ 39.9¢
XLM [LC19] 334 33.3 26.4 34.3 33.3 31.8
MASS [STQ"19] 37.5 34.9 28.3 35.2 35.2 33.1
mBART [LGG20] - - 29.8 34.0 35.0 30.5
GPT-3 Zero-Shot 25.2 21.2 24.6 27.2 14.1 19.9
GPT-3 One-Shot 28.3 33.7 26.2 30.4 20.6 38.6
GPT-3 Few-Shot 32.6 39.2 29.7 40.6 21.0 39.5
Setting PIQA ARC (Easy) ARC (Challenge) OpenBookQA
Fine-tuned SOTA 79.4 92.0[KKS*20] 78.5[KKS™*20] 87.2[KKS120]
GPT-3 Zero-Shot 80.5* 68.8 51.4 57.6

GPT-3 One-Shot  80.5* 71.2 53.2 58.8

GPT-3 Few-Shot  82.8* 70.1 51.5 65.4

Setting CoQA DROP QuAC SQuADv2 RACE-h RACE-m
Fine-tuned SOTA 90.7¢ 89.1° 74.4°¢  93.0¢ 90.0° 93.1¢
GPT-3 Zero-Shot  81.5 23.6 41.5 59.5 45.5 58.4
GPT-3 One-Shot  84.0 34.3 43.3 65.4 45.9 57.4
GPT-3 Few-Shot  85.0 36.5 44.3 69.8 46.8 58.1

[Brown et al., 2020] Language Models are Few-Shot Learners
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e GitHub Copilot

e 2021F6H, MESOpenAlX[EiE L ¥ —frAIZR 2 T ECopilot, #F2022%F6H IET\ %
» CopilotBEUSEEBYFF A& TEVS. VS CodeEH AMMERERIBET B iRt migiEiX
s FEEfREANRBEMMARICodexidiE (EKGPT-3) , HBE120(CZH=

Copilot
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https://copilot.github.com

XKGPT-36IFE B

ezl Q: macOSRARLK=ZRMBNAEHKEI? Q: What is the chemical formula of sodium chloride?
o) &= A: A:
Q: COVID-19MH X RBIRETA? Q: NLPHPXRIRZ(TA?
. t *", %g . A:
w W 32
i : F“today@l\W\dayTd . let'sELTE! "ENFEHNX
X iE : Could you recommend a movie to me?
IR B
1=5h : SN ENZTA? Q: translate "XKJHLWIDSE, BB LEL &L D, " into Korean.
2 ¥5 : A
” sqrt(2)=1.414 ) _A="
?ﬂﬁ sqrt(3)=1.637 Q: 1+2+3-4=
‘o 0 ) B -t (5)=2.236 A:
T_—
a)@1: TensorFlowfPyTorchlf{ EiFH?
] X2 TensorFlow,
HA{th BE:
0] Z5

37 * FIRZEFIBVS Code + Github Copiot4 B, #BxBFAERNEER, (MitsE
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lll BERT

 BERT: Bidirectional Encoder Representations from Transformers
o IR T —MXXE@F)IZESRE S E, FARIIRB BXANIZMA o mE i)l
+ BERTIEARZNLPESHIRE 7 &R
o H—smifF T{ERABERAFIGEERNES S ERRENSIT

BERT (Ours) OpenAl GPT ELMo

RIS

L -

« BERT: @ TransformeriZ={&#Y

» ELMo: FMIRIFIEF /R EHILSTMIE SR B IRFITS

o GPT BmMAZEABTransformerE S1&EY

39

[Devlin et al., 2019] BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding. In NAACL 2019.


https://github.com/google-research/bert

lll BERT

o RBIZEH
o HHR

s FRHTT—T
MARTEE =80

. RM@E (segment embedding)

=Transformeriz

e UBM= (position embedding)

NSP MLM
P S 2 2 4
BERT

\L‘/_\'A A\ A\
ir 4r O ar ar
csy| |z | | 2O | |isep1| | 2 || 2@ | |[SEP]
AN J \ J
A1 2

£1 530,000 " WordPiecefyia &
A, REE. RGOS

A (12

—

IZ=

110M) Fllargekli 2~ (24,

=, 330M)

. = —— Mo == 1 _/\ kvl | AN
RS ETtokenB THI— TR (889)
\] s 2L y = O
< /Ts = BitokenBY 28 X i1
/ 4 N / /
Input [CLS] 1 my dog is ( cute W [SEP] he ( likes W play W ##ing W [SEP]
Token
Embeddings E[CLS] Emy Edog Eis Ecute E[SEP] Ehe EIikes EpIay E##ing E[SEP]
== = = 4= == = == 4= 4= == ==
Segment
Embeddings EA EA EA EA EA EA EB EB EB EB E
== == = = == == == == = = ==
Position
Embeddings Eo E1 E2 E3 E4 E5 E6 E7 E8 - -

[Devlin et al., 2019] BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding. In NAACL 2019.




lll BERT

o 1FAUIZEF]: TransformersZEigzs

® Residual Output Layer 2
Residual
0 = LayerNorm(DrOPOUt(FFN(I)) H) { Out;lslt E:yer } Multi-Head Attention
@ Intermediate Layer 1P ®
] = GGLU(FFN( H)) { Intermediate Layer } Concat |
................................................................................................................................................ y }
@ Residual Linear Projection Layer Seled Dot-Product )
H = LayerNorm(Dropout(FFN(A)) + X) { }
.............................................................................................. @ - Ve
(2 Multi-head Self-attention Layer
A = MHA(X)

41 [Devlin et al., 2019] BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding. In NAACL 2019.



lll BERT

e FIZRIESD: Masked Language Model (MLM)

o N FIFRIEF D tokenHITIETD, 3

+8

o EBERTH, £I§15%05 A\ XA #H{TmaskiE{E

» MRBHVERD: REREZMEETUN

i [RtokenZ{T4

EREEFENTHITEIR

s NRWEHEXRZE: REEBNL Y, RENERTERRA, HmREETIUN

store

!

!

gallon

The man went to the [MASK] to buy a [MASK] of milk

[Devlin et al., 2019] BERT: Pre-tra

ning of Deep Bidirectional Transformers for Language Understanding. In NAACL 2019.



lll BERT

e FIZRIESD: Masked Language Model (MLM)
o |oJll: FUIZRMT ER(ERRRTIEIBA (MASK I (S NFESFHA AL
« BERAE: HARRBRBEFEISAtokenE AR [MASK]

O
0 went to the store — went to the [MASK]

replace w/ [MASK]

o
0/0 went to the store - went to the apple
replace w/ random word

o
0/0 went to the store - went to the store
keep original word

43 [Devlin et al., 2019] BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding. In NAACL 2019.



lll BERT

o MLMAYZERR{CHSSEIN <I

e Y{¥: create pretraining data.py

e REN: create masked 1m predictions ()

« SR
* tokens (/ist): tokenized sequence tokens
 masked_Im_prob (float): how many words (proportion) should be masked
 max_predictions_per_seq (int): maximum predictions per sequence
 vocab_words (/ist): vocabulary

* rng: random.Random(seed)

[Devlin et al., 2019] BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding. In NAACL 2019.


https://github.com/google-research/bert/blob/master/create_pretraining_data.py#L342

lll BERT

o B—: ERERETIRE

cand_indexes - []
(i, token) enumerate(tokens):
token "[CLS]" token "[SEP]":

@ BT [crns] M [SEP]

cand_indexes.append(1i)

rng.shuffle(cand_indexes) @ FHMz1% AR HITITEL

output_tokens - list(tokens)

Q) HAE BTN AItoken£I =

num_to_predict - min(max_predictions_per_seq,
max(1l, int(round(len(tokens) masked_1lm_prob))))

45 [Devlin et al., 2019] BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding. In NAACL 2019.


https://github.com/google-research/bert/blob/master/create_pretraining_data.py#L342

lll BERT

. BT RIEMLMEEIRA XA Tmask </>

o A RRBENERR E BB —ERE 750k

masked lms - []
covered_indexes - set()
index cand_indexes:
len(masked_1ms) num_to_predict:

index covered_indexes:

covered_indexes.add(index)
masked_token - None
rng. random( ) 0.8:
masked_token - " [MASK]"

rng. random() < 0.5:
masked token - tokens[index]

masked_token - vocab_words[rng.randint(@, len(vocab_words) 1)]

output_tokens[index] - masked_token
masked_1lms.append(MaskedLmInstance(index-index, label-tokens[index]))

