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Learned in Translation: Contextualized Word Vectors

Bryan McCann James Bradbury
bmccann@salesforce.com james.bradbury@salesforce.com
Caiming Xiong Richard Socher
cxiong@salesforce.com rsocher@salesforce.com
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https://github.com/salesforce/cove
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h = MT-LSTM(GloVe (w*))

— ME bi-LSTM

—

. ERE=Yal:N): 2 o; = softmax (H(WlhgeC T bl))

h, = ‘tanh (WQHTCH + ba; h?ec)]

h?ec — LSTM ([Zt—l; ilt—l]a h?icl)

T} )

NIl

p(w; | X, w7, ..., w;_,) = softmax (Woutﬁt + bout)

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



%Lﬁ*frﬁ&ﬂ LS
O e JAQ =3 N | @9 ¢ ow R

o  JEIBRER

s NFHRERN—TRIESTF W
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%: En-De 30K (small), 209K (medium), 7M (large)
ES1EEAREN—MEE4 T

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 1.1 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 95.1 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

McCann et al., NeurlPS 2017. Learned in Translation: Contextualized Word Vectors
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Deep contextualized word representations

Matthew E. Peters’, Mark Neumann', Mohit Iyyer', Matt Gardner’,
{matthewp, markn,mohiti, mattg}@allenai.org

Christopher Clark*, Kenton Lee*, Luke Zettlemoyer'™
{csquared, kentonl, lsz}@cs.washington.edu

"Allen Institute for Artificial Intelligence
“Paul G. Allen School of Computer Science & Engineering, University of Washington

Peters et al., NAACL 2018. Deep contextualized word representations
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https://github.com/allenai/bilm-tf
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Peters et al., NAACL 2018. Deep contextualized word representations

14



B ELMo R R

o  JEIBRER

o  XFEtoken 1, — L BHIBILMAIAEERI 2L + I1MFRR (BlE@=EXRT)
S BiLM %
o/[a) =

AT
Ry, = {Xk h,yv ‘]_1 L}

* & R PRIAABRENMNERA— T EZE

ELMOtask (R @task) _ ,.Ytask Z ;aSkhLM

Peters et al., NAACL 2018. Deep contextualized word representations
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Peters et al., NAACL 2018. Deep contextualized word representations
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INCREASE Table 7 lists the development set perplexities for

TASK PREVIOUS SOTA OUR ELMo + (ABSOLUTE/ the considered tasks. In every case except CoNLL
BASELINE BASELINE RELATIVE) 2012, fine tuning results in a large improvement in

perplexity, e.g., from 72.1 to 16.8 for SNLI.

SQuAD | Liu et al. (2017) 84.4 || 81.1 85.8 4.7124.9% The impact of fine tuning on supervised perfor-
SNLI Chen et al. (2017) 88.6 || 88.0 88.7 £ 0.17 0.7/5.8% mance is task dependent. In the case of SNLI,
SRL He et al. (2017) 1.7 Il 81.4 R4 .6 32/17.2% fine tuning the biLM increased development accu-
Coref Lee et al. (2017) 672 || 67.2 70 4 37 /98% racy 0.6% from 88.9% to 89.5% for our single best

model. However, for sentiment classification de-

NER Peters et al. (2017) 91.93 £ 0.19 || 90.15 9222 £0.10 2.06/21% velopment set accuracy is approximately the same
SST-5 McCann et al. (2017) 53.7 || 51.4 347 £ 0.5 3.3/6.8% regardless whether a fine tuned biLM was used.

From Appendix A.1

Peters et al., NAACL 2018. Deep contextualized word representations
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Improving Language Understanding
by Generative Pre-Training

Alec Radford Karthik Narasimhan Tim Salimans Ilya Sutskever
OpenAl OpenAl OpenAl OpenAl

alecQopenai.com karthikn@openai.com tim@openai.com 1lyasu@openai.com

Radford et al., 2018. Improving Language Understanding by Generative Pre-Training
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https://github.com/openai/finetune-transformer-lm
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h; = transformer_block(h;_1)Vi € [1,n/
P(u) = softmax(h, W.)

Li(U) = Z log P(ui|wi—g,...,uij—1;0O)

Radford et al., 2018. Improving Language Understanding by Generative Pre-Training
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P(y|z',...,2™) = softmax(h]"W,).

\ Transformer 2|

= Z log P(y|z', ..., a™).
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Radford et al., 2018. Improving Language Understanding by Generative Pre-Training
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- FNAGPTHEIRAZETNHRES

Text Task e :
Prediction | Classifier Classification Start Text Extract }» Transformer =~ Linear
Entailment Start Premise Delim | Hypothesis | Extract Transformer (> Linear
Layer Norm
v | e Start Text 1 Delim Text 2 Extract | | Transformer
i Similarity - 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 -
t Multiple Choice | Start Context Delim Answer 2 | Extract | = Transformer (| Linear
Text & Position Embed Start Context Delim | Answer N | Extract | = Transformer | Linear

Radford et al., 2018. Improving Language Understanding by Generative Pre-Training
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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 - 2 - : - -
Hidden Coherence Model [7] 77.6 - - - Sparse byt_e mlL>TM [1e] -~
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

Radford et al., 2018. Improving Language Understanding by Generative Pre-Training
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« GPT-2: Language Models are Unsupervised Multitask Learners
e IEHIESHEEITUTEZzero-shotiR B F—EN T TS
.« IEEEAINAE R XL zero-shot{E S TR X BT

Language Models are Unsupervised Multitask Learners

Alec Radford "' Jeffrey Wu *! Rewon Child' David Luan! Dario Amodei ™! Ilya Sutskever ** !

Radford et al., 2019. Language Models are Unsupervised Multitask Learners
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https://github.com/openai/gpt-2
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Radford et al., 2019. Language Models are Unsupervised Multitask Learners
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~BERT-large
~BERT-base

~GPT

\ ' GPT-
@ SPT-2 GPI1-2 - [-2 WTRA

SMALL MEDIUM LARGE LARGE

117M Parameters 345M Parameters 762M Parameters 1,5642M Parameters

Radford et al., 2019. Language Models are Unsupervised Multitask Learners
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LAMBADA LAMBADA CBT-CN CBT-NE WikiText2 PTB enwik8 text8 WikiTextl03  1BW

(PPL) (ACC) (ACC) (ACC) (PPL) (PPL) (BPB) (BPC) (PPL) (PPL)
SOTA 99.8 59.23 85.7 82.3 390.14 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
HUMAaN s====seccccccccccscecaans
95 1 95 -
e —{
Human
> 90- > 90-
Cloze-style | o / : —

: e - S .

Reading Comprehension < 851 gqiqar et al. (2016) < 85

80 - 80 -

Bajgar et al. (2016)
75 - — 75 - —_—
117M 345M 762M  1542M 117M 345M 762M  1542M

# of parameters in LM # of parameters in LM

Radford et al., 2019. Language Models are Unsupervised Multitask Learners
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« GPT-3: Language Models are Few-Shot Learners
c FTEERTEBEANMBKRIESRET/IVERES] (few-shot learning) _EHVEE
s RESHEH—TT BE175B, FREFIIIIGFGEEHEAZBAIMERT

Language Models are Few-Shot Learners

Tom B. Brown* Benjamin Mann™ Nick Ryder* Melanie Subbiah™
Jared Kaplan' Prafulla Dhariwal Arvind Neelakantan Pranav Shyam Girish Sastry

Amanda Askell Sandhini Agarwal Ariel Herbert-Voss Gretchen Krueger Tom Henighan

Rewon Child Aditya Ramesh Daniel M. Ziegler Jeffrey Wu Clemens Winter
Christopher Hesse Mark Chen Eric Sigler Mateusz Litwin Scott Gray
Benjamin Chess Jack Clark Christopher Berner
Sam McCandlish Alec Radford Ilya Sutskever Dario Amodei

Brown et al., 2020. Language Models are Few-Shot Learners
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https://github.com/openai/gpt-3
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o fEHY
o S5GPT-2#FBREZEHI,

2NN 7 W N FRANAH — D RERB8R )%=

GPT-2 s KhRANZS%
Model Name Nparams Mlayers @model Mheads @head Batch Size Learning Rate £=-21.5B, EE5HH
GPT-3 Small 125M 12 768 12 64 0.5M 6.0 x 10~4 6GT 2=
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 10—4
GPT-32.7B 2.7B 32 2560 32 80 M 1.6 x 1
GPT-3 6.7B 6.7B 32 4096 32 128 2M 1.2 x 1
GPT-3 13B 13.0B 40 5140 40 128 oM 1.0 x 1
GPT-3 175B or “GPT-3” 175.0B 96 12288 96 128 3.2M 0.6 x 1

33
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Traditional fine-tuning (not used for GPT-3)

Fine-tuning

1 W=D
= J:*EE -IJEJ The model is trained via repeated gradient updates using a

-

large corpus of example tasks.

«  GPT-3Z:BAMIEERL: zero-shot, one-shot, few-shot e orter e toutre e e

Zero-shot

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

peppermint => menthe poivrée example #2
Translate English to French: task description
cheese => prompt
One-shot Few-shot
- N y In addition to the task description, the model sees a few ' = '
In addition to the task description, the model sees a single Pt plush giraffe => girafe peluche example #N
_ examples of the task. No gradient updates are performed.
example of the task. No gradient updates are performed.
Translate English to French: task description
Translate English to French: task description sea otter => loutre de mer examples
sea otter => loutre de mer example peppermint => menthe poivrée
cheese => prompt
plush girafe => girafe peluche
cheese => prompt
cheese => prompt

34
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=AML /8 ALl B =]
e f£zero-shot, one-shot, few-shot3Liuig & F3X15 7 IFE EZRIIEEEIR
Settin g PTB Setting En—Fr Fr—En En—De De—En En—Ro Ro—En
» SOTA (Supervised)  45.6°  35.0°  41.2¢ 40.24 38.5¢ 39.9¢
SOTA (Zero-Shot)  35.8 XLM [LC19] 334 333 264 34.3 33.3 31.8
GPT-3 Zero-Shot  20.5 M Mass[sTQt19] 375 349 283 352 352 331
T  mBART[LGG20] - - 29.8 34.0 35.0 30.5
LAMBADA LAMBADA StoryCloze HellaSwag GPT-3 Zero-Shot 25.2 21.2 24.6 27.2 14.1 19.9
Setting (acc) (ppl) (acc) (acc) GPT-3 One-Shot 28.3 33.7 26.2 30.4 20.6 38.6
SOTA - S 63b 01 8¢ o5 o GPT-3 Few-Shot 32.6 39.2 29.7 40.6 21.0 39.5
GPT-3 Zero-Shot 76.2 3.00 83.2 78.9 :
GPT.3 One.Shot 9.5 335 84 7 73 1 c Setting PIQA ARC (Easy) ARC (Challenge) OpenBookQA
GPT-3 Few-Shot 86.4 1.92 87.7 79.3 Fine-tuned SOTA 794  92.0[KKS20] 78.5[KKS*20] 87.2[KKS'20]
Q GPT3Zero-Shot 80.5% 68.8 51.4 57.6
Setting NaturalQS WebQS  TriviaQA A gg%g g;sgﬁgt gg-g : ;(1)% 2?2 gg 2
RAG (Fine-tuned, Open-Domain) [LPP " 20] 44.5 45.5 68.0 : . . .
T5-11B+SSM (Fine-tuned, Closed-Book) [RRS20]  36.6 44.7 60.5 :
T5-11B (Fine-tuned, Closed-Book) 34.5 37.4 50.1 M Setting CoQA DROP QuAC SQuADv2 RACE-h RACE-m
o Gero-ahot e A Fine-tuned SOTA  90.7°  89.1°  74.4°  93.0¢ 90.0°  93.1°
CPT3 P, Sh"t 750 S 1o R  GPT-3Zero-Shot 815 236 415 595 45.5 58.4
~> Few-Shot - - : C GPT-30One-Shot 840 343 433 654 45.9 57.4
GPT-3 Few-Shot 85.0  36.5 443  69.8 46.8 58.1