46 [Devlin et al., 2019] BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding. In NAACL 2019.


https://github.com/google-research/bert/blob/master/create_pretraining_data.py#L342

lll BERT

o FMIIZRESS2: Next Sentence Prediction (NSP)
o FIMENAZEIEX XA, Bl ETXER

e JiMSentence BE L £Sentence AR F—1Na)F

J Sentence A: The man went to the store.
Sentence B: He bought a gallon of milk.
IsNextSentence
x Sentence A: The man went to the store.
Sentence B: Penguins are flightless.
NotNextSentence

47 [Devlin et al., 2019] BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding. In NAACL 2019.



lll BERT

o« Z5RTE FiFESHIRIEABERT

L_aﬁ Laﬁ
N (7 (eI e S ]
BERT BERT
e BBO]ZE: [CLS] sentl : e ] [
Ecw || E; | - v || Eser || B¢ | | Eu Ecs || E. E, E,
O T U e e & s ' T
e OJXJ3K: [CLS] sentl [SEP] sent? (- Ol - [ — == - B
Sentelnce 1 Sentence 2 Single S|entence
° EI-I;ZIE;%E [CLS] Q [SEP] P (a) ﬁﬂeﬁﬁngz lzai(r)(l\iﬁsssifli'ggo?vl 'IF:?;(I;S: (b) gg_lg_;_lz Sggtince Classification Tasks:

RTE, SWAG

Start/End Span B-PER 0]

_‘ .ﬁéﬁ BERT & y - ;
C) - e ) BERE

Z‘F"\ H:'I BERT BERT

o
i
i
I+
<T
i
dlinl

jn
X

E Ey Eisery E, |- = Ecwsy E, E, N

\ S . — i — O e T e Bl e gy
¢ EQ/EU//EU yt_l-éj 77’|§ . [CLS ] — $/-.R(_TL\ @m EEIME W m st || Tok1 || Tok2 | Tok N
I |

o o |

A\ N== A\ ik 2 tion Paragraph i
41157 FH %73 . Z'F L 2 =2 ;zA* i;ﬁj:b /'-l— Questio aragrap Single Sentence
° H_.l-l;:E:: .- HIHL=2= A Délzl =k
(c) Question Answering Tasks: (d) Single Sentence Tagging Tasks:
SQUAD v1.1 CoNLL-2003 NER

o FHINRE: B tokenFiNAERIARES

48 [Devlin et al., 2019] BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding. In NAACL 2019.



lll BERT

o TIlZRIEIIRE
« ZN3E: Wikipedia + BookCorpus (33B words in total)

» JJllZx: 256 batch_size * 512 max_token_length, 1M

o Warmup: 10K steps (2i)llZ5 1891 %)

e JIZRITIK: 4K

. HHIRE
« BERT-base: 4 Cloud TPUs (16 chips)
 BERT-large: 16 Cloud TPUs (64 chips)

[Devlin et al., 2019] BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding. In NAACL 2019.



lll BERT

e )ksE1IEH BT (Tensor Processing Units, TPU)

e ATPU v344l,

1 hardware = 4 chips = 8 cores = 128GB HBM

- NVIDIA V100 NVIDIA A100 TPU v2 TPU v3 TPU v4

Hardware
Arch NVIDIA Volta
Memory 16GB / 32GB
Double: 7 TFLOPS
FLOPS Single: 14 TFLOPS
DL: 112 TFLOPS

NVIDIA Ampere

40GB / 80GB

Double: 9.7 TFLOPS
Single: 19.5 TFLOPS
DL: 156 TFLOPS

Google Cloud TPU

64GB

180 TFLOPS

50

Google Cloud TPU

128GB

420 TFLOPS

Google Cloud TPU

128GB

2./x over TPU v3

Google Cloud TPU. https://cloud.google.com/tpu



https://cloud.google.com/tpu

lll BERT

o YEXE—MEREEZ/DE?  (MABERT-large J3ffl)
« TPU v2B/\IN{ERM1E&N4.557t (USD)

16 Cloud TPUs =16 x 4.5 =72 USD / hour
—RK3EE =72 x24 =1,728 USD

POK5EfE = 1,728 USD x 4 = 6,912 USD

6,912 USD = 46,765 CNY

2 HRIZR ) || R AR B RY R RIS
1" Rl 4R 897 A R] AR I&E BRI 2R AR AR

Al
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[Devlin et al., 2019] BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding. In NAACL 2019.



lll BERT

o SLIRYER
e EGLUEFISQUADEHES EMHLEGPTIRBEAISEIRER

System Dev Test
EM Fl1 EM Fl

Leaderboard (Oct 8th, 2018)

Human - - 823 912
#1 Ensemble - nlnet - - 86.0 91.7
System MNLI-(m/mm) QQP QNLI SST-2 CoLA STS-B MRPC RTE | Average #2 Ensemble - QANet _ . 845 905
392k 363k 108k 67k 8.5k 5.7k 3.5k 2.5k - #1 Single - ninet - - 83.5 90.1
Pre-OpenAl SOTA 80.6/80.1 66.1 823 932 350 810 860 61.7]| 740 #2 Single - QANet - - 825 893
: Published
BiLSTM+ELMo+Attn 76.4/76.1 648 799 904 360 733 849 568 71.0 BiDAF+ELMo (Single) _ gsg . ]
OpenAl GPT 82.1/81.4 70.3 88.1 91.3 454 80.0 823 560 752 R.M. Reader (Single) 789 86.3 795 86.6
BERTgBASE 84.6/83.4 71.2 90.1 935 521 858 889 664| 79.6 R.M. Reader (Ensemble) 81.2 879 823 88.5
BERT ARGE 86.7/85.9 721 911 949 605 865 893 70.1, 819 Ours
BERTgask (Single) 80.8 88.5
BERTLARGE (Single) 84.1 90.9
BERTLArGE (Ensemble) 85.8 91.8 - -
BERTLarGE (Sgl.+TriviaQA) 84.2 91.1 85.1 91.8
BERTArGE (Ens.+TriviaQA) 86.2 92.2 87.4 93.2
52

[Devlin et al., 2019] BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding. In NAACL 2019.



lll tFSZBERT-wwm

« BT 1B XBERTAYIIRE
e JEEIFEIEFAR (Whole Word Masking, wwm) [N HAERNBERTHZEE
o NEHERL RS
o IREBIESRE (MLM) @ BWAXKRPNFEFEMILD M, BEVXFHITHER
o FIEWIESRE (WWM) @ ZRTHXD1E, BETE—T1EFPIE FIHITHER

==

Y P

W&
~

T N

MENEMTREFBE. FEHMM MTREFE,
(a) DA NHERS B (b) DAIA NSRS BAL

53 [Cui et al., 2020] Revisiting Pre-trained Models for Chinese Natural Language Processing. In Findings of EMINLP 2020.
[Cui et al., 2021] Pre-training with Whole Word Masking for Chinese BERT. In IEEE/ACM TASLP Vol.28.



lll 9 3BERT-wwm

e %FWhole Word MaskingfIEEIZ R ¢
— TR, HRRERE BN (MAsK] S

. B2
. (2 PEENLERTE: B9 (MASK] . BMABETIE. RIFRE
BERT model uses wordpiece tokenization
##ER ##T model uses word ##piece token ##ization
B [M] [M] model uses! word [M] token ##ization [M]
B ##ER [M] model! good word ##piece [M] [M]
[M] ##ER HH#T [M] [M] word hello token! ##ization
[M] [M] [M] model uses word ##piece  token! apple
B! hello [M] model [M] [M] ##piece token ##ization
B ##ER HH#T fruit uses word! [M] [M] [M]

MR IBIEAES, RRRERIEERE, REEERAN50%

54 [Cui et al., 2020] Revisiting Pre-trained Models for Chinese Natural Language Processing. In Findings of EMINLP 2020.
[Cui et al., 2021] Pre-training with Whole Word Masking for Chinese BERT. In IEEE/ACM TASLP Vol.28.
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lll FSZBERT-wwm

=D

» SCHNZER
ETEa@ER A AR EE R T

AR B EE

BERT-Large, Uncased (Original) 91.0/84.3 86.05
BERT-Large, Uncased (WWM) 02.8/86.7 87.07
BERT-Large, Cased (Original) 91.5/84.8 86.09
BERT-Large, Cased (WWM) 92.9/ 86.7 86.46

A EXESHE (from Google)

BERT-base 84.5/65.5 /7.8
BERT-wwm (base) 85.6 / 66.3 79.0
BERT-wwm-ext (base) 85.7 /67.1 79.4

A FXESUR

55 [Cui et al., 2020] Revisiting Pre-trained Models for Chinese Natural Language Processing. In Findings of EMINLP 2020.
[Cui et al., 2021] Pre-training with Whole Word Masking for Chinese BERT. In IEEE/ACM TASLP Vol.28.



lll N-gram Masking

e Nt &I (N-gram masking)
o W—TIEERIN-gramE oA ITIENE, #—TIEBIMMLMESEE
o FILMIXE,

i

: N-gram Masking > Whole Word Masking > vanilla MLM

Orlglnal We went to the store to buy some fruits.
R0
WWM We went to the [M] to [M] some [M].
EAEET
NM We went to the store to [M] [M] [M].
N-grami#&h
56 [Cui et al., 2020] Revisiting Pre-trained Models for Chinese Natural Language Processing. In Findings of EMNLP 2020.

[Cui et al., 2021] Pre-training with Whole Word Masking for Chinese BERT. In IEEE/ACM TASLP Vol.28.



Il N-gram Masking

¢« XFWWM. NMRIEEIR T

« MLM. WWM, NM

122
Yav:V,

e NMEFEREE—MMMLM, WWM, NMIIIZrHRYBERT, FiFfaRMNEYGSAIIMEE

= =

=
i ¥l 2R B ExBO3R A RZ TN

-

NM:  [M]
WWM: [M] 2
MLM:  [M]

M
M
M

M
| RZI

M

——
BN

A M] T

Tl ZRF ER

RZI
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v MLM/WWM/NM: EE B It Z K L[]
X MLM/WWM/NM: & B k= K=

NHES AN ER

[Cui et al., 2020] Revisiting Pre-trained Models for Chinese Natural Language Processing. In Findings of EMINLP 2020.
[Cui et al., 2021] Pre-training with Whole Word Masking for Chinese BERT. In IEEE/ACM TASLP Vol.28.
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ADVANCED PRE-TRAINED LANGUAGE MODEL



© xinet ¢) ELECTRA
© RoBERTa ()
€ ALBERT () PERT

MacBERT




lll XLNet

e XLNet: Transformer-XL Net
e I MA@ L P YHNETFEEVAMNES ER A
o R /R 7 BERTHR{ZEHY“FlZR-F51E" 1~ —EXHY o) &5

XLNet: Generalized Autoregressive Pretraining
for Language Understanding

Zhilin Yang*!, Zihang Dai*'?, Yiming Yang', Jaime Carbonell',
Ruslan Salakhutdinov', Quoc V. Le?
1Carnegie Mellon University, “Google Al Brain Team
{zhiliny,dzihang,yiming, jgc,rsalakhu}@cs.cmu.edu, qvl@google.com

[Yang et al., 2020] XLNet: Generalized Autoregressive Pretraining for Language Understanding. In NeurlPS 2020.


https://github.com/zihangdai/xlnet

lll XLNet

« MMZHEINESERRAIA
. HENIESHE: AWM £ TN T — g
. ERBIESEE: FIBMACAMIRE L TR B %

0l

R U 1P &  [EOS] IR 1P
N S N
E [o] Transformer X [a] Transformer

.

T rrt I

PN 1P & &t [MASK] #* [MASK] &
(a) HFIHEFHRA (b) H dhthif 5 Al
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[Yang et al., 2020] XLNet: Generalized Autoregressive Pretraining for Language Understanding. In NeurlPS 2020.



Il XLNet

° E?EEUHE"]'L:%E@
* MEZEANERINF: 1-2-3-4
° P(X) — P(XI)P(XZ ‘ XI)P(.X3 | XI,Z)P(X4 ‘ X1,2,3) .« oo

62

[Yang et al., 2020] XLNet: Generalized Autoregressive Pretraining for Language Understanding. In NeurlPS 2020.



lll XLNet

e HEIFIWESHRE! (Permutation Language Model)

« BE—TKENT HNFY X

o MBRBERIBERIHEY S5 R ax—FhHESIInN/F (factorization order) 1CH Z

» RATTEUURRRIEN

Lo~z log P(x | 2)] =

*‘ZNZT

[Yang et al., 2020] XLNet: Generalized Autoregressive Pretraining for Language Understanding. In NeurlPS 2020.



lll XLNet

 Permutation Language Model
o NZERIRF: 491232

» P(X) = P(x)P(x; [ X)P(x3| X1 )P (X5 | X134) - .

64

[Yang et al., 2020] XLNet: Generalized Autoregressive Pretraining for Language Understanding. In NeurlPS 2020.



lll XLNet

325 34 == =1:0piibl HATAE HNEFRE—TE Hif)iRE—ITE

o WiiEE N

Nu/L /G 3922451 @ M3 4 %
3—22—2>4—>1 a3 M;'a‘,:s, Mgz Mzg,:;
352241 x3,x, M} 4, M} ,, M} , M} ,, M},

h h h h 4 14 g
35241 xy,x0,04a Mg M, M}, M}, M, M, M,

SRR Taleam 0)60) (60) ()60) )
(Content Stream Attention) 7 A Attention Masks
h@ | NON I h© ; Masked Two-stream Attention
=\ = U : | Content stream:
(a) i || can see self
(o)) (o)) () ()
ERREEN s SR G
(Query Stream Attention) ; Masked Two-stream Attention N
§ ||
7| ©E) @) @E) ME
i (©
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[Yang et al., 2020] XLNet: Generalized Autoregressive Pretraining for Language Understanding. In NeurlPS 2020.



lll XLNet

¥V FRIR)1E !

. XlhsEe

o 7EOJEESEIOSHT, XLNetFH£1E T{{FBERTHISEIL KR

100
B BERT
100
04 0 94.9 BN BERT
91.1 20
90 - | 38 7 90.0 90.2
80 -
80 -
70 -
70 -
60 - 60 -
50 - 50
MNLI QNLI QQP SST-2 MRPC STS-B RTE ColLA SQuUAD1.1 SQuUAD2.0 RACE
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lll ROBERTa

« RoBERTa: Robustly optimized BERT pretraining approach

¢ IR TBERTHEZEMIXITIAT, BEFEBILTREE. NSPRIBRE. 1)

o« 12T CC-News#iiESE, HEBIUPAERAE Z BRI LAIA—F IR AT

A

LAz

s

N

RoBERTa: A Robustly Optimized BERT Pretraining Approach

Yinhan Liu® Myle Ott*> Naman Goyal* Jingfei Du*®> Mandar Joshi'
Danqgi Chen® Omer Levy? Mike Lewis® Luke Zettlemoyer' Veselin Stoyanovs

T Paul G. Allen School of Computer Science & Engineering,
University of Washington, Seattle, WA

{mandar90, 1sz}@cs.washington.edu

8 Facebook Al
{yinhanliu,myleott, naman, jingfeidu,
dangi, omerlevy,mikelewis, 1sz,ves}Q@fb.com
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[Liu et al., 2019] RoBERTa: A Robustly Optimized BERT Pretraining Approach. In arXiv pre-print.