35
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« BERT: Bidirectional Encoder Representations from
Transformers (NAACL 2019 Best Paper)

» R 7 —MIREI)IZMESRE LA, FIREANIERBRXA)

AT B FIIZRESS
*  BERTERZNLPESHIRT 7 2EERERTT
- H—TRIE T ERBRIIGERRERMESFENREIRIT

BERT: Pre-training of Deep Bidirectional Transformers for
Language Understanding

2k

L -

Jacob Devlin Ming-Wei Chang Kenton Lee Kristina Toutanova
Google Al Language
{jacobdevlin, mingweichang, kentonl, kristout}@google.com

Devlin et al., NAACL 2019. BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding
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https://github.com/google-research/bert
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« BERT: g Transformernz= & H
BERT (Ours)

Devlin et al., NAACL 2019. BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding
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e HRETransformeriE BIF4 pY NSP MLM
. base: 12/2, BHE110M A3 % L
« large: 247, & =330M

- BERT

o FISRIESS

« WIEESEE (Masked Language Model, MLM) [CLS]‘ | | 2 | [[SEP] |a,-§2) a:,(,ﬁ)‘ ‘[SEP]

o F—"aFFM (Next Sentence Prediction, NSP) o 2

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

39



e AR
JAQ = XN | P 8w R

e FHilllZR{ES1: Masked Language Model (MLM)
o  FHARIIPNE Stoken#H TS, AHEREREFENHITAER
«  7EBERTH, £I515%m9% N\ XA #H{Tmask
e  UWRBHENEX): BREREZHEEFUN L RtokenZ{T4
e WIRWBEN=XZ: BEBHL MY, RENKBRTESRA, #HMREH T

store gallon

T T
The man went to the [MASK] to buy a [MASK] of milk
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8 BERT L N R
JAQ =) | P ¢

e FHilllZR{ES1: Masked Language Model (MLM)
o o FRIZRM E{ERNRIAEIEN (MASK] FF5E NEESPFHASHIN
o MRERAR: AASAERFIBEFEIBItoken#PE IR [MASK]

« 80% of the time, replace with [MASK]
—went to the store - went to the [MASK]

» 10% of the time, replace random word

—went to the store - went to the apple

* 10% of the time, keep the same word

—went to the store —» went to the store

Devlin et al., NAACL 2019. BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding
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JAQ O N [P 8§

e MLMAYCEESE)

o 15 create pretraining data.py

* [RZE( create masked 1m predictions ()

» SFIIEK
 Tokens (list): tokenized sequence tokens
 masked_Im_prob (float): how many words (proportion) should be masked
e max_predictions_per_seq (int): maximum predictions per sequence
 vocab_words (list): vocabulary

 rng: random.Random(seed)

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

42


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

Ax- frﬁ&"” il B 4
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o F—T: ENRIETIRES
e BkI [cLs) # [s:

o  HziE MRFHITITEL
e  MHEEFNMEItoken =
cand_indexes []

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

L]

P]

cand_indexes.append(1i)

rng.shuffle(cand_indexes)

output_tokens - list(tokens)

num_to_predict - min(max_predictions_per_seq,
max(1, int(round(len(tokens) + masked_1lm _prob))))
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https://github.com/google-research/bert/blob/master/create_pretraining_data.py#L342

Sr frﬁ&"” ERCTE =y
JAQ =3I | P sw i

£_%: IRIEMLMEENTRA X H{Tmask </>
& BB ZURAR E R —AriEhe 750k

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

index covered_indexes:

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

1
2
3
4
5
6
7/
8
9

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]))

Devlin et al., NAACL 2019. BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding
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https://github.com/google-research/bert/blob/master/create_pretraining_data.py#L342

8 BERT

e  FRiIlZR{ES2: Next Sentence Prediction (NSP)
o FIMEXNAZENKXKA (ETFER)

o FISentence B & &Sentence ARY F—"18)F

Sentence A = The man went to the store. Sentence A = The man went to the store.
Sentence B = He bough a gallon of milk. Sentence B = Penguins are flightless.
Label = IsNextSentence Label = NotNextSentence

Devlin et al., NAACL 2019. BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding
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B BERT R

« HIART
- {FRHT—1H8% 30,000 WordPiecefJ1a&
s HZNBARTEZ=H7: 1d0=. Ro=. VEMN=
e BR@EE: RRYFitokenBFM—NR (E9)
e UBM=: RAIPItokenBEINE

/ 4 N [/ N N / N N / / N
Input [CLS] W 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 EB
== 3= 3= 4= = = = == - = -
Position
Embeddings Eo E1 Ez E3 E4 E5 E6 E7 E8 E9 E10
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« xEBETransformerfzligzs

i

e BERTH{#H T 125¢24/=Transformers "
{ Output Layer } Multi-Head Attention
e 5 | @
" . i [Concat]
* Multi-head Self-attention Layer { intermediate Layer } J T
. . . . Scaled Dot-'Product "
* Residual Linear Projection Layer ——— —
esidual Linear
(+ LayerN O rm) { Projection Layer }
® oy
* Intermediate Layer Muttinead )
_ Self-attention Layer
 Residual Output Layer (+LayerNorm) A~

Transformer Block

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

47



> A T
JAQ =3 IS | PO ¢ sw R

. ‘ 42 AR Cabol
£ T ESH4REBERT 5 G-
o Z‘F@)\ BERT BERT

[CLS] E1 1 2
fr gy L e I B gy 1L 1L 1 1T
A ( ][ er ” Tok ] ] sl || Tok1 || Tok2 Tok N
l | | I |
| |

e HMOJZE: [CLS] sentl

¢ /Dj yjéj\ ;ké : [ C L S ] S e I t :I_ |: S E P ] S e I t 2 Sentence 1 Sentence 2 Single Sentence
(@) Sentence Pair Classification Tasks: (b) Single Sentence Classification Tasks:
MNLI, QQP, QNLI, STS-B, MRPC, SST-2, CoLA
N I . RTE, SWAG
° Fé'—-I 1*IEE%£F * |: CL S ] Q |: S E P ] P Start/End Span (@) B-PER O
00— T r
43 o T o o )] - (e =] -
. FIRNEESIBLLBERT @ = -
BERT BERT
VAN
® ZFHIJ II:j 2oy |12 | Ex || Esem || Ef |~ | Ew Ects, E, E, E,
— 5 e I — gy ) UV B S o g i
N I —_— CON | IS o ( sem) Tk /TMT [CLs] || Tok 1 Tok 2 Tok N
. BE/ENHE: [cLS] - FE =g, S O ——
Question Paragraph Single Sentence
K B o A LU AES=ZZ + =¥~ Question A ing Tasks: d) Single S Tagging Tasks:
o [ANEIERR: BEEEARMEREH O quaD ) CoNLL200s NER 0
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Let’s coding!



l Colab

» Google Colaboratory (https://colab.research.google.com/) ‘ J

o+ IR T —FETFJupyter NotebookB IR B R & RiIzF B

 HRIRHERE—IRGPU (K80/T4/P4) Zy&ETPU (v2) {£H, EE81B1TE=NAIL

e  ProhZA: §H$9.99, AXIEFEKIZITH, ERGPU (T4/P100/V100) , EZAHTE

cO ¥rilp{E A Colaboratorv
Xt B WA EA RBRTEF IR EH = bk S 9,1
| » ZEICHNIZE
- g3 X + 1B + XA QR EFRIRER
o  fEAAN AR IPET
KRR O T Colaboratory? ‘
O s v None @
o &8 Colaboratory (f&#f Colab) , EAIENM RS AT Python /13, 38 GPU
o EEER . REEARE CEICANE 2 BRI 2 oA I
5 5 TPU
MEZFSRH o 3 GPU
285 o BiAHE
TISEE—2%E . BIERISSOTE Al ISR, Colab #PAEISEBNEE RS TE. SRS Colab B 7RIS, SEE TEMN 1S EUH R1F
Fa!
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l Colab

» Google Colaboratory (https://colab.research.google.com/)

MRe

BiR

7% 7h |

STUEIRTPU KN BB =BIATER

== F 1]
% ZRARHIGPUTH &

AT B3t P DAZRAE
FEORERIR
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» ERONA KPR FEBERT

import numpy as np

from datasets import load_dataset, load_metric
from transformers import BertTokenizerFast, BertForSequenceClassification,

TrainingArguments, Trainer SHEIRE

+m 0 Nl & F R A - 30 31 4 AL A Fo SE A A - A )
# MEC)| R IE. A, TSGR A F R A

dataset = load_dataset('glue', 'sst2')
tokenizer = BertTokenizerFast.from_pretrained('bert-base-cased') BERT

model = BertForSequenceClassification.from_pretrained('bert-base-cased’,

return_dict=True)

metric = load_metric('glue', 'sst2') \42}; /\ /\ /"\
s 2 ar 2
e CLS Z1 ) Z SEP
# X)) %% 4 RS i el
. N J
def tokenize(examples): Y
return tokenizer(examples['sentence'], truncation=True, padding=' XA

max_length')
dataset = dataset.map(tokenize, batched=True)
encoded_dataset = dataset.map(lambda examples: {'labels': examples['label']},

batched=True)
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. T%’US(ZIS"*EF'* IEBERT

# B HEE B MW N torch. Tensork & PLi)| ZPyTorch= &

columns = ['input_ids', 'token_type_ids', 'attention_mask',6 'labels']

encoded_dataset.set_format(type='torch', columns=columns)

TRFE

# & X g5 M A

def compute_metrics(eval_pred): h
predictions, labels = eval_pred
return metric.compute (predictions=np.argmax(predictions, axis=1), BERT
references=labels)

# & X )% 252 TrainingArguments, A E f AdamWit .25 \42}‘ ‘LJ) 4{2} éijs

args = TrainingArguments( [CLS] To . T, | |[SEP]
"ft-sst2", # ?ﬁif%zé,ﬁi?fﬁxﬁﬁ??jiiﬂd H ST N J
evaluation_strategy="epoch", # EXEFREXRGHATIEN A
learning_rate=2e-5, # EXMEF R e
per_device_train_batch_size=16, # X W GMIR AN
per_device_eval_batch_size=16, # 2 PR AIR AN
num_train_epochs=2, # X )| GRBREK