FRARTIAR



https://github.com/pytorch/fairseq/blob/master/examples/roberta/README.md

lll ROBERTa

° Hglu\mﬁg V.S. Eblu\mﬁg
o BHEY: BN ESEREFIMENE, REXANFAE
o FESHERS: REN)IZRZ2El (BUEFILIE) MrEREMILEE#mask, BIBERTERNGIA

LE15] i mask

o FNSIENY: B2

went to the store - went to the [MASK] ; went to the store —» went to the [MASK]
went to the store - went to the [MASK] ; went to the store -» went to [MASK] store
;g went to the store - went to the [MASK] ; went to the store - go to the store
went to the store - went to the [MASK] § went to the store - went to the store
| went to the store - went to the [MASK] ; went to the store - went [MASK] the store

B9 SHED HESTEAT

[Liu et al., 2019] RoBERTa: A Robustly Optimized BERT Pretraining Approach. In arXiv pre-print.



lll ROBERTa

* NSPIIIIZESEETVE?
. TIERKIN, SENSPES ARG AEET

Model

SQuAD 1.1/2.0 MNLI-m SST-2 RACE

Our reimplementation (with NSP loss):

Original BERT implementation ——% SEGMENT-PAIR 90.4/78.7 84.0 92.9 64.2
Natural sentences =% SENTENCE-PAIR 88.7/76.2 82.9 92.1 63.0
Our reimplementation (without NSP loss):
Could cross the document boundary =% FULL-SENTENCES 90.4/79.1 84.7 92.5 64.8
Could NOT cross the document boundary mm—b DOC-SENTENCES 90.6/79.7 84.7 02.77 65.6
BERTAs5 88.5/76.3 84.3 92.8 64.3
ﬂNetBASE (K — 7) —/81.3 85.8 92.7 66.1
XLNetgass (K =6) —/81.0 85.6 93.4 66.7
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lll ROBERTa

» [ERBERIALRK/NDEAR B ZER
» BEIEMIIGT R, AJAE—T AT

» BRI ZHIARIBISEUESSIE: AR ZRF)I

IR
SRR T — RIRFAAMILRAN

batch size learning rate epochs steps perplexity MNLI-m SST-2
256 le-4 32 1M 3.99 84.7 92.5
32 125K 3.68 85.2 93.1

2K Te-4 64 250K 3.59 85.3 94.1

128 500K 3.51 85.4 93.5

32 31K 3.77 84 .4 93.2

8K le-3 64 63K 3.60 85.3 93.5
128 125K 3.50 85.8 94.1
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lll ROBERTa

 RoBERTamzZ#27&: Sum Up All Good Things
o FHIIERIESS

e ISR (Dynamic Masking)

. {FREGMmN, SFNSPHiZk (Full-Sentences without NSP loss)

o FllZREIIZE
» {ERHEXRIIHLRAR/N: 256 - 8192
« B KHJbyte-level BPETEZ (sentencepiece) : 30k — 50K

[Liu et al., 2019] RoBERTa: A Robustly Optimized BERT Pretraining Approach. In arXiv pre-print.



lll ROBERTa

 SCINZESR

o 7ER[EEEMET: XLNet > RoBERTa > BERT

o« I EKATEIRYIIZR, RoBERTam] ARG #H—F 1 EERFAFUINIERIESS
Model data batch size steps SQuAD (v1.1/2.0) 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 96.1
+ pretrain even longer 160GB 8K S00K 94.6/89.4 90.2 96.4
BERT  arcE
with BOOKS + WIKI 13GB 256 IM 90.9/81.8 86.6 93.7
XLNet; arcE
with BOOKS + WIKI 13GB 256 1M 94.0/87.8 88.4 94.4
+ additional data 126GB 2K 500K 94.5/88.8 89.8 95.6
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lll ALBERT

 ALBERT: A Lite BERT for Self-supervised Learning of Language Representations
s IRHE—MEING (MZH=E=AEE) B9
s MMEERAN: 1FM=ERNTHE. BEZHHEE

HARBIALBERT

L -

ALBERT: A LITE BERT FOR SELF-SUPERVISED
LLEARNING OF LANGUAGE REPRESENTATIONS

Zhenzhong Lan'  Mingda Chen?*  Sebastian Goodman'  Kevin Gimpel?
Piyush Sharma' Radu Soricut'
1Google Research 2Toyota Technological Institute at Chicago

{lanzhzh, seabass, piyushsharma, rsoricut}@google.com
{mchen, kgimpel}@ttic.edu

[Lan et al., 2020] ALBERT: A Lite BERT for Self-supervised Learning of Language Representations. In ICLR 2020.


https://github.com/google-research/albert

lll ALBERT

 jam=E N0 #E (Factorized Embedding Parameterization)

Embedding Embedding
embeddlng size == hidden size embedding size <hidden size

BERT 3 ALBERT
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lll ALBERT

» 1AM SEREND#E

» MARmEREIND /S

O(V X H) OVXE+EXH)

e 255 V =30,000, H=1024, E = 128

BERT S ALBERT

V*H = 30000%1024=30,720,000 V*E+E*H = 30000*128+128*1024=3,971,072

[Lan et al., 2020] ALBERT: A Lite BERT for Self-supervised Learning of Language Representations. In ICLR 2020.



lll ALBERT

e TransformerBENZHEREN, BIRFTEEF—MZEN, SEETLX
e IR : R AZTHHE, EBENSEEZAEN, ATEEINZT(8]{F0E
o EWRRY: BIMNTEIRZDNAE—ZEERH, FHABET S IERTA 8]
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lll ALBERT

o O]FlFFNN (Sentence Order Prediction, SOP)
« NSPIESEIRE T ER S TN, AMmABMEXANEREE —BE LR
» ALBERTiR 8] F IR = Fi{ESS
 IEfF7N: 5BERTHHE, HM T ELERIX ZASEZH R

+ Text 1 Text 2

o TR RIRF P IEEN RN

b Text 2 Text 1

o

2
Nl
Ik
<T

’r

[Lan et al., 2020] ALBERT: A Lite BERT for Self-supervised Learning of Language Representations. In ICLR 2020.



lll ALBERT

s BXIED

Model Parameters SQuADI1.1 SQuAD2.0 MNLI SST-2 RACE | Avg | Speedup
, base 108M  90.4/832 8047776 845 928 682 | 823 | 4.7x
ZS |\ET_| = ==k 1 5:’|: q ;E,""é %j( }' J‘Eﬁ BERT large 334M  92.2/85.5  85.0/822 866 930 739 |852| 1.0
S = - - base 12M 803/823  80.0/77.1 81.6 903 640 |80.1| 5.6x
o ppRy laree 18M  90.6/839 823/794 835 917 685 |84 | 1.7x
e xlarge 60M  92.5/86.1 86.1/83.1 864 924 748 |855| 0.6x
SR El,ﬁ 3& % J: xxlarge | 235M  94.1/88.3 88.1/85.1 88.0 952 823 [88.7| 0.3x
ALBERT-large = BERT-base Model ~ E  Parameters | SQuADI.1 SQuAD2.0 MNLI SST2 RACE | Avg
JR— S7M 80.9/82.9  80.1/77.8 829 915 667 | 81.3
DERE 128 goM 80.9/82.8  80.3/773 8.7 915 679 | 817
256 93M 90.2/832  80.3/77.4 8.1 919 673 | 81.8
o - ~ - t-shared
ALBERT-xlarge =~ BERT-large nOVSHIAEE 768 108M 00.4/832  80.4/77.6 845 928 682 | 823
JRS— T0M 88.7/81.4  775/748 808 894 635 | 79.0
-xXlarges J : ;z 5‘{% e 4 256 16M 88.8/81.5  79.1/763 815 903 634 | 79.6
9 TIBERATA AT 768 31M 88.6/81.5  79.2/76.6 8.0  90.6 633 | 79.8

Table 3: The effect of vocabulary embedding size on the performance of ALBERT-base.

° %i&/ \?L/{&-L—.I |J__|£§J %

« SOPFIlZ
Ul

T }

H /I:I__] yj' il SPtasks | MLM NSP SOP | SQuADI.I SQuAD2.0 MNLI SST-2 RACE | Avg
N None | 549 524 533 | 88.6/815  78.1/753 815 899 617 | 79.0

NSP 545 905 520 | 884/81.5  772/746 816 911 623 | 79.2

SOP 540 789 865 | 89.3/82.3  80.0/77.1 820 903  64.0 | 80.1

7

Table 5: The effect of sentence-prediction loss, NSP vs. SOP, on intrinsic and downstream tasks.
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ll ELECTRA

« ELECTRA: Efficiently Learning an Encoder that Classifies Token Replacements
Accurately

° TXEH:'IT—$

* 1

5 EEAR Gl

IR T RS- HIFI =

EZRHIT)

[ —

R E 5

ZRR BT

2k

1B S 1RE

Kevin Clark
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ELECTRA: PRE-TRAINING TEXT ENCODERS
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Google Brain
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Google Brain
qgvll@google.com
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https://github.com/google-research/electra

Il ELECTRA

° * ﬂ,n*’]
° E)ﬁ%ﬁ'%”%”%ﬁﬁ%; 5GAN (Goodfellow et al., 2014) ;'é'ﬂ){
 Generator: 5N\ FPITRK(EEXRIENRET

* Discriminator: #||4si N\ B 15 @ BB IRE

sample
the — [MASK] —> ->» the original
chef — chef — Generator chef Discriminator original
cooked —> [MASK] —>| (typically a [-> ate (ELECTRA) replaced
the — the — smaII MLM) the original
meal — meal —> meal original

30

[Clark et al., 2020] ELECTRA: Pre-training Text Encoders as Discriminators Rather Than Generators. In ICLR 2020.



ll ELECTRA

o« AERkaES:

~i

C

l‘\-l‘\-—

. 7,

— N MEIMLM
BT E N\ R 5 g —ER 4
HAMLM{ES

I:

RFERKAE R

oI 1T Ik

18 % L2 EX15%

B RN R ERa]

the — [MASK] —>
chef — chef —>

Step M cooked —> [MASK] —>

the — the —>

meal — meal —>

Step @
F-> the
Generator
(typically a -2 cooked
smaII MLM)
81
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ll ELECTRA

o« #B23: EHRIBERTZSH + % N\ 2182

» 12+ Replace Token Detection (RTD) Fiii)llZk

i —

* Sh—

aZk

£33

L I TRKR(E BB R £ A ES TN B >R AU ERa]

/

1) 511585 S HIBT A\ ) F e IbLL 8534

Step 1

sample

LB

SENDET T =R S0

the — [MASK] —>
chef — chef —>

cooked —> [MASK] —>
the — the —>

meal — meal —>

Generator

(typically a
smaII MLM)

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

original

L original

Discriminator enlaced
(ELECTRA) placed  Step

original

original
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ll ELECTRA

« ELECTRARYIIIZ A INS GANFHAH[E]

» A RkE AR EIIREN D = R
ZIVEAEMNCF S, BRCRIERE

o REZIKEE min > Lwm(e,0o)
X

» 1F7

HG)OD
xTE

IRME, HERAIS

)\EDiSC (ma eD)

. LEAbZE Y

the — [MASK] —>
chef — chef —>

cooked —> [MASK] —>
the — the —>

meal — meal —>

sample
-> the —
Generator Chef —
(typically a [-> ate —>
smaII MLM) the —>
meal —

original
S original
Discriminator eplaced
(ELECTRA) P

original

original
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ll ELECTRA

 SCINZESR

» ELECTRA-small/baset& B8 L [EEHF A/ NIBERTRIER E N

Model Train / Infer FLOPs Speedup Params Train Time + Hardware GLUE
ELMo 3.3el18/2.6el0 19x/1.2x 96 M 14d on 3 GTX 1080 GPUs 71.2
GPT 4.0e19/3.0e10 1.6x/097x 117M 25d on 8 P6000 GPUs 78.8
— > BERT-Small 1.4e18/3.7¢9 45x [ 8x 14M 4d on 1 V100 GPU 75.1
— »BERT-Base 6.4e¢19/2.9e10 Ix/1x 110M 4d on 16 TPUv3s 82.2
» ELECTRA-Small 1.4el8/3.7¢9 45x / 8x 14M 4d on 1 V100 GPU 79.9
50% trained 7.1e17/ 3.7€9 90x / 8x 14M 2don 1 V100 GPU 79.0
25% trained 3.6el7/3.7¢9 181x / 8x 14M ldon1 V100 GPU 77.7
12.5% trained 1.8e17/3.7¢9 361x / 8x 14M 12hon 1 V100 GPU 76.0
6.25% trained 8.9e16/ 3.7¢9 722x / 8x 14M 6hon 1 V100 GPU 74.1

——ELECTRA-Base 6.4e19/2.9e10 Ix/1x 110M 4d on 16 TPUv3s 85.1
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ll ELECTRA

. Xlhske

» ELECTRA-largefEGLUE-dev/test E3k18 7 XA

SHYRVES

Model Train FLOPs

Params CoLA SST

MRPC STS QQP

MNLI QNLI RTE Avg.

BERT
RoBERTa-100K
RoBERTa-500K
XLNet

1.9¢20 (0.27x) 335M
6.4¢20 (0.90x) 356M
3.2e21 (4.5x) 356M
3.9¢21 (5.4x) 360M

60.6
66.1
68.0
69.0

93.2
95.6
96.4
97.0

88.0
914
90.9
90.8

90.0 91.3
92.2 92.0
92.1 92.2
922 92.3

86.6
89.3
90.2
90.8

92.3
94.0
94.7
94.9

70.4
82.7
86.6
85.9

84.0
87.9
88.9
89.1

BERT (ours) 7.1e20 (1x) 335M
ELECTRA-400K 7.1e20 (1x) 335M
ELECTRA-1.75M 3.1e21 (4.4x) 335M

67.0
69.3
69.1

95.9
96.0
96.9

89.1
90.6
90.8

91.2 91.5
92.1 924
92.6 924

89.6
90.5
90.9

93.5
94.5
95.0

79.5
86.8
88.0

87.2
89.0
89.5

Model Train FLOPs CoLA SST MRPC STS QQP MNLI QNLI RTE WNLI Avg.* Score

BERT
RoBERTa
ALBERT
XLNet

1.9¢20 (0.06x) 60.5

3.2e21 (:
3.1e22 (!

.02x) 67.8
0x) 69.1

3.9¢e21 (°

.26x) 70.2

949 85.4
96.7 89.8
97.1 91.2
97.1 90.5

86.5 89.3
91.9 90.2
92.0 90.5
92.6 90.4

86.7
90.8
91.3
90.9

92.7
95.4

70.1
88.2
89.2
88.5

65.1
89.0
91.8
92.5

79.8
88.1
89.0
89.1

80.5
88.1

ELECTRA 3.1e2l (1x)

71.7

97.1 90.7

92.5 90.8

91.3

95.8

89.8

92.5

89.5

89.4
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Il MacBERT

o« BETA|iaREIEaFIZIEEIMacBERT
o TERIEEFRMAT, BN ERFUIIGRE TR FRIRI
o IRH T —FFETROTIIZGAEEIMacBERT, f#/ABERTHRI“FRII
« ETH{LLIEIRAIFRIN

Z5-FE R A —EHYa)
#{F55 (MLM as correction, Mac) , ZEU“XARLEE

HiEsE®EmMNT— 113

>~ 80% of the time, replace with [M] >~ 80% of the time, replace with synonym
- AES BB M M F— A -HBESREMAL T — 1A
> 10% of the time, replace random word >~ 10% of the time, replace random word
" AESHEBEMA T — A " AEESHEBEFRET — A
> 10% of the time, keep the same word >~ 10% of the time, keep the same word
" HESEERANT - 1A " HEZEEBAMNT - A
BERT MacBERT

[Cui et al., 2020] Revisiting Pre-trained Models for Chinese Natural Language Processing. In Findings of EMINLP 2020.
[Cui et al., 2021] Pre-training with Whole Word Masking for Chinese BERT. In IEEE/ACM TASLP Vol.28.


https://github.com/ymcui/MacBERT

Il MacBERT

- REIGH Rl ZRAESS
o LMES: (SREFEOUTZIRIOTTIS P
+ SPES: B T—TEFIN (NSP) "B IALBERTHE

E35# 1T

Ul (SOP) "{ES5

{_} {_} /j(ZIK/\*
OFIRERN || MEEEIE S En PRER R
: BHSAES T
@ ~ ) EERE T
= i VYR gl
PAN==P/¥ vi1V= ) MacBERT > < ERNEZ il
HHEX A A
w ?Uliém =
OO B
[CLS] Asl Asu [SEP] ?sl g st ESEP] ,Ap% 1Z|SI,D\jDJ|J
A
s S AR
N

[Cui et al., 2020] Revisiting Pre-trained Models for Chinese Natural Language Processing. In Findings of EMINLP 2020.
[Cui et al., 2021] Pre-training with Whole Word Masking for Chinese BERT. In IEEE/ACM TASLP Vol.28.



lll MacBERT

 SCINZESR
IR, XADR. BRIESHETFIES LIRSEZEEERF

AR BAATE S RIS ERIUR

89.4
25 831
77
74.6 74.6
5/.4 56 5 56 3

B R AR |5 13RI A R |5 13RI A ,ﬂf)ﬂajf\?k BB S T GIRNEsES

B MacBERT M BERT-wwm B BERT

H

90
85
80
75
70 68.5
65
60

55

50
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Il MacBERT

+ LIS MLMESS
o NG FH15%Btokentl LM E
. MacBERT: 80%tokent i BHIVIRINT, 10%RERNMHIE . 2018
.+ Random Replace: 90%H{tokentZif Bl 15 == |
» Partial Mask: [RIGBERTCEE, EN80%HItoken#iZiR)y [MASK] wale I T Eﬂ;i@ké“i?s“m
S, 10% A | e
. All Mask: 90%Htokentg =i [MASK )
. FIRAII0% LA (AHEA) . .
. WBHE ol T
 MacBERT > random replace > partial mask > all mask . . ' : ”[dT]p,]
A EEE: i)li%*ﬁ%@ 2}AEE:.EM1E

[Cui et al., 2021] Pre-training with Whole Word Masking for Chinese BERT. In IEEE/ACM TASLP Vol.28.
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 PERT: Pre-training BERT with Permuted Language Model

I_‘_IjbE
s IHRBE=

o ZENBRISTNIEMRELETFTMIM AR EZM#H 1Tk
FMLMBSIIZR 75 7EMKE [MASK] ARIC, 1EAK Tl Zh-4578" AN —EX RV o) &
o O BRBHEMAMEBEXXAENNHEI?