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

53


https://colab.research.google.com/drive/1XYhEuMtXJBMV99Yzwt8N8w6kwPWuOJsg?usp=sharing
https://colab.research.google.com/drive/1XYhEuMtXJBMV99Yzwt8N8w6kwPWuOJsg?usp=sharing
https://colab.research.google.com/drive/1XYhEuMtXJBMV99Yzwt8N8w6kwPWuOJsg?usp=sharing
https://colab.research.google.com/drive/1XYhEuMtXJBMV99Yzwt8N8w6kwPWuOJsg?usp=sharing
https://colab.research.google.com/drive/1XYhEuMtXJBMV99Yzwt8N8w6kwPWuOJsg?usp=sharing
https://colab.research.google.com/drive/1XYhEuMtXJBMV99Yzwt8N8w6kwPWuOJsg?usp=sharing
https://colab.research.google.com/drive/1XYhEuMtXJBMV99Yzwt8N8w6kwPWuOJsg?usp=sharing
https://colab.research.google.com/drive/1XYhEuMtXJBMV99Yzwt8N8w6kwPWuOJsg?usp=sharing
https://colab.research.google.com/drive/1XYhEuMtXJBMV99Yzwt8N8w6kwPWuOJsg?usp=sharing
https://colab.research.google.com/drive/1XYhEuMtXJBMV99Yzwt8N8w6kwPWuOJsg?usp=sharing
https://colab.research.google.com/drive/1XYhEuMtXJBMV99Yzwt8N8w6kwPWuOJsg?usp=sharing
https://colab.research.google.com/drive/1XYhEuMtXJBMV99Yzwt8N8w6kwPWuOJsg?usp=sharing
https://colab.research.google.com/drive/1XYhEuMtXJBMV99Yzwt8N8w6kwPWuOJsg?usp=sharing
https://colab.research.google.com/drive/1XYhEuMtXJBMV99Yzwt8N8w6kwPWuOJsg?usp=sharing
https://colab.research.google.com/drive/1XYhEuMtXJBMV99Yzwt8N8w6kwPWuOJsg?usp=sharing
https://colab.research.google.com/drive/1XYhEuMtXJBMV99Yzwt8N8w6kwPWuOJsg?usp=sharing
https://colab.research.google.com/drive/1XYhEuMtXJBMV99Yzwt8N8w6kwPWuOJsg?usp=sharing
https://colab.research.google.com/drive/1XYhEuMtXJBMV99Yzwt8N8w6kwPWuOJsg?usp=sharing
https://colab.research.google.com/drive/1XYhEuMtXJBMV99Yzwt8N8w6kwPWuOJsg?usp=sharing
https://colab.research.google.com/drive/1XYhEuMtXJBMV99Yzwt8N8w6kwPWuOJsg?usp=sharing
https://colab.research.google.com/drive/1XYhEuMtXJBMV99Yzwt8N8w6kwPWuOJsg?usp=sharing
https://colab.research.google.com/drive/1XYhEuMtXJBMV99Yzwt8N8w6kwPWuOJsg?usp=sharing
https://colab.research.google.com/drive/1XYhEuMtXJBMV99Yzwt8N8w6kwPWuOJsg?usp=sharing
https://colab.research.google.com/drive/1XYhEuMtXJBMV99Yzwt8N8w6kwPWuOJsg?usp=sharing
https://colab.research.google.com/drive/1XYhEuMtXJBMV99Yzwt8N8w6kwPWuOJsg?usp=sharing
https://colab.research.google.com/drive/1XYhEuMtXJBMV99Yzwt8N8w6kwPWuOJsg?usp=sharing
https://colab.research.google.com/drive/1XYhEuMtXJBMV99Yzwt8N8w6kwPWuOJsg?usp=sharing
https://colab.research.google.com/drive/1XYhEuMtXJBMV99Yzwt8N8w6kwPWuOJsg?usp=sharing
https://colab.research.google.com/drive/1XYhEuMtXJBMV99Yzwt8N8w6kwPWuOJsg?usp=sharing
https://colab.research.google.com/drive/1XYhEuMtXJBMV99Yzwt8N8w6kwPWuOJsg?usp=sharing
https://colab.research.google.com/drive/1XYhEuMtXJBMV99Yzwt8N8w6kwPWuOJsg?usp=sharing
https://colab.research.google.com/drive/1XYhEuMtXJBMV99Yzwt8N8w6kwPWuOJsg?usp=sharing
https://colab.research.google.com/drive/1XYhEuMtXJBMV99Yzwt8N8w6kwPWuOJsg?usp=sharing
https://colab.research.google.com/drive/1XYhEuMtXJBMV99Yzwt8N8w6kwPWuOJsg?usp=sharing
https://colab.research.google.com/drive/1XYhEuMtXJBMV99Yzwt8N8w6kwPWuOJsg?usp=sharing
https://colab.research.google.com/drive/1XYhEuMtXJBMV99Yzwt8N8w6kwPWuOJsg?usp=sharing
https://colab.research.google.com/drive/1XYhEuMtXJBMV99Yzwt8N8w6kwPWuOJsg?usp=sharing
https://colab.research.google.com/drive/1XYhEuMtXJBMV99Yzwt8N8w6kwPWuOJsg?usp=sharing

ﬁ),&*frﬁ&"” il B 4
JAQ=m G >N | P 8w R

e EHAGXADEPIFEBERT
° ;Hlni” Zﬁx

=20\ : I 2z JH gl £e Nl 4E 2 B EA O\ ANl 4E A IA T £ \ =] BR £ S5 AA B K- T

# & X Trainer, AT INEEZK, WAINEGE. RiftE. 2 HEZFITFN B RIRE

trainer = Trainer( A N
model,
args, BERT
train_dataset=encoded_dataset["train"],
eval_dataset=encoded_dataset["validation"], 5{}) /\ /\ /\

. . “ar ar ar
tokenizer=tokenizer, ccesy| [ 1 To Zn | [[sEP]
compute_metrics=compute_metrics N )

Y
)

# FHIIE! (EHOPULRH A LAH)

trainer.train()
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ar ar
{'epoch': 2, [CLS]| | Z1 €Z2 Ln | |[SEP]
'eval_accuracy': 0.7350917431192661, ) Y d
'eval_loss': 0.9351930022239685} B
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Let’s read the code!
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 SQuAD (Stanford Question Answering Dataset) S Q U A D

 HRIBtERZFE A, = TSI IEENF T EE The Stanford Question Answering Dataset
The Stanford Question Answering Dataset
o  |[OJEABEEIEM, XA T ALNE, [BRENE
tE 2 BIBN A LTARES
longer while breathing it. After breathing the gas himself, he wrote: "The feeling

I N =r / \}ﬁ —+—- E)'L < H}ﬁ cc J aranle = X} of it to my lungs was not sensibly different from that of common air, but | fancied
S S Z
=4 *’I’ E ) t]] 73 g =] X)ﬁ'z / \J HH E that my breast felt peculiarly light and easy for some time afterwards." Priestley
published his findings in 1775 in a paper titled "An Account of Further
Discoveries in Air" which was included in the second volume of his book titled

W

L -

¢

O

~
-
-
b

In the meantime, on August 1, 1774, an experiment conducted by the British
clergyman Joseph Priestley focused sunlight on mercuric oxide (HgO) inside a

/\— % $ E/ \ ( 5 » ) H H " R =
| | % j( 1 ‘ ) | \ Ei | glass tube, which liberated a gas he named "dephlogisticated air". He noted that

candles burned brighter in the gas and that a mouse was more active and lived

/1

1
@

(] I‘n_-l Ei}_'i' : A——?XEE |\|:U . |\|:U ;E@ ;ké 52 ?';5-‘5 % . EE E‘E.; T |\|:|j ;E@ E/\] % *éé Ef(perin.ments and O.bservat:ions on Dif.ferent .Kir?ds.of Air. I.3ecause he published
his findings first, Priestley is usually given priority in the discovery.
Y = — I a sl — = N L . b— — \ — 2
® ﬁ* % . J% E 7|</|\ l—i_:-_ égg Im Eﬁ , E% ? EE | E__I Eij( , Xﬁi IE Ei % Why is Priestley usually given credit for being first to discover oxygen?

Ground Truth Answers: published his findings first he published his
findings first he published his findings first he published his findings

o SQUAD 2 Oj][l )\ T “/I\ |:|_] O %E/\J |\|j_‘| a” , \L *_L:TZEEHXEEJE first Because he published his findings first

Rajpurkar et al., EMNLP 2016. SQuAD: 100,000+ Questions for Machine Comprehension of Text
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B BERT i

+  ¥5ASQUAD (HHEXZTiEIBARIESS)

<[>
e MX1¥:run squad.py
¢ PRE create model () A
] () ) (T [T [ ) -
« IR
BERT
 bert_config (json): BERT config file e e [ e [ | [E
is_training (bool): training mode option () () (8
* Input_ids (tensor): input ids for token embeddings i pa,ag',raph

* |nput_mask (tensor): input mask for indicating non-padding positions
« segment_ids (tensor): segment_id tensor

e use_one_hot_embeddings (bool)

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

58


https://github.com/google-research/bert/blob/master/run_squad.py#L550

Ax- frﬁ&"” il B 4
JAQ=m G >N | P 8w R

- FE—%: EWBERTHIRBHRERTR
e BHREX—TBERTIRE, EANZERIHEA

« I —13D-tensor, K/\JH(batch_size, seq_length, hidden_size)

model - modeling.BertModel(
config=bert_config,
1s_training-1is_tralning,
input_ids=1input_ids,
input_mask-input_mask,
token_type_ids=segment_ids,
use_one_hot_embeddings-use_one_hot_embeddings)

final_hidden = model.get _sequence_output()

final_hidden_shape - modeling.get _shape_list(final_hidden, expected rank-3)
batch_size - final_hidden_shape[0]
seq_length -~ final_hidden_shapel[1]
hidden_size - final_hidden_shape[2]

Devlin et al., NAACL 2019. BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding
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https://github.com/google-research/bert/blob/master/run_squad.py#L550

> A T
JAQ =3 IS | PO ¢ sw R

» B FIABERTRIHTERIM
+ EX—TEEERE

»  ¥BERTH#him=AIhidden_size#E, FAZEREEME2 (Hn/ERIUESG12

|.
p -

e & K/\R(batch_size, seq_length, 2)

output_weights - tf.get_variable(
"cls/squad/output_weights", [2, hidden_size],
initializer=tf.truncated _normal_initializer(stddev-=0.02))
output_bias = tf.get_variable("cls/squad/output_bias", [2], initializer=tf.zeros_initializer())

final_hidden_matrix - tf.reshape(final_hidden, [batch_size + seq_length, hidden_size])
logits = tf.matmul(final_hidden_matrix, output_weights, transpose_b-True)
logits - tf.nn.bias_add(logits, output_bias)

logits - tf.reshape(logits, [batch_size, seq_length, 2])
logits = tf.transpose(logits, [2, 0, 1])

unstacked_logits - tf.unstack(logits, axis—0)
(start_logits, end_logits) (unstacked_logits[@], unstacked_logits[1])

(start_logits, end_logits)

Devlin et al., NAACL 2019. BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding
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https://github.com/google-research/bert/blob/master/run_squad.py#L550

B BERT il

« =¥ EFRBLMK
»  RE: model fn builder () = compute loss ()
s RERERHEEFMUHERABMOMTIETT, 7aliamn A EREinMR 1\
o NHBMENMRIENUEITERX @K

F
o

def compute_loss(logits, positions):
one_hot_positions - tf.one hot(
positions, depth-seq_length, dtype tf.float32)

log_probs = tf.nn.log_softmax(logits, axis=-1)

loss tf.reduce mean(
tf.reduce sum(one_hot_positions log_probs, axis=-1))

loss

Devlin et al., NAACL 2019. BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding
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https://github.com/google-research/bert/blob/master/run_squad.py#L550

J BERT LW

e SCISE

e ZNIE: Wikipedia + BookCorpus (33B words in total)
« JJllZk: 256 batch_size * 512 max_token_length, 1M
e  Warmup: 10K steps (2l 28891 %)

\ | 1 TPU has 2 cores,
o JIZRTK: 4K and 4 C?\?ps (;c;l;:ef? *

e ITRIRFE
« BERT-base: 4 Cloud TPUs in Pod config (16 chips)
« BERT-large: 16 Cloud TPUs (64 chips)

Devlin et al., NAACL 2019. BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding
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JAQ I N | PO ¢ wfh

o sKEI1IZH BT (Tensor Processing Units, TPU)

- NVIDIA V100 NVIDIA A100 TPU v2 TPU v3 TPU v4

Hardware
Arch NVIDIA Volta NVIDIA Ampere Google Cloud TPU Google Cloud TPU Google Cloud TPU
Memory 16GB / 32GB 40GB / 80GB 64GB 128GB ?

Double: 7 TFLOPS Double: 9.7 TFLOPS
FLOPS Single: 14 TFLOPS  Single: 19.5 TFLOPS 180 TFLOPS 420 TFLOPS 2.7x over TPU v3
DL: 112 TFLOPS DL: 156 TFLOPS

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

TPU v3

8 BERT

e A s

O A Q = 8 N

® » ¢ % w B

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

HBM
16GB

=/ \B4E: 8.0USD (J5) or2.4 USD (384)

Core

scalar/vector units

v4

o o o o o
0 o o o o
00000000
00000000
O000008008
000000008
O0000000
OO000000O0

MXU
128x128

TPU v3
Core
scalar/vector units
OO000008080 000008080 ODDOOEOEO
OO00000080 OO000008080 O00000080
OO00O000080a OODOODEDEOE O00000080
O0O00O00000a DoODODDEEE O0O0O0DORA
O0000080808 OO00000800 O000O000080
O00O0008008 COO00000800 COO0O0000800
OO00000080 OO000008080 O00O0B8aRA
OO00000080 OO00000080 ODDOOEOEE
MXU MXU MXU

128x128

128x128

128x128

_»  HBM
16GB

64
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https://cloud.google.com/tpu

BERT N B
0 A Q =m0 28 @9-9 2 B\

o JJIXHFE—TRBEEFEEZ/ME? (BABERT-largeaf5l)

16 Cloud TPUs =16 *4.5=72 USD / hour
—RKEE =72*24=1,728 USD

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

6,912 USD = 44,238 CNY

BRI R P 2R BL R R AN AR =
(BEBI—EAAKAE " ZRI)IER "/ EA
AIaFE{E 7l ZRE S
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J BERT W

o SLIRYER
o FHFGLUEFISQUADZEHES L1BEEGPTIR1BE RIS AR

System Dev Test
EM Fl1 EM Fl

Leaderboard (Oct 8th, 2018)

Human - - 823 91.2
#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 - - 835 90.1
Pre-OpenAI SOTA 80.6/80.1  66.1 823 932 350 81.0 860 61.7| 740 #2 Singlo - QANet T 820 893
: Published
BiLSTM+ELMo+Attn  76.4/76.1 648 799 904 360 733 849 568 71.0 BiDAF+ELMo (Single)  ess .
OpenAl GPT 82.1/81.4 70.3 88.1 913 454 80.0 823 56.0| 75.2 R.M. Reader (Single) 789 86.3 79.5 86.6
BERTgBASE 84.6/83.4 71.2 90.1 935 521 858 889 664| 79.6 R.M. Reader (Ensemble) 81.2 87.9 82.3 885
BERT ARGE 86.7/85.9 721 911 949 605 865 893 70.1| 81.9 Ours
BERTBAsE (Single) 80.8 88.5
BERT . ARGE (Single) 84.1 90.9
BERTLarGE (Ensemble) 85.8 91.8

BERTLarce (Sgl.+TriviaQA) 84.2 91.1 85.1 91.8
BERTArGE (Ens.+TriviaQA) 86.2 92.2 87.4 93.2

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

A

J4-Q = 3 2\

. BERT + DAE + AoA (by HFL)

18

Alibaba DAMO NLP

oo
¢ + [E| ST R B
Leaderboard
Rank Model EM F1
Human Performance 86.831 89.452
Stanford University
(Rajpurkar & Jia et al. '18)
1 AoA + DA + BERT (ensemble) 82.374 85.310
Joint Laboratory of HIT and iFLYTEK Research
2 AoA + DA + BERT (single model) 81.178 84.251
Joint Laboratory of HIT and iFLYTEK Research
3 Candi-Net+BERT (single model) 80.106 82.862
42Maru NLP Team
3 BERT (single model) 80.005 83.061
Google Al Language
4 L6Net + BERT (single model) 79.181 82.259
Layer 6 Al
5 SLQA+BERT (single model) 77.003 80.209

http:/www.aclweb.org/anthology/P18-1158

RIEEARTNISQUAD 2.0, EIKEIREE ARFIYKF

The Stanford Question Answering Dataset

Leaderboard
Rank Model EM F1
Human Performance 86.831 89.452
Stanford University
(Rajpurkar & Jia et al. '18)
1 BERT + DAE + AoA (ensemble) 87.147 89.474
Joint Laboratory of HIT and iFLYTEK Research
2 BERT + ConvLSTM + MTL + Verifier (ensemble) 86.730 89.286
Layer 6 Al
3 BERT + N-Gram Masking + Synthetic Self- 86.673 89.147
Training (ensemble)
Google Al Language
https:/github.com/google-research/bert
4 BERT + DAE + AoA (single model) 85.884 88.621
Joint Laboratory of HIT and iFLYTEK Research
5 BERT + MMFT + ADA (ensemble) 85.082 87.615
Microsoft Research Asia

Pranav Rajpurkar @pranavrajpur... - 5k
Human Performance on SQUAD2.0 has
now been surpassed! Been in the making
for the last year, but finally achieved!
Congratulations Joint Laboratory of HIT
and iIFLYTEK Research on this milestone!
@KCrosner @stanfordnlp
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. HFEFHEIS (Whole Word Masking) HIBERT
»  MLM: [BAIEEN—E LEAIRIWordPiece+F1d)
»  WWM: [BILEEN—ZELEBHINEiE, &TR—1E1Ea9WordPiecef1at# ah5
.+ EEBHESE, TNEBBAIENIERE

[RY510]F the man jumped up , put his basket on phil #am ##mon ' s head
MLMi&Ei5 5 & [M] man [M] up , put his [M] on phil [M] ##mon ' s head

WWM#EE 75 % the man [M] up , put his basket on [M] [M] [M] ' s head
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¢ XJFWhole Word MaskingfiEEIZT
. BRI, HTREAEE
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»  “BEES=MBENIRIE: B (MASK] . BAKENIE. RiFR1E

[f4): there is an apple tree nearby.

ﬁiﬁ[%: [Iltherell, "iS", Ilanll, Ilapll, II##pII, II##IeII, Iltrll, II##eeII, Ilnearbyll, II.II

there [MASK] an ap [MASK] ##le tr [RANDOM)] nearby .
[IMASK] [MASK] an ap ##p [MASK] tr ##ee nearby .
there is [MASK] ap ##p ##le [MASK] ##ee [MASK] .
there is [MASK] ap [MASK] ##le tr ##ee nearby [MASK] .
there is an! ap ##p ##le tr MASK] nearby [MASK] .
there is an [MASK] ##p [MASK] tr ##ee nearby [MASK] .

MLM

there is an [MASK] [MASK] [RANDOM)] tr ##ee nearby .
there is! [MASK] ap ##p #ile tr ##ee nearby [MASK] .
WWM there is [MASK] ap ##p ##le [MASK] [MASK] nearby .
there [MASK] [MASK] ap ##p ##le tr ##ee [RANDOM] .
there is an ap ##p ##le [MASK] [MASK] nearby [MASK] .
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8 BERT-wwm

 LIUH/R
+  MHEEEZRFAMLME AR E& TR

Model | SQUAD1.1(FI/EM) | MultiNLI (Aco

BERT-Large, Uncased (Original) 91.0/84.3 86.05

R  BERT-Large, Uncased (WWM) 02.8 /86.7 87.07

E32) BERT-Large, Cased (Original) 91.5/84.8 86.09

BERT-Large, Cased (WWM) 92.9/86.7 86.46
Model  GMRC 2018 (FVEM) XMLl (Ace)

Az  BERT-base 84.5/65.5 77.8

55 BERT-wwm (base) 85.6 / 66.3 79.0
BERT-wwm-ext (base) 85.7 /67.1 79.4

70



l N-gram Masking

e HFNTIHEEE (N-gram Masking) BIBERT

o NW—PEENIN-gramBoIHITIEN, H—TIEINIMLMESAIME,

Mt

Mt

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

N

We went to the store to buy some fruits.

Original MLM
N-gram Masking

- We went to [M] [M] [M] buy some fruits.

—~ We went to [M] store to [M] some [M].

/1



l N-gram MaSking “M’:?‘g“i LEdad

« XFWWM. NMBIEERTR ¢
¢« MLM. WWM. NMZR Ml 2k BB AN

e NMNMEFERFEE—MMMLM, WWM. NMIIIZRERIBERT, TFiFtsiRAR S AIDIERE

THHES
R Bt Est

Tl 2%
BiE

NM: F [M] [M] [M] R & |~

) v MLM/WWM/NM: & & It R K &[]

WWM: [M] % [M] M] X %2 T MLM/WWM/NM: F Z dt = KZ[7]
X : N
MLM: ¥ [M] [M] IR K [M] | = AR A

(2
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B XLNet

e XLNet: Transformer-XL Net
o R —MeDIEIANME L MY ETBEYVIAMNES ER A
o BRR T BERTHR{ZFEEA“FIIZR-FBE" A~—2X87|0)

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., NeurlPS 2020. XLNet: Generalized Autoregressive Pretraining for Language Understanding
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https://github.com/zihangdai/xlnet

> A T
e Q=3I [ P8 sw iR

« MMBEEIINESERRAIE
» BETESKE: FABBANXKNERED LN F—"15813
» BREIESEE: FIRBASNRRIRE £ XFUFRR AL &R 1T

T & [EOS] R UL
RIS S S
B [@) Transformer XX [] Transformer
_ y
T ! T T £ ot
R & it [MASK] * [MASK] &

(a) E H E]Il:t mﬁﬂ (b) Eﬁﬁgln m*ﬁﬁ!