» W RMWEALFXXRDNABE SR EEIILRNEX

R AR PRIF IR H R 2 — S RRR .
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ll PERT

. R
e IREFAELEXAFNHREEE/ROUE, BREEMFEIXRIENEFR
o ZEEASS| AFEIIRIC [MASK]

s AT EIZBARIIKEN, mikEgRX/NV

Permuted LM

Position Embedding

mwmnnmmmmnmnnnn
@-a

Shuffled Sentence [CLS] i% i!'x i HZ i ﬁ'i [SEP] ﬂiﬂ, t‘l_ﬂ, ;E'E [SEP]
Y Y
Original Sentence [CLS] 57 = Y 172 ¥ =] [SEP] ftb e’ = [SEP]
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ll PERT

 Permuted Language Model (PerLM)
o [ENLIZENANFIIKE15% I AN H T
« EIERZEIEEE (wwm) FIN-gram#ERZFEAR (unigram 40% — 4-gram 10%)

Nx15% N

\ 4

A B C D E F G H | J

« 90%: BENLIEEXE F90%HtokenH1THEN AR
10%: RIFAE, EAEZR, EBlidentity mapping

B A D H
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ll PERT

SCIRSNER . A NLUESS
° 1%1%20627-':1” =IJ\
SLIGZEER . PERTIENLZS[HIEIRRER

HEB&. 8. aXe&FEFiER

2
a2 SEMIRRIE

Svstemn CMRC 2018 DRCD System MSRA-NER (Test) People’s Daily (Dev)

y D-EM D-F1 T-EM T-F1 C-EM C-F1 | D-EM D-F1 T-EM T-F1 P R F P R F
BERT},. 67.1 (65.6) 85.7 (85.0) 71.4 (70.0) 87.7 (87.0) 24.0 (20.0) 47.3 (44.6) 85.0 (84.5) 91.2 (90.9) 83.6 (83.0) 90.4 (89.9) BERTpase 95.2 948 954 ©951) 953 949 953 @51 953 951 95.3 95.1)
RoBERTay,. 67.4 (66.5) 87.2(86.5)  72.6(71.4)  89.4(88.8) 262(24.6) 51.0(49.1) | 86.6(85.9) 925(922) 85.6(852)  92.0(91.7) ROBERTapase 95.3 9490 95.6 954) 955 0951) 949 (948 953 (95.1) 95.1 (949
ELECTRA . 68.4 (68.0) 84.8 (84.6) 73.1 (72.7) 87.1 (86.9) 22.6 (21.7) 45.0 (43.8) 87.5 (87.0) 92.5 (92.3) 86.9 (86.6) 91.8 (91.7) ELECTRAp,e 95.0 945 959 9549 954 9500 94.8 9479 95.3 952) 95.1 (94.9)
MacBERT} e 68.5(67.3) 87.9(87.1) 73.2(72.4) 89.5(89.2) 30.2(264) 54.0(52.2) | 89.4(89.2) 943(941) 89.5(88.7)  93.8(93.5) MacBERTbase  95.2 9490 954 (954) 953 951) 949 946) 95.6 95.1) 95.2 (94.9)
PERT} 60 68.5 (68.1) 87.2 (87.1) 72.8 (72.5) 89.2 (89.0) 28.7 (28.2) 55.4 (53.7) 89.5 (88.9) 93.9 (93.6) 89.0 (88.5) 93.5(93.2) PERT} 95.4 952) 95.5 955 95.6 953) 954 (951) 95.2 9500 95.3 95.1)
RoBERTalarge 68.5 (67.6) 88.4 (87.9) 74.2 (72.4) 90.6 (90.0) 31.5 (30.1) 60.1 (57.5) 89.6 (89.1) 94.8 (94.4) 89.6 (88.9) 94.5 (94.1) ROBERTalarge 95.4 953) 95.7 9579 95.5 955 95.7 9540 95.7 954) 95.7 (95.4)
ELECTRA1alrge 69.1 (68.2) 85.2 (84.5) 73.9 (72.8) 87.1 (86.6) 23.0 (21.6) 44.2 (43.2) 88.8 (88.7) 93.3(93.2) 88.8 (88.2) 93.6 (93.2) ELECTRA]arge 94.9 948 955 950) 95.0 948 94.8 946 953 953) 94.9 (4.8
MacBERTlarge 70.7 (68.6) 88.9 (88.2) 74.8 (73.2) 90.7 (90.1) 31.9 (29.6) 60.2 (57.6) 91.2 (90.8) 95.6 (95.3) 91.7 (90.9) 95.6 (95.3) MaCBERT1arge 96.3 958 96.3 959) 96.2 959 95.8 956 95.8 95  95.8 95.7)
PERT arge 72.2 (71.0) 89.4 (88.8) 76.8 (75.5) 90.7 (90.4) 32.3 (30.9) 59.2 (58.1) 90.9 (90.8) 95.5(95.2) 91.1 (90.7) 95.2 (95.1) PERTlarge 96.4 959 96.4 96.1) 962 960 963 060 96.0 957 96.1 958

N7 = O A7 20 [ Ve
A [FEIERENER an A LRI AR
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ll PERT

o SCHONUR: OB EMUEESS
. HIHEAPRXAEFEE, FIAPERTEEFIMR TS
. I (4R, AKX, BX. BUE)

N

~, PERTYYEZMTAIE

B RGUR

~N . /7

Y i AN e —NE
KeA—1I1ZEER KeRIZ— 1 EER
Svstem Wikipedia Formal Doc. Customs Legal
y P R F P R F P R F P R F
BERT 08l 836 763 798 | 921 871 896 | 857 851 854 | 943 898 920
ROBERTai... 842 769 804 | 926 877 90.1 | 86.8 859 863 | 946 900 922
ELECTRA;.. 699 578 636 | 8.1 816 847|696 710 703 | 917 854 884
MacBERT;,.. 843 77.1 805 | 927 878 902 | 864 865 864 | 946 90.1 923
PERT... 865 795 829 | 936 89.0 912 | 883 880 882 | 952 90.7 929
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[Cui et al., 2022] PERT: Pre-training BERT with Permuted Language Model. arXiv pre-print.
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o SCIHTMR: RXNLUESS
e (7T KBpWikipedia+BooksEiE#H1T1)l
o SLIGER: oIS LM T EMBEIZFEGEE)

2k
ZRAYF

7R A

SQuAD SQuAD 2.0 MNLI SST-2 CoLA MRPC

System EM F1 EM F1 Acc Acc M.C. Acc
BERT} ... 80.8 88.5 - - 84.4 92.7 60.6 86.7
BERTp,. 81.2 885 724 754 84.4 92.6 59.3 86.0
ROBERTabase - 90.4 - 79.1 84.7 92.5 - -
XLNetpase - - 784 81.3 85.8 92.6 - -
ALBERTbase 82.1 893 76.1 79.1 81.9 89.4 - -
PERT) ... 84.8 91.3 783 &1.0 84.5 92.0 61.2 87.5
BERT arge 84.1 909 78.7 81.9 86.6 93.2 60.6 88.0