/6



B XLNet L MY

- ETHBE)INESHE
* MEELGHERINF: 1-2-3-4
° P(X) — P(XI)P(XZ ‘ XI)P('X?) | XI,Z)P(‘X4 ‘ X1,2,3) .« oo

x
f\> X1 X1
X x

Yang et al., NeurlPS 2020. XLNet: Generalized Autoregressive Pretraining for Language Understanding
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B XLNet

o HIFhEZHERE! (Permutation Language Model)
+ B{E—TKERNTHFESX
+  MPTETFIEERVRFTI S IS R F—MHFFIIRZE (factorization order) 1CH Z
o ERAMITEMUARER

4:ZNZT [lOg P(X ‘ Z)] — {"ZNZT ZP(ith ‘ XZ<t7Zt)

Yang et al., NeurlPS 2020. XLNet: Generalized Autoregressive Pretraining for Language Understanding
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B XLNet Jr

 Permutation Language Model
o INEER
° P(X) — P(X4)P(X1 ‘X4)P(X3 ‘ X1,4)P(x2 ‘ X1,3,4) c o

n&E: 45132

) et
X1 € Xy 2 X34
X1 X1

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

* ILIE %jj 7|‘TL$|J

r frﬁk["’ LS

TAQ BN | PO ¢ aw R

= BT HAhE RNERE—TE HifE—ITR
3922451 @ M3 4 %
3—2—>4—1 a3 M’B,:;, M’.?,z M’f,:&
3—2—4—=1 w3, M} 3, M} o, M} , M; 4, M},

h h h h 4 ¢ £
3_>2_>4_> 1 $:3,$2,m4 Ml,:f’Ml,Z)Ml,llﬁMl,l Ml,:f’M1,2’M1,4

e b b

Attention i [ (2)][ 2)] { (Z)J[ 2)] [ (Z)J[ (IZ)] [ (z)][ ( )]
|7§| = . hy7 |8 h,” || g h;” || g h,” || g
@/m./I u\jj U 2 |82 3 ||83 <l ga

: I > Attention Masks

Masked Two-stream Attention

Lo Jlxv ]

”

(Content Stream Attention)

Content stream:
can see self

ﬁlﬂ |LII %\jj Attention
(Query Stream Attention) (o ) kv ]

1 1 1 1 1 1
o) [ )lef) [n0)le) [nel”]
ﬂ \\\ Query stream:
. . cannot see self

Masked Two-stream Attention

S le a factorizati der:
o) fef[w) fef(w) fefw]) RN
(b) |

(c)

Yang et al., NeurlPS 2020. XLNet: Generalized Autoregressive Pretraining for Language Understanding
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B XLNet

o ILIHIEE i FRITE

e TERJEERYSCIR 4TS, XLNet¥ %18 T4 FBERTHISLIG AR

00
100 B BERT
04 BN BERT
93.093.9 01 8 94.0 mm  XLNet
91.4 91.
90 -
81.2
80 -
70 -
65.2

60 -
50 -

MNLI QNLI QQP SST-2 MRPC STS-B RTE ColA - SQUAD1.1 SQuUAD2.0 RACE

Yang et al., NeurlPS 2020. XLNet: Generalized Autoregressive Pretraining for Language Understanding
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¥ RoBERTa st

* RoBERTa: Robustly optimized BERT pretraining approach
o  HRRTIBERTHZEMITHT, BIFGBIEERE. NSPHRBXIE. JIZTHF

*  IEHCC-News#iES, HBULRRERE ZEGER E—T R FIIZAER TR

)am

RoBERTa: A Robustly Optimized BERT Pretraining Approach

Yinhan Liu® Myle Ott*®> Naman Goyal* Jingfei Du*®> Mandar Joshi’
Danqi Chen! Omer Levy? Mike Lewis® Luke Zettlemoyer's Veselin Stoyanov?

T Paul G. Allen School of Computer Science & Engineering,
University of Washington, Seattle, WA
{mandar90, 1sz}@cs.washington.edu

3 Facebook Al
{yinhanliu,myleott, naman, jingfeidu,
dangi, omerlevy,mikelewis, 1sz,ves}Q@fb.com

Liu et al., arXiv 2019. RoBERTa: A Robustly Optimized BERT Pretraining Approach
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https://github.com/pytorch/fairseq/blob/master/examples/roberta/README.md

# RoBERTa s M

° ?lu\*ﬁﬁg VS. Eblh\*ﬁﬁg
-  BHY: IEBINwEESEREFENE, REXEANFIRAE
e  FSH: RENZZzEl (FUEFANE) MrEuREMILEIE# mask, BIBERT{ERIA A

e I REN)Z ﬂ%ﬂzmask
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

B EED RS

Liu et al., arXiv 2019. RoBERTa: A Robustly Optimized BERT Pretraining Approach
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RoBERIa

« NSPIIGESESEVERN?

JAh Q=3I [P E0

4)»@')@.%&"’1 A4 ]v/%’ﬁ Jé'

o SLINERRIA, BHENSPESEILAIREMESEEEIRF
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
XLNetg g (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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Liu et al., arXiv 2019. RoBERTa: A Robustly Optimized BERT Pretraining Approach



¥ RoBERTa

{£ F B RRIHLR RV A K BB 2 23

JAh Q=3I [P E0

& ST £, AT AH—TIEFINIIZRR

HEI ZHIARBIRUEES 18 JIGFZGR B Y X 2 — =& A RBIHRER RN

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 S00K 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

85

Liu et al., arXiv 2019. RoBERTa: A Robustly Optimized BERT Pretraining Approach
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l RO B E RTa ﬁiirﬂ £ IS, ?:]j%%f

* ROBERTalREIRIERLR 4514 Sum Up All Good Things

o TRIZRESS

o  NSIEIEFEAN (Dynamic Masking)

o« (FHEQHAN, SHENSPHask (Full-Sentences without NSP loss)
o FlZEEIIRE

+  {ERHERAHLRKR/N: 256 — 8192

« E KHbyte-level BPElgZ (sentencepiece) : 30k — 50K

Liu et al., arXiv 2019. RoBERTa: A Robustly Optimized BERT Pretraining Approach
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¥ RoBERTa

« SCINAER

e TEAJEEZFMAE T XLNet > RoBERTa > BERT

L )%A}'W NS

JAQ =3 N | P ¢ w R

/E S =
. 1J 8 <A (8] 8911|125, SH—EEEIR
Model data batch size steps SQuAD (v1.1/2.0) MNLI-m SST-2
RoBERTa
with BOOKS + WIKI 16GB 8K 100K 03.6/87.3 89.0 05.3
+ additional data (. 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 03.7
XLNet; arcE
with BOOKS + WIKI 13GB 256 IM 94.0/87.8 88.4 04 4
+ additional data 126GB 2K 500K 04.5/88.8 89.8 05.6
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Liu et al., arXiv 2019. RoBERTa: A Robustly Optimized BERT Pretraining Approach



8 ALBERT

 ALBERT: A Lite BERT for Self-supervised Learning of Language
Representations

s RE—MEING (MSHENEE) BT

. FREIERA: AHEERXSR. BRSHHS

“

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., ICLR 2020. ALBERT: A Lite BERT for Self-supervised Learning of Language Representations
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https://github.com/google-research/albert

l AL B E RT “‘f'ii?%;"\ fwefﬁ%%‘

- 1AM=EEIN o #E (Factorized Embedding Parameterization)
 7EBERTH, embedding size ==hidden size

 FEALBERTH, embedding size <hidden size

Layer N

Layer 2 Layer 2

BERT ALBERT

Layer 1

Layer 1

Lan et al., ICLR 2020. ALBERT: A Lite BERT for Self-supervised Learning of Language Representations
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> A T
JAQ =3 IS | PO ¢ sw R

e IAMEREND#E

o FAEMERI D REE

O(V X H) OVXE+EXH)

e Z5: 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., ICLR 2020. ALBERT: A Lite BERT for Self-supervised Learning of Language Representations
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8 ALBERT R MU

+ BESAHE
» Transformerf s ABREF—MS, SEHLX
N RREN, NATEMIN=EFE
o MERRFAT: B &, HABETSERTAT(E] .

.

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

o) 70 (Sentence Order Prediction, SOP)

NSP{ESBELIRfRE 7 “&F

gj\iﬁ) 7

ke I s o1 D

B ER X AN ERIZ B — N Z2 LB ZHY

ALBERTE o) i = FiN{ESS

X=X

5BERT#
+

5], HM T IELERI N ANERH R

Text 1 Text 2

DRI T ELEE X A ER VI

Text 2 Text 1

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

o

BED
ALBERTZS

SERORR L
« ALBERT-large =
« ALBERT-xlarge

ALBERT-xxlargeix

=[8] A/, {BH

AZ R IFEU R

BERT-base
~ BERT-large

SUHZEU MO E 0B SFEGR T

SOPTRIIIZR{ESS 71~

-NSPEA K ANME

ZK1ESS

[ {

B XTI T

AREFEERRAINRE

L frﬁ&"” il B 4

TA Q=3 >N | @9 ¢ w R

Model Parameters SQuAD1.1 SQuAD2.0 MNLI SST-2 RACE | Avg | Speedup
base 108M 90.4/83.2  80.4/77.6 84.5 92.8 68.2 | 82.3 4.7x
BERT large 334M 92.2/85.5 85.0/82.2 86.6 93.0 739 | 85.2 1.0
base 12M 89.3/82.3 80.0/77.1 81.6 90.3 64.0 | 80.1 5.6x
ALBERT large 18M 90.6/83.9  82.3/79.4 83.5 91.7 68.5 | 82.4 1.7x
xlarge 60M 92.5/86.1 86.1/83.1 86.4 92.4 74.8 | 85.5 0.6x
xxlarge 235M 94.1/88.3  88.1/85.1 88.0 95.2 82.3 | 88.7 0.3x
Model E  Parameters | SQuAD1.1 SQuAD2.0 MNLI SST-2 RACE | Avg
ALBERT 64 87T 89.9/82.9 80.1/77.8 82.9 91.5 66.7 | 81.3
base 128 8OM 89.9/82.8 80.3/717.3 83.7 91.5 679 | 81.7
not-shared 220 93M 90.2/83.2 80.3/77.4 84.1 919 67.3 81.8
768 108M 90.4/83.2 80.4/717.6 84.5 92.8 68.2 | 82.3
ALBERT 64 10M 88.7/81.4 77.5/74.8 80.8 89.4 63.5 | 79.0
base 128 12M 89.3/82.3 80.0/77.1 81.6 90.3 64.0 | 80.1
all-shared 220 16M 88.8/81.5 79.1/76.3 81.5 90.3 63.4 | 79.6
768 31M 88.6/81.5 79.2/76.6 82.0 90.6 63.3 | 79.8

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

Intrinsic Tasks Downstream Tasks
SPtasks | MLM NSP SOP | SQuADI.1 SQuAD2.0 MNLI SST-2 RACE | Avg
None 54.9 524 533 88.6/81.5 78.1/75.3 81.5 89.9 61.7 79.0
NSP 54.5 90.5 52.0 88.4/81.5 77.2/74.6 81.6 91.1 62.3 79.2
SOP 54.0 789 86.5 89.3/82.3 80.0/77.1 82.0 90.3 64.0 80.1

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

Lan et al., ICLR 2020. ALBERT: A Lite BERT for Self-supervised Learning of Language Representations
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04 Q = 5 8

8 ELECTRA

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

o IEH T —MEMETEREE-FAIEFESRAITR)
»  MHEERAFUIZMERERN)I R ES

SN Rt

ELECTRA: PRE-TRAINING TEXT ENCODERS
AS DISCRIMINATORS RATHER THAN GENERATORS

Kevin Clark Minh-Thang Luong Quoc V. Le
Stanford University Google Brain Google Brain
kevclark@cs.stanford.edu thangluongl@google.com qgvll@google.com

Christopher D. Manning
Stanford University & CIFAR Fellow
manning@cs.stanford.edu

Clark et al., ICLR 2020. ELECTRA: Pre-training Text Encoders as Discriminators Rather Than Generators
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https://github.com/google-research/electra

«ﬁ»&)‘fﬁ&"” ﬁm«%%

I AQ I [P §0

8 ELECTRA

o EESH
o  ApkEs-FIRIESIEZE, 5 GAN (Goodfellow et al., 2014) 381BL

*  Generator: FHIAFHIRKERER NIRRT
» Discriminator: ¥/ ARY R a2 S E R

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

Clark et al., ICLR 2020. ELECTRA: Pre-training Text Encoders as Discriminators Rather Than Generators
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I AQ I [P §0

B ELECTRA

o HpkzE: — T/ NEIMLM
o E—ir: EYLERBEGAANRYIRIN—E0H#H1TE Rk, 8% EHhEEN15%
e HE”H: FAMLMES, BREKEERRENREE

Step 2
the —> [MASK] —> F-> the
chef — chef — Generator
Step1 cooked —>[MASK] —>| (typically a |- cooked

the —» the —> smaII MLM)
meal — meal —>

Clark et al., ICLR 2020. ELECTRA: Pre-training Text Encoders as Discriminators Rather Than Generators
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JAQma )N | P §

8 ELECTRA

o« FHlFlZs: EMAIBERTLE
: RS RN E ST kA0 T
. BT HIBIERPSTHIETANG T R D AR T

Step 1

sample
the —> [MASK] —>] -> the —> original
chef — chef — chef —> = original

Generator Discriminator
cooked —> [MASK] —>{ (typically ->» ate —>» (ELECTRA) replaced Step 2

the — the — smaII MLM) the — original
meal — meal —> meal — original

Clark et al., ICLR 2020. ELECTRA: Pre-training Text Encoders as Discriminators Rather Than Generators
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JAh Q=3I [P E0

8 ELECTRA

« ELECTRAMIIZ A NS GANFHAH[E]
o AERRETIHIBIRAIEN Y 2 RFIRE, RIS
o (EEESWFERBMAES], BRIERE

° = Qﬁj:mgi Izl i& min Z;Y Lyvim (m, HG) ALpisc (m, eD)

ba,9p = . LA 2B FFAY!
sample
the —> [MASK] —>] -> the —> original
chef — chef —> Generator chef — Discriminator original
cooked —> [MASK] —>| (typically -> ate —>» (ELECTRA) replaced
the — the — smaII MLM) the — original
meal — meal —> meal — original

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

. SCIRLEER
e ELECTRA-small/baset&BItHLEE[E S5 K/ N\HBERTXAER E 1],

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 6.4e19/2.9e10 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 7.1e17/3.7e9 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

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

SCISZESR

e ELECTRA-largeffGLUE-dev/test E3R15 7 IR

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

BERT 1.9¢20 (0.27x) 335M 60.6 93.2 88.0 90.0 913 86.6 923 70.4 84.0
RoBERTa-100K  6.4e20 (0.90x) 356M 66.1 95.6 914 922 920 893 940 82.7 879
RoBERTa-500K  3.2e21 (4.5x) 356M 68.0 964 90.9 92.1 922 90.2 9477 86.6 88.9
XLNet 3.9¢21 (5.4x) 360M 69.0 97.0 90.8 922 923 90.8 949 859 89.1

BERT (ours) 7.1e20 (1x) 335M  67.0 95.9 89.1 912 915 89.6 935 795 87.2
ELECTRA-400K 7.1e20 (1x) 335M 693 96.0 90.6 92.1 924 905 945 86.8 89.0
ELECTRA-1.75M 3.1e2l1 (4.4x) 335M 69.1 969 90.8  92.6 924 909 95.0 88.0 89.5

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

BERT 1.9¢20 (0.06x) 60.5 949 854 865 89.3 86.7 9277 70.1 65.1 79.8 80.5
RoBERTa 3.2¢21 (1.02x) 67.8 96.7 89.8 919 90.2 90.8 954 8382 89.0 88.1 88.1
ALBERT 3.1e22 (10x) 69.1 97.1 91.2 92.0 90.5 913 - 89.2 91.8 89.0 -
XLNet 3.9¢21 (1.26x) 70.2 97.1 90.5 92.6 904 909 - 88.5 925 89.1 -

ELECTRA 3.1e21 (1x) 717 97.1 90.7 925 90.8 91.3 958 898 925 895 894

Clark et al., ICLR 2020. ELECTRA: Pre-training Text Encoders as Discriminators Rather Than Generators
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MacBERT: MLM as correction BERT

FERIEEZEETS, 1T E T2z

be i —*%
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REIEAR S M RURI

fa VA AN —EHY (o) R

RREAREETHRAX

PFTROTII 2R
ZlBIFA A3 FRI 2R

Revisiting Pre-trained Models for Chinese Natural Language Processing

SAIMacBERT, #&/R 1 “Fii)l| k-

Yiming Cuil?, Wanxiang Che!, Ting Liu', Bing Qin!, Shijin Wang”°, Guoping Hu*
IResearch Center for Social Computing and Information Retrieval (SCIR),
Harbin Institute of Technology, Harbin, China
“State Key Laboratory of Cognitive Intelligence, iFLYTEK Research, China
JFLYTEK AI Research (Hebei), Langfang, China
1{ymcui,car,tliu,qinb}@ir.hit.edu.cn
%3{ymcui, sjwang3, gphu}@Riflytek.com

Cui et al., Findings of EMNLP 2020. Revisiting Pre-trained Models for Chinese Natural Language Processing
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https://github.com/ymcui/MacBERT

Y ok B AT Jd’
MacBERT e PR A

A
e IR Y MacBERT)|&FiESiERY

o fRRBERTRBY“FII|ZR-F51R" A~ — AT (o) i

e R 7 —MEFRLLIE AV

#{E5% (MLM as correction) , tHYF«“ AL 4R~

HiE s &EEmMNT — 713

» 80% of the time, replace with [M] « 80% of the time, replace with [M]

-AEEHEE m M T — A N CAEEREZMAT - A
E - 10% of the time, replace random word g . 10% of the time, replace random word
; RESEREEAT -4 E -BEEBEEFRT — 1A
» 10% of the time, keep the same word ? » 10% of the time, keep the same word
-RAIESHEE@RN T — 4 -FHESHBEBRMNT — A A

Cui et al., Findings of EMNLP 2020. Revisiting Pre-trained Models for Chinese Natural Language Processing
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MacBERT s K e

» TETNFEEZ EH3

BERT ERNIE XLNet RoBERTa ALBERT ELECTRA | MacBERT
Type AE AE AR AE AE AE AE
Embeddings  T/S/P T/S/P T/S/P T/S/P T/S/P T/S/P T/S/P
LM Task MLM MLM PLM MLM MLM Gen-Dis Mac
Masking T T/E/Ph : T T T WWM/NM
Paired Task NSP NSP - : SOP - SOP

 AE=B %83, AR=H[=l/3
» T=Token, S=Segment, P=Position
- E=Entity, Ph=Phrase

Cui et al., Findings of EMNLP 2020. Revisiting Pre-trained Models for Chinese Natural Language Processing
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MacBERT

TA Q=3 >N | @9 ¢ w R

e« SEIOZLER
o TENERIAIEERES LIRGEE MR
» ANXAEKDRESLURE 7T —EREENERER

I

CMRC 2018 Dev Test Challenge Sentence Pair XNLI LCQMC BQ Corpus
EM F1 EM F1 EM F1 Classification Dev Test Dev Test Dev Test

BERT 65.5 644) 84.5 18400 7T70.0 @687 87.0®63 18.6 1700 43.3 413) BERT 7718 714y T1.8 715 | 89.4 884 86.9 864) | 86.0 855 84.8 (84.6)
BERT-wwm 66.3 65.00 85.6 847 70.5 9.1y 87.4@67 21.0093 47.0 439 BERT-wwm 79.0 784y 78.2 (718.0) | 89.4 89.2) 87.0 86.8) | 86.1 85.6) 85.2 (84.9)
BERT-wwm-ext 67.1 65.6) 85.7 8500 T1.4 7000 87.7 8700 24.0 2000 47.3 (4456) BERT-wwm-ext 79.4 7s86) T78.7 (183) | 89.6 89.2) 87.1 86.6) | 86.4 855 85.3 (84.8)
RoBERTa-wwm-ext 67.4 665 872 @165 T2.6 (714 89.4 @888 26.2 246 51.0 @49.1) RoBERTa-wwm-ext 80.0 792) 78.8 7183 | 89.0 887) 86.4 @6.1) | 86.0 854 85.0 84.6)
ELECTRA-base 68.4 68.0) 84.8@846) T73.1 7271 87.1@869 22.6217 45.0 438 ELECTRA-base 779 7100  78.4 (77.8) | 90.2 89.8) 87.6 87.3) | 84.8 84.7) 84.5 (84.0)
MacBERT-base 69.5 673y 87.7 865 73.3 (7200 89.6 89.1) 27.5 256 53.7 502) MacBERT-base 80.4 795 79.3 (7189 | 89.6 89.3) 86.5 863) | 86.0 854 85.1 84.7)
ELECTRA-large 69.1 682) 852 @45 73.9 28 87.1 866 23.0216 44.2 432 ELECTRA-large 81.5 808) 81.0 809 | 90.7 9.9y 87.3 872) | 86.7 862) 85.1 (84.8)
RoBERTa-wwm-ext-large 68.5 67.6) 88.4 879 742 1240 90.6 9.0 31.5@301) 60.1 (575 RoBERTa-wwm-ext-large 82.1 81.3) 81.2®06) | 90.4 9.0 87.0 3868 | 86.3 @857 85.8 (849
MacBERT-large 70.7 686y 88.9 882 74.8 71320 90.7 90.1) 31.9 296) 60.2 (57.6) MacBERT-large 82.4 81.8) 81.3 1806) | 90.6 903 87.6 87.1) | 86.2 857 85.6 85.0)

Cui et al., Findings of EMNLP 2020. Revisiting Pre-trained Models for Chinese Natural Language Processing
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MacBERT e KR e

«  WMLM{ESBIZ R .
o EIANBFPF15%HTtokentE LM EE czl\gfac
« MacBERT: 80%H8Jtokent & y+81LL38, 10% L
 Random Replace: 90%HJtoken#E &% 9 B4, 18 oo o o
- Partial Mask: [RIGBERT3LEE, B[180%HItoken
BN IMASKITFS, 10%#ERIVET1E reD
« Al Mask: 90%HJtoken#i &1 9 [MASK] - A
o FIFKAI10% M EO IR (TaFEZA) 88-5'f ...................... ‘ ....................... ' ' f Z%'%Slzﬁ?espgce

1M 1.1M 1.2M 1.5M 1.8M 2M

Cui et al., Findings of EMNLP 2020. Revisiting Pre-trained Models for Chinese Natural Language Processing
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MacBERT

A
e 2020FE8H, FEBNEBAIBSIERITENGLUEREE

e GLUETENMHHZ

° L\/{ /I\_E‘,I\ :

“19390. 7R EZITFNEE,

* B T2 EIALBERTERY

ZJK=F . LRI A FH AT DeepMindIL[a
ZINFESBITERE

4a 7RI A RIS KT

SST-2 MRPC STS-B QQP MNLI-m MNLI-mm
1 HFLIFLYTEK MacALBERT + DKM C),' 90.7 74.8 97.0 9450926 928926 74.7/90.6 913 91.1 97.8 92.0 94.5 52.6
+ 2 Alibaba DAMO NLP StructBERT + TAPT E},' 90.6 75.3 97.3 93.9M019 083.2/92.7 748910 90.9 90.7 974 91.2 945 491
+ 3 PING-AN Omni-Sinitic ALBERT + DAAF + NAS 90.6 73.5 972 94.0020 93.0/924 76.191.0 916 91.3 97.5 91.7 94.5 51.2
4 ERNIE Team - Baidu ERNIE [?,' 90.4 74.4 975 93.5M01.4 930926 752909 914 91.0 96.6 90.9 94.5 1.7
5 T5 Team - Google 75 C),' 90.3 71.6 975 928004 93,1928 75.190.6 92.2 91.9 96.9 92.8 94.5 93.1
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e T5: Text-to-Text Transfer Transformer

e 1IBEY FFEARAFEMERNLPFESMIEncoder-DecodertEZe

»  RMET7TIFRHEFRIREIITARIIIE
Exploring the Limits of Transfer Learning with a
o EI:EE-l Il:l:ll T C 4 g& j:l E% = /3\7 5OG =y % y *& TE Unified Text-to-Text Transformer
aran arang 1ICnae atena Googlaenql ou el L1 eter J. uiu
4 ) 4 )
Input j> Transformer j> Transformer j> Output
Sequence Encoder Decoder Sequence
N\ / N /

Raffel et al., arXiv 2019. Exploring the Limits of Transfer Learning with a Unified Text-to-Text Transformer
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https://github.com/google-research/text-to-text-transfer-transformer

l T5 «;L&*/‘aw /ﬁ(é»]v/%i)é‘
O4Q = 3 8

« Text-to-Text {EFig1T (FiFESHEIEMER)

o  JEFRENLP{ESE M E “text-to-text”|o)

Machine Translation - ["translate English to German: That is good."