BERTjugewwm' 874 934 828 85.6 87.3 93.4 63.1 87.2

ROBER Tajarge - 936 - 873 | 89.0 953 i :
XLNetiarge 88.2 940 851 878 | 84 944 652  90.0
ALBERTse 841 909 790 821 | 838 906 i :

PERT arge 874 933 835 863 | 87.6 934 657 873
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95 [Cui et al., 2022] PERT: Pre-training BERT with Permuted Language Model. arXiv pre-print.
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. T FERRERIEE

FPERTH, #ixAHAYE ] LAFI{ERI—1aE TR, XX ABA

» SLIMERER

¢ iﬁg*ﬁlg@d \9

IR K

)ﬁ

S M BERYRZNM: word, N-gram, sentence

)<1¢}

BANX AN B RES

IAEE /N,

BNAFFXARNEX F

13 = A AT Z

SEIERRI S HIRA, A5 LTS HIE)\
Svstem CMRC 2018 XNLI TNEWS ~ OCNLI | .
d DEM DFl TEM TF1 CEM C-F1 | Dev  Test Dev Dev 8
PERT}, (o limit)  65.4 850 702 873 224 456 | 748 744 54.5 70.6 65.02
Lword 59.3 80.6 648 835 12.6 322 | 732 721 53.2 69.3 60.08
LN-gram 62.2 825 673 8438 17.2 36.1 | 734 732 53.8 69.5 62.00
LSentence 63.7 832  69.1 862 16.8 380 | 743 730 54.1 70.0 62.84

A ENEABRALE RIS R

[Cui et al., 2022] PERT: Pre-training BERT with Permuted Language Model. arXiv pre-print.
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« 7%7: Global v.s. Local Prediction

. FEPERTIERT, ERBEEMUMBIENRIT, HAREHFFRIMIMEEEIR

CMRC 2018 XNLI TNEWS OCNLI

System DEM D-Fl TEM TF1 C-EM C-F1 | Dev  Test Dev Dev Average
PERT},,. (local) 64.1 84.0 69.1 86.5 21.0 433 | 741 744 54.5 70.6 64.16
LGlobal 61.1 81.4 65.8 84.3 15.8 362 | 73.6 740 55.4 69.4 61.70
L1 ocal + Global 63.2 83.6 67.7 85.8 19.3 420 | 746 746 55.1 70.0 63.59
A Global: EEMNIELTTN, By € RV, Local: TENGFHFN, Bl y € RE
e 94h: Partial v.s. Full Prediction
. . 2N — +H — o =
o Full PredictionxRETEPERTHEZE N e BB 4F A SCIR 25
) N S /A N —_ s . .
o FIEFRBEFNIIZRIESEESELECTRA-stylefiilll 5T\, BlFull Prediction
Svstem CMRC 2018 XNLI TNEWS OCNLI Average
y D-EM D-F1 T-EM T-F1 C-EM C-F1 Dev Test Dev Dev &
PERT},, (partial)  64.1 84.0 69.1 86.5 21.0 433 | 741 744 54.5 70.6 64.16
LFull Prediction 63.7 84.1 68.0 86.1 18.7 40.9 74.3 73.9 54.2 71.0 63.49

A Partial: 2 XJ1ERE token# 1 TFUN, Full: 3#NF5 P E9FTE token#H 1T

98 [Cui et al., 2022] PERT: Pre-training BERT with Permuted Language Model. arXiv pre-print.
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Type

Embedding
Masking

LM Task
Paired Task
Data Source
Data Size
Tokenization
# Tokens

# Vocab

# Layers

MaxSeqlLen

RoBERTa ALBERT ELECTRA MacBERT
AR AE AR AE AE AE AE AE
T T/S/P T/S/P T/S/P T/S/P T/S/P T/S/P T/S/P
/ T / T T T WWM+NM WWM+NM
LM MLM PLM MLM MLM Gen-Dis Mac PerLM
/ NSP / / SOP / SOP /
BC BC+Wiki Bci\év\i/\‘ifégais BSEBV\\/’\';‘F':ggr'\I':S“’V BC+Wiki Bci\g\i’bt’gégais Wiki, News, Baike | Wiki, News, Baike
/ / 110G 160G 16G ~110G ~20G ~20G
BPE WordPiece SentencePiece BPE SentencePiece WordPiece WordPiece WordPiece
800M 3300M 32.89B / / ~33B / /
40,000 30,522 32,000 50,000 30,000 30,522 21,128 WordPiece
12 12/24 12/24 12/24 12/24/24/12 12/12/24 12/24 12/24
512 512 512 512 512 512 512 512
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* DistilBERT

4 EAE! (BIDistiBERT) f— T EHNGE U EMLMIRE
Transformer4: 44 sEmMLMIRA I
Sy = h — > BRESEHUH
o ([EAMLMITINEZMES EITEINZEE (FTNSP) } RIS

* )

BB T 8D EMR [Traﬁigiiner] [Tfagjgl;mr]

TEMLM#KR . HEES

“

T
i

i~ 4

SRS (hard-label) T8

V2| LLL

Transformer Transformer
Block Block

! !

o« ZKIBMLMIRK: HZFUNREIRMHAVIRIRE (soft-label) 1T

Al

= X e — A N PN = IN=
. SRS TR A GRS R 7 Eit "“f i : g
e MHLE }?\QABERT_base 1IN0% . 160% . 7FE SR1E =13 BERT ( ¥ft&E ) DistilBERT ( A& )

REESS L AR EI[RAR TR AY7 %

[Sanh et al., 2019] DistilBERT, a distilled version of BERT: smaller, faster, cheaper and lighter. In arXiv pre-print


https://huggingface.co/distilbert-base-uncased-distilled-squad?text=Which+name+is+also+used+to+describe+the+Amazon+rainforest+in+English?&context=The+Amazon+rainforest+(Portuguese:+Floresta+Amaz%C3%B4nica+or+Amaz%C3%B4nia;+Spanish:+Selva+Amaz%C3%B3nica,+Amazon%C3%ADa+or+usually+Amazonia;+French:+For%C3%AAt+amazonienne;+Dutch:+Amazoneregenwoud),+also+known+in+English+as+Amazonia+or+the+Amazon+Jungle,+is+a+moist+broadleaf+forest+that+covers+most+of+the+Amazon+basin+of+South+America.+This+basin+encompasses+7,000,000+square+kilometres+(2,700,000+sq+mi),+of+which+5,500,000+square+kilometres+(2,100,000+sq+mi)+are+covered+by+the+rainforest.+This+region+includes+territory+belonging+to+nine+nations.+The+majority+of+the+forest+is+contained+within+Brazil,+with+60%25+of+the+rainforest,+followed+by+Peru+with+13%25,+Colombia+with+10%25,+and+with+minor+amounts+in+Venezuela,+Ecuador,+Bolivia,+Guyana,+Suriname+and+French+Guiana.+States+or+departments+in+four+nations+contain+%22Amazonas%22+in+their+names.+The+Amazon+represents+over+half+of+the+planet's+remaining+rainforests,+and+comprises+the+largest+and+most+biodiverse+tract+of+tropical+rainforest+in+the+world,+with+an+estimated+390+billion+individual+trees+divided+into+16,000+species
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[Jiao et al., 2020] TinyBERT: Distilling BERT for Natural Language Understanding. In Findings of EMNLP 2020.



https://github.com/huawei-noah/Pretrained-Language-Model/tree/master/TinyBERT

||| %037

-l—l-
71<
I\\\

. TinyBERT

=
° L.