: : " "cola sentence: The 'Das ist gut."]
Classification ~——% [course is jumping well."
@ ) "not acceptable"]
| "stsb sentencel: The rhino grazed
Regression — on the grass. sentence2: A rhino
is grazing in a field." "3.8"]
\. y,
. . ey R . Ye hospitalized af
| "summarize: state authorities Silx people hospitalized atter
Summarization =% dispatched emergency crews tuesday to a storm in attala county.

survey the damage after an onslaught
of severe weather in mississippi.."

\_ J

Raffel et al., arXiv 2019. Exploring the Limits of Transfer Learning with a Unified Text-to-Text Transformer
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04 Q = 3 )\

o IZPEx
e« IRH T —FEFspan-corruptionfy T ¥ B2
+  BIA XNEFHINETXARE#ITMask
B FUNHmMaskBIX AR FEx

Original text

Thank you fef inviting me to your party |ast week.

Thank you <X> me to your party <Y> week.

> last <7>
Raffel et al., arXiv 2019. Exploring the Limits of Transfer Learning with a Unified Text-to-Text Transformer
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rae

« Small: 60M, base: 220M, large: 770M, 3B, 11B

GLUE CoLA SST-2 MRPC MRPC STS-B STS-B
Model Average Matthew’s  Accuracy F1 Accuracy Pearson Spearman
Previous best 89.4% 69.2° 97.1% 93.6° 91.5° 92.7° 92.3° MultiRC  MultiRC ReCoRD ReCoRD RTE WiC WSC
T5-Small 774 41.0 91.8 89.7 86.6 85.6 85.0 Model Fla EM F1 Accuracy Accuracy Accuracy Accuracy
T5-Base 82.7 51.1 95.2 90.7 87.5 89.4 88.6
T5-Large 86.4 61.2 96.3 92.4 89.9 89.9 89.2 Previous best 84.4°¢ 52.5°¢ 90.6¢ 90.0°¢ 88.2°¢ 69.9¢ 89.0°€
T5-3B 88.5 67.1 97.4 92.5 90.0 90.6 89.8 T5-Small 69.3 26.3 56.3 55.4 73.3 66.9 70.5
15-11B 89.7 70.8 97.1 91.9 89.2 925 V2.1 T5-Base 79.7 43.1 75.0 74.2 81.5 68.3 80.8
QQP QQP MNLI-m  MNLI-mm QNLI RTE WNLI T5-Large 83.3 50.7 86.8 85.9 87.8 69.3 86.3
Model F1 Accuracy Accuracy Accuracy  Accuracy Accuracy Accuracy T5-3B 86.8 58.3 91.2 90.4 90.7 792.1 90.4
Previous best  74.8¢ 90.7% 91.3¢ 91.0% 99.2¢ 89.2¢ 91.8¢ T5-11B 88.2 62.3 93.3 92.5 92.5 76.1 93.8
T5-Small 70.0 88.0 82.4 82.3 90.3 69.9 69.2
T5-Base 72.6 89.4 87.1 86.2 93.7 80.1 78.8 WMT EnDe WMT EnFr WMT EnRo CNN/DM  CNN/DM  CNN/DM
T5-Large 73.9 89.9 89.9 89.6 94.8 87.2 85.6 Model BLEU BLEU BLEU ROUGE-1 ROUGE-2 ROUGE-L
T5-3B 74.4 89.7 91.4 91.2 96.3 91.1 89.7
T5-11B 74.6 90.4 92.0 91.7 96.7 92.5 93.2 Previous best 33.8f 43.87 38.59 43.47h 20.30" 40.63"
T5-Small 26.7 36.0 26.8 41.12 19.56 38.35
SQuAD SQuAD  SuperGLUE BoolQ CB CB COPA
Model EM F1 Average Accuracy F1 Accuracy Accuracy T5-Base 30.9 41.2 28.0 42.05 20.34 39.40
rovi - 28 95d 04524 24 6° 27 ¢ o0 5° oF 2¢ 90.6° T5-Large 32.0 41.5 28.1 42.50 20.68 39.75
revious bes : : : : : : :
T5-Small 79.10 87.24 63.3 76.4 56.9 81.6 46.0 T5-3B 31.8 42.6 28.2 42.72 21.02 39.94
T5-Base 85.44  92.08 76.2 81.4 86.2 94.0 71.2 T5-11B 32.1 43.4 28.1 43.52 21.55 40.69
T5-Large 86.66 93.79 82.3 85.4 91.6 94.8 83.4
T5-3B 88.53 94.95 86.4 89.9 90.3 94.4 92.0
T5-11B 90.06 95.64 88.9 91.0 93.0 96.4 94.8

Raffel et al., arXiv 2019. Exploring the Limits of Transfer Learning with a Unified Text-to-Text Transformer
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Type
Embedding

Masking
LM Task
Paired Task

Data Source

Data Size
Tokenization
Tokens
Vocabulary
MaxSeqlLen

Layers

RoBERTa ALBERT ELECTRA MacBERT

AR AE AR AE AE AE AE AE+AR
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 T

LM MLM PLM MLM MLM Gen-Dis Mac Span-Corruption
/ NSP / / SOP / SOP /

/ / 110G 160G 16G ~110G ~20G 750G

BPE WordPiece SentencePiece BPE SentencePiece WordPiece WordPiece SentencePiece
800M 3300M 32.89B / / ~33B / /
40,000 30,522 32,000 50,000 30,000 30,522 21,128 32,000

512 512 512 512 512 512 512 512

12 12/24 12/24 12/24 12/24/24/12 12/12/24 12/24 6/12/24
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KNOWLEDGE DISTILLATION FOR PRE-TRAINED LANGUAGE MODELS
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QA =E N | PO

DistiBERT

TinyBERT

MobileBERT

TextBrewer



1 trillion =
DeepSpeed
o/~
GShard
mn ) (e00B)
I B OpenAl
‘ s oo
' 170B)
) (
et
i _ BlenderBot & MMMT
=n (30B)
o~
& (\§ TNLG o)
OpenAl Megatron (7B)  1g
P
1 billi GPTV2 (8B) (11B)
ion A Grover
(1.5B)
& o A2 I G G
'  TELMo @
A OpenAl (465M) XLMR
12 GPTV1 BERT-L MT-DNN ROBERTA (500M)
ELMo (110M) (340M) @30m) (355M)

1 million

2018 2019 2020 Year
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J4Q = 3 M\

=\

. FIGERESEE SRRANEE, FEISAENEthRE
. EDETESEIT SRR R A I AR R A R R RS )

+  FAZ ’i%?i'Uk_JLM" AR D EKRMERERIB I T, FBARRERINATZEN/VREL,
MR FH TR E

\

G N© 94 M
o Teacher —> Outputs
B\a?(("oas /
\a"c?“'\a(ge Dataset
Al
15 N® 11,000M Student —> Outputs

17,000M
oM 3000M 6000M 9000M 12000M  15000M  18000M FNRZEEETE: “BInEELE”
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DistilBERT

— 2T AR

N=Z
t|: /N ° LJ

?

IEE\

N

H. 557
A B[R ¥8BERT-base,

HIBERT&E Y

(6,

ML

A Q =3 N\

NA0% . 1R60% . EERIESIEMRIS LrHARIRERIAY7 %

DistilBERT, a distilled version of BERT: smaller,
faster, cheaper and lighter

Victor SANH, Lysandre DEBUT, Julien CHAUMOND, Thomas WOLF

Hugging Face

{victor,lysandre, julien,thomas}@huggingface.co

Sanh et al., arXiv 2019. DistilBERT, a distilled version of BERT: smaller, faster, cheaper and lighter
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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

4)»&)@.%&"’1 A4 ]v/%%ﬁ? Jd'

Q=B [P §0

 DistilBERT

B I EMLMiR%k
e ZHIERY (BIDistiBERT) 22— M EHAKN6E SIBML MRS }
TransformerZ:#4 REREE |2 . RERSG
BBREIR%
o [FRMLMIZESHITEIRZTE (JcNSP) Transformer Transformer
. — . [ Block ] [ Block j
o JWEBIirBAMNU M=o H . -
. HIBRE B HITEMRES (hard-labels) 1TEHRY

AL BEMLM T T
. ESUTHEURMIYITE (softlabels) 115 1 LN
M BMLMIRS *“?*f " ¢*==
. BT R R 2 AR —p— Np——
i

Sanh et al., arXiv 2019. DistilBERT, a distilled version of BERT: smaller, faster, cheaper and lighter
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« TinyBERT
. {RIT —FIBERTR AR T AR K RS
. IR T PN EREIBEES, EII AR AN BT AR

» TinyBERTREEIAZIZNMIEELBERT-baselI96 % IR (GLUE) , K/NRBHIMAY13.3%

TINYBERT: DISTILLING BERT FOR NATURAL LAN-
GUAGE UNDERSTANDING

Xiaoqi Jiao'* T, Yichun Yin?*, Lifeng Shang?, Xin Jiang?
Xiao Chen?, Linlin Li°, Fang Wang' and Qun Liu?
1Huazhong University of Science and Technology

2Huawei Noah’s Ark Lab

SHuawei Technologies Co., Ltd.

Jiao et al., Findings of EMNLP 2020. TinyBERT: Distilling BERT for Natural Language Understanding
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https://github.com/huawei-noah/Pretrained-Language-Model/tree/master/TinyBERT
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! [REEmK « i
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Jiao et al., Findings of EMNLP 2020. TinyBERT: Distilling BERT for Natural Language Understanding
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. BAER: FIFARLBERTIENIE, FHERANIEAISMLMES
. BEESER: EAEEINBERTIENLIN, ERRIBET SOESRIEHTEE
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AHIRERY, TinyBERT j 5 TinyBERT

— P

. . BRir . o
S KR > T RAESEIE

Jiao et al., Findings of EMNLP 2020. TinyBERT: Distilling BERT for Natural Language Understanding
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MobileBERT
MobileBERT5S BERT-large’# E1EE{BEE “tH &~

£E

R IR E M ZINRT A —ERIeHH

Be0Z1ARZUMARE! (BERT-base) 99.2%BY4EERR (DAGLUEMANE ) , HIEE

L —-—

E’H&S.M =

ZN=FKE23.2%

MobileBERT: a Compact Task-Agnostic BERT
for Resource-Limited Devices

Zhiging Sun'*, Hongkun Yu?, Xiaodan Song?, Renjie Liu?, Yiming Yang', Denny Zhou?