\N=Z o
o 1BHZX

 F

HEMESZ

7K

5

7 AR ErZ TE
& (F)ll5

I[RIGBERTIENZM, FHIE

E (%

/\-F\-

R
FrER)

AIEM ER)

o« {ERMBEIRIBERTIE A

, £l Z

_II
AV J
—
rH

|

7K

M EX YA T RIIR 2%

I KRR ZRMLMA

IBEIE] feRIT

JelSY)
l

SRR TN

oSV
LE

BARR
TinyBERT

]

— —  ER%E o \ BEESEE
ARETER TinyBERT j A o
= . 2 i - . .
(Ea g G > T REFEIE
107

[Jiao et al., 2020] TinyBERT: Distilling BERT for Natural Language Understanding. In Findings of EMNLP 2020.
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[Sun et al., 2020] MobileBERT: a Compact Task-Agnostic BERT for Resource-Limited Devices. In ACL 2020.



https://github.com/google-research/google-research/tree/master/mobilebert
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~ R
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4 N
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A
4 N\
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[Sun et al., 2020] MobileBERT: a Compact Task-Agnostic BERT for Resource-Limited Devices. In ACL 2020.
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 TextBrewer: An Open-Source Knowledge Distillation Toolkit for NLP
e R YETHMREMES BIEIERE TPyTorchiAIRZET A S
o IR AHE. RE. ZHNANRZMEESS, DR mEXIERERE R

» Jh|0) http://textbrewer.hfl-rc.com/ 20181 pip install textbrewer&ix

s TextBrewer 1200+

« BRI X: ERTEMIREEH (EZE M Transfomersgis)

« FERE: FTEHRASZIWRERLE XIFHEMBEXIRKFRIR
» AN TENHTS ZERERG EFHITIZX

- EREI: XIFHRENLPES, UIXADE. FIEER. FImESF

110 [Yang et al., 2020] TextBrewer: An Open-Source Knowledge Distillation Toolkit for Nature Language Processing. In ACL 2020.


https://github.com/airaria/TextBrewer

lll TextBrewer

« THENZITE
o Distillers: BBFHITEMRBIANIIRZAB LIE, EX T BNXE
 Configurations: A Distillersi2tNEMNEEEE
o Utilities: 812 —LEHBINNINGE, WMRESHAITHF

3[‘
Jd
5

Configurations Distillers

General MultiTeacher
Distiller Distiller Utilities

Basic

Basic MultiTask
- - - Distiller Distiller

111 [Yang et al., 2020] TextBrewer: An Open-Source Knowledge Distillation Toolkit for Nature Language Processing. In ACL 2020.



lll TextBrewer

o T{EFRIE
HILTE S5 SIS (R MR S

» B—F: ZBZAHERTF — > —

WA BT
B JL — AR
WIBITER, &S S ] | e
o f1IEZXIR AL EERIDataloader  RenE I SRR Y

< > N~ N
. BTH : AR | - |

A3 ).

1 from textbrewer import GeneralDistiller
. . 2 from textbrewer import TrainingConfig, DistillationConfi
o A \ﬂ: N Q oo 7?/.’5” oo p g g g
A ISter, 7w LH ;
4 # We omit the initialization of models, optimizer, and dataloader.
5 teacher_model : torch.nn.Module = ...
e TR /\ \E )\ LLJ 6 student_model : torch.nn.Module = ...
® L:xadapt0r8$[ Ca”baCk, 7] %UJ 171 ) @B$% ?': ?': ) LI *I:I 7 dataloader : torch.utils.data.Dataloader = ...
8 optimizer : torch.optim.Optimizer = ...
> \j- (- E/J ‘H 9 scheduler : torch.optim.lr_scheduler = ...
N —
|z SO ==l S IR 19
11 def simple_adaptor(batch, model_outputs):
12 # We assume that the first element of model_outputs
AN " " " \ o . .
+ D ” E/J F\- ylA Whﬁﬂ 13 # is the logits before softmax
[
-l'J;.I - IStI er Y traln / / |:|/7W\ LE 14 return {'logits': model_outputs[0]}
15
16 train_config = TrainingConfig()
o KIBEATZNEXRES, REE20TAAMARM! |0 dilerme
N L ]/I J R jj ’ 7 \To T 1T —J : 18 d15t111<.er = Ger‘leralD}stlllet.“( o | o |
19 train_config=train_config, distill_config = distill_config,
20 model_T = teacher_model, model_S = student_model,
21 adaptor_T = simple_adaptor, adaptor_S = simple_adaptor)
22
23 distiller.train(optimizer, scheduler,
24 dataloader, num_epochs, callback=None)

112 [Yang et al., 2020] TextBrewer: An Open-Source Knowledge Distillation Toolkit for Nature Language Processing. In ACL 2020.
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M A b MNLI SQuAD  CoNLL-2003
» ANRZTERR Model m  mm El\/([)u Fl F
T BERT 83.7 84.0 81.5 88.6 91.1
o ZMiREY: BERT-base (110M) v
. - — DistilBERT 81.6 81.1 79.1 86.9 _
o A FEHI TinyBERT 805 810 - - :
+DA 82.8 829 727 82.1 - —
e T6 (60%), T3 (41%), T3-small (16%), T4-tiny (same as TextBrewer
: 0 BiGRU - - _ _ 85.3
TinyBERT, 13%) — T6 83.6 84.0 80.8 88.1 90.7
- 15 T3 81.6 825 763 848 87.5
o ERENIMENIRZX] T3-small 813 817 723 814 78.6
T4-tiny 82.0 826 737 825 77.5 —
o TOZEM P DUARIZMIRELRIRAV99%, REURFRGE/\ZE60% A BHTEBUE
e T4- tlny% i Bﬂéﬂ:%'ﬁ[ TlnyBEP{T Model MNLI SQuAD  CoNLL-2003
m mm EM Fl Fl
o ZENIMENTRZX R Teacher I 83.6 84.0 8l1.1 88.6 91.2
Teacher2 83.6 84.2 81.2 88.5 90.8
. ,;if’EEEIJI:I E/J,aq/-_dtﬁﬂé /%Eaiﬁt;\;f(%, 173 \T_I-f\-Ef_LI\- 4 Eljdii I’EATU_ Teacher 3 83.7 83.8 81.2 88.7 91.3
=+ Ensemble 84.3 847 823 &894 91.5
% (ensemble)
Student 84.8 85.3 83.5 90.0 91.6

A SHUMZEBBER

113 [Yang et al., 2020] TextBrewer: An Open-Source Knowledge Distillation Toolkit for Nature Language Processing. In ACL 2020.
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« FFSMMLRBIHEISE: Magnitude Pruning
o BIRMIE
D IR BRI UL SUCIRTS
2 BN —EB o magnitudeB/NIINE, IFHEHEENOHRIGEE

@ BIR (H#EE) IR =E
@ [O25E28, BRIREEIEAREIEERRE

before pruning after pruning

pruning _ _ o>

[Train Connectivity }

O synapses
[Prune ConnectionsJQ
pruning N
O neurons

N

[ Train Weights [ —/
J
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[Han et al., 2015] Learning both Weights and Connections for Efficient Neural Networks. In NeurlPS 2015.
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[Michel et al., 2019] Are Sixteen Really Better than One? In NeurlPS 2019.
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 TextPruner: A Model Pruning Toolkit for Pre-trained Language Model
s WHE T HMRBAESCIEIEINE TPyTorchiUREIFEI T EE
s Bldirs. RIENFE AN EREHTEMWAUER, MMEMEAREARTR ., RBRAREE

e Jhl0) http://textpruner.hfl-rc.com/ B1@1d pip install textpruner&ix

)<l¢}

sy TextPruner 190+
" aii,

- INEEEA: BRZMAIIGERE, MURZFMNLUES

« AIEFIML: BRTIREPLMYL, tr[{EATextPruneri BIE TR AEPLMA &I B E X & EY
o RIBMEHE: PI1ENPythonBEPythonfIAR{ER, thiRETMIIMNGLITIAR
s BITEM: FERTIIGHNEWNEBEAE, B1TRE, RTFIMMRAZFBEFETINZGNGE

[Yang et al., 2022] TextPruner: A Model Pruning Toolkit for Pre-trained Language Models. In ACL 2022.


https://github.com/airaria/TextPruner
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[Yang et al., 2022] TextPruner: A Model Pruning Toolkit for Pre-trained Language Models. In ACL 2022.
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from textpruner import PipelinePruner
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> () GitHub
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MobileBERT, MacBERT, PERT, CINOZs

» T Hf: TextBrewer, TextPrunerss
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e TR KEXEXHRE

« HFLEHEE: https://github.com/ymcui/HFL-Anthology RIEARS

~ Hugging Face
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from transformers import BertTokenizer, BertModel

» (@ Model Hub
» FfidtransformersZE, |RIRINE T2

« HRIEH44 7 T)I|IZE SR8
tokenizer = BertTokenizer.from pretrained("hfl/
chinese-bert-wwm")

® i&iﬂ: : h‘t'tps //h ug_g | ngface . CO/H I:I_ 333?])- = BertModel.from pretrained("hfl/chinese-bert-

Joint Laboratory of HIT and iFLYTEK Research (HFL)
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