ICarnegie Mellon University {zhigings, yiming}@cs.cmu.edu
2Google Brain {hongkuny, xiaodansong, renjieliu, dennyzhou}@google.com

Sun et al., ACL 2020. MobileBERT: a Compact Task-Agnostic BERT for Resource-Limited Devices
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* MobileBERT
+  FUMREL:

Z— 124 =ZBERT (FR2ZN

IB-BERT —__ REERX
) 4 IS A ;—\ /! nuiﬁu&uzi x Q
Y4 %ﬁli—% \ N\ 1&*% /
° -I“ =1 G hu%u&za—ﬂ: \ > ﬂu%u&za—ﬂ: :’_—H"ﬂ_ni_ﬁu_&fi;‘;t"\‘,
B 5 0 2% g A L :
. X ) BRI | Mmms ||
° :EEE/‘JMLM ,77\?/75”1:)'9'\9% Lx1 > buiﬁu&aa—ﬂ: x| L A J Lx S — *-——-J— i
) A > hu%n&za—ﬂs S5 1 —H ﬂuiﬁu&Ua 14
ZFEN g R Rk
¢ BIL;\ = @@Bbﬁ% N S S S | BFERA gl i B2 )
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. FEHILERKSTinyBERTE, (B - - =4
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* MobileBERT

T . knowledge co knowledge
e« HHNENIIRERS (Progressive Knowledge transfer g Py oo " distillation <"
Transfer) .F ................................................... ;
L CIASSIEEr - - - - - - - » (Classifier :
e JIMERENRZDRBHBENNEEERE | ——— ——
Encoder | Encoder Encoder
MANTREIZ N 2 ERER, 1REAZS | | Bock { Block l Bk
Wi =5
,3 7‘% S Fr [ Encoder } ___________ { Encoder } { Encoder J { Encoder ]
Block Block lock Block
o  XJFAIEIRY Transformer /=, XA T H#E *
TN . Encoder Encoder | | Encoder | | Encoder Encoder
/ I\,lz-/li:l}l £ [ Block } )[ Block } { Block J { Block ] .[ Block ]
. é % QE 1:% a \% 5 %& )F]*E UE/\J oA % Hj. ﬁ QE [Embeddlng :[Embeddlng] >[ Embedding ] >[ Embeddmgl >[ Embeddmg]
1‘%‘ ! } ﬁﬁ' # /J\—: l ;EEI’]ﬂEi’]Z?%'ﬁE:;T%ﬁ 3-layer teacher  3-stage knowlcdgc transfer of student further distillation
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 TextBrewer: An Open-Source Knowledge Distillation Toolkit
o LB T HMRBRIESIEIUHAIE T PytorchfIAIIRZE T E &
o RIETHE. RE. ZHNINRZKEESS, PaaFgEmKRmEXIEREERT

» http://textbrewer.hfl-rc.com/ 8¢ 181Y pip install textbrewer &Tit

(1]

o ERIFR: EHFZMERIZY) (FEEMOTransfomersg5#s) TextBrewer: An Open-Source Knowledge Distillation Toolkit for Natural
Language Processing
» HERE: PTEHRASSMEBLE, IFEMEEXIRKFEIR Ziging Yang', Yiming Cuif, Zhipeng Chen',
Wanxiang Chet, Ting Liu*, Shijin Wang'®, Guoping Hu'
o E”ﬂ%)\:_l:t . %zﬁﬁ% y;J- %& |}|‘-ﬁ '—3 %'_r"/-_ *E&I;] ZIK E,é:él: ;|:ng \L;:_F_?i' 'ﬂ% EQ TState Key Laboratory of Cognitive Iptelligence, iFLY.TEK Re?search, China
*Research Center for Social Computing and Information Retrieval (SCIR),
. . " s ams o e Harbin Institute of Technology, Harbin, China
° ﬁm Er- . EIZJ%:"/ \'EEN LPEE% ) ;ZD YZIK%;E N |H—.I 'L;I:'EEE%ZIJZ \ §§U$E7I% 3{FLYTEK AI Research (Hebei), Langfang, China
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HFL

ERERY

Distillers:

Utilities:

TextBrewer

(2

=—EHERIINEE, WRESANTITSE
Configurations Distillers
- . General MultiTeacher
Distiller Distiller

vﬁx&yw 453(4 ]V/Qi )é‘

J4Q = 3 )\

BT RATEFREIRIR 218 T1F
Configurations: JDistillersiZ2 M ENEE

- -- Distiller Distiller
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, ~¢@ﬁﬁ?da%mﬁ%
sy [extBrewer

1 from textbrewer import GeneralDistiller
. 2 from textbrewer import TrainingConfig, DistillationConfig
- T{FiRt= :
4 # We omit the initialization of models, optimizer, and dataloader.
5 teacher_model : torch.nn.Module = ...
Y |I= o L\ﬂﬂ-hg.gza&ﬁ’]\ﬁé 1’E 6 student_model : torch.nn.Module = ...
° % 2 . a I yl:l ?ﬁsl HIJ MY I 7 dataloader : torch.utils.data.DatalLoader = ...
8 optimizer : torch.optim.Optimizer = ...
\ ) 9 scheduler : torch.optim. lr_scheduler = ...
o JIGFMRE, EXHBMHLEERE 10
g g - - 11 def simple_adaptor(batch, model_outputs):
12 # We assume that the first element of model_outputs
N 2= B0 3 £ 13 # is the logits before softmax
¢ MIEZ RS
A Ezﬁx LEE JRZATRAZI Y Datal—oader 14 return {'logits': model_outputs([0]}
15
16 train_config = TrainingConfig()
Oty — . sn -l-l-hEIP . ' o . . .
° % '/I"/F . %[I /\??—ffl 17 d%st}ll_conflg = DlsFll}atlonConflg()
18 distiller = GeneralDistiller(
19 train_config=train_config, distill_config = distill_config,
. . SN S == hDJ) 20 model_T = teacher_model, model_S = student_model
«  HWE1L g1l ZrEC E M X R & ; s aduptor. ada e ot
)J H DIStIIler: A E-l* | él \ I:I,W\ LEﬂ 21 adaptor_T = simple_adaptor, adaptor_S = simple_adaptor)
22
23 distiller.train(optimizer, scheduler,
=\ Z\ i I | £
® A:Xadaptor3$uca”ba0k, T %U ] ]EEB$§§:J?|:HU 24 dataloader, num_epochs, callback=None)
A\ LLI N\ \ 1 ME Teacher Student o
)\EHU L] *I:I 1}' éﬁ\ ]T.|-$EE FH E/\J O -I,H model/?daptor model/?daptor Dataloader Optimizer —— Callback
N . . . N\ - — ' :
T - VAN J15Y)) : :
« 1A DistillerfVtrain 5 5187515 v v
TrainingConfig ~ ~---- > 2 \ 4 \ 4
Distiller —> train() —>» Student model

o —HAF201TEAHICEY! DistillationConfig -~~~ >
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TextBrewer

#l- BERT-base (110M)

AU: T6 (60%), T3 (41%), T3-small

(16%), T4-tiny (same as TinyBERT, 13%)

EHEMANRZE

T62544) r] BUAZIZMARBEL MR AN99%, HiE

T4-tinyZ11R 2% 15

BT 48/ V2 60%

A RN TFTinyBERT
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JAh Q=3I [P E0

MNLI SQuAD CoNLL-2003

Model m mm EM Fl F1
BERTzxsE 83.7 84.0 &81.5 88.6 1.1
Public
DistilBERT 81.6 81.1 79.1 86.9 -
TinyBERT 80.5 81.0 - - -

+DA 82.8 829 7277 82.1 -
lextBrewer
BiGRU - - - - 85.3
T6 83.6 84.0 &80.8 &8.1 90.7
T3 81.6 82.5 76.3 84.8 87.5
T3-small 81.3 81.7 72.3 814 78.6
T4-tiny 82.0 82.6 73.7 82.5 77.5




“}L—‘&yw /fymvf%ﬁjﬁ

HFL

TextBrewer

JAQ =N [ P&

o  ZENMANIHZLE
o FMEREFHEFENZT, BEIBERT-base
IBENFERBBR S RMNE, BHET

3

EEBEREIEES (ensemble)

MNLI SQuAD CoNLL-2003
Vodel m mm EM Fl Fl
Teacher1 83.6 84.0 81.1 &8.6 01.2
Teacher2 83.6 84.2 81.2 &8.5 90.8
Teacher 3 83.7 83.8 &1.2 &8.7 01.3
Ensemble 84.3 84.7 82.3 894 01.5
Student 84.8 85.3 83.5 90.0 91.6
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« ET L MXRNESERE: IEY), BRNEHR
« (CoVe, ELMo
«  FiulllZ RRL: LHRY, EEE
o GPT series (GPT, GPT-2, GPT-3)
. BERT series (MLM, WWM, NM)
o FZESREFHM : BWREE, EFER
e XLNet, RoBERTa, ALBERT, ELECTRA, MacBERT, T5
o  HEM@FNIGRERIANIRZAE : SAFIAE, BN A
 DistiBERT, TinyBERT, MobileBERT, TextBrewer

—
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R
l D3 /I -+
e HFL @ GitHub: http://bert.hfl-rc.com

 BERT: BERT-wwm, BERT-wwm-ext
e XLNet: XLNet-base, XLNet-mid

« RoBERTa: RoBERTa-wwm-ext, RoBERTa-wwm-ext-large
e RBT: RBT3, RBT4, RBT6, RBTL3

« ELECTRA: ELECTRA-small, ELECTRA-small-ex, ELECTRA-base, ELECTRA-large,
ELECTRA-legal

« MacBERT. MacBERT-base, MacBERT-large

h G R GIERGEE 8,000+ L 1!
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https://github.com/ymcui/MacBERT

3R 3 = e ARt
JI\I Y/ AR T4QEcE I [ @b swm

« HFL @ Huggingface Model Hub:
https://huggingface.co/hfl

+  IRBMBRZRFXFNNZES RERY

~ Hugging Face

Joint Laboratory of HIT and iFLYTEK Research (HFL)

% _ . ~  Hugging Face Models Datasets Resources Solutions  Pricing e
A
Tasks Models Tl Sort: Most Downloads
7 Fill-Mask 89 Question Answering T Summarization
. _I IEEI ) N D’ :% ﬁ N Q# - IJ = % Table Question Answering Text Classification @ hfl/chinese-roberta-wwm-ext @ hfl/chinese-bert-wwm-ext
ARE—TCRBEN I N EF)I| SRR BEE), -
i Token Classification .  Translation bert-base-chinese M@ hfl/chinese-electra-180g-base-discriminator

3 RIA 2> 128

Libraries © Helsinki-NLP/opus-mt-zh-en facebook/mbart-large-cc25

O PyTorch 4 TensorFlow  o#% JAX

PY u/_\ k \ﬂ H%/_\ |\\ 1 q;% '$| _| __|_ :}? 34/\ q] Datasets M@ hfl/chinese-electra-180g-small-discriminator M@ hfl/chinese-roberta-wwm-ext-large
o LRIl SEAE k50 y T T /IR |

common_voice  wikipedia dcep europarl jrc-acquis

conll2003 squad oscar bookcorpus  CLUECorpusSmall

j%ﬁ \} ‘ Qﬁ $—I—I— U yl_’ \[l] % )I__ﬁ *D ﬂ I&‘I 1§ ﬂ & voidful/albert_chinese_tiny M@ hfl/chinese-xlnet-base
J\-I' =/J\ % = A ;L_ = 5 )
Languages
M hfl/chinese-bert-wwm M@ hfl/chinese-legal-electra-small-generator
zh
from transformers import BertTokenizer, BertModel LN
® ckiplab/bert-base-chinese-ws M@ hfl/chinese-electra-180g-small-ex-discriminator
apache-2.0 mit  cc-by-4.0
tokenizer = BertTokenizer.from pretrained("hfl/chinese-bert-wwm")
model = BertModel.from pretrained("hfl/chinese-bert-wwm") s engliErriep e D e et chiios e inex
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