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« BT 1B XBERTAYIIRE
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8 [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.



BRAIIZHESRE: PXBERT-wwm

T2 BtEr AR EE R FIIZRMREL S RE

SQuAD 1.1
BERT-Large, Uncased (Original) 91.0/84.3 86.05
BERT-Large, Uncased (WWM) 92.8/ 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)

Model CMRC 2018

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

9 [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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10 [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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HBAIZIESRE: MacBERT

#fE5% (MLM as correction, Mac) , EU\“X AR5

AHIEEEEmMMNT — 71

>~ 80% of the time, replace with [M] ~ 80% of the time, replace with synonym
-AES®EE M M F — A -AESREMAT — A
>~ 10% of the time, replace random word >~ 10% of the time, replace random word
" AEEHEBWMAT — 4 A " AEZHRFRET — 4 A
> 10% of the time, keep the same word >~ 10% of the time, keep the same word
"BEZHERBNT — A A "AEZHEBRNT — 4 A
BERT MacBERT
» [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.



HAIIZiIESEREE: MacBERT

e Nt &I (N-gram masking)
o N—PELEAFIN-gramBITTHTIENE, H—PIEINMLMESIIEE
o FOLMIXE

i

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

[H14] We went to the store to buy some fruits.
=5 G We went to the [M] to [M] some [M].

N-gram#Eis We went to the store to [M] [M] [M].

12 [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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13 [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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[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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e SLISHHT: MLM{ES
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. MacBERT: 80%ftokeniiBHNIENIT, 10%MERIBENIE o | %?g

« Random Replace: 90%tokent 1 9 REH11E N e

o Partial Mask: JRIGBERTSEH], E80%HJtokentiE#R)Y [MASK] wale I T ..8['21“

=, 10%#&EHA0EN1E

. All Mask: 90%#tokenii =% [MASK]
. FIRII0% TR (FHEA) - e
. WEBHR ol

« MacBERT > random replace > partial mask > all mask e ot o
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[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
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16 [Cui et al., 2022] PERT: Pre-training BERT with Permuted Language Model. arXiv pre-print.
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Permuted LM

Position Embedding
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17

[Cui et al., 2022] PERT: Pre-training BERT with Permuted Language Model. arXiv pre-print.
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 Permuted Language Model (PerLM)
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18 [Cui et al., 2022] PERT: Pre-training BERT with Permuted Language Model. arXiv pre-print.
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Svstem 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(446) | 850(84.5)  91.2(90.9)  83.6(83.0)  90.4(89.9) BERThase 95.2 948 954 51 953 949 953 s 953 951  95.3 9s)
RoBERTa 5, 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 95.3 949 95.6 954) 955 951) 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 95499 954 9500 94.8 9479 95.3 9520 95.1 (94.9)
MacBERT} e 68.5 (67.3) 87.9 (87.1) 73.2 (72.4) 89.5 (89.2) 30.2 (26.4) 54.0 (52.2) 89.4 (89.2) 94.3 (94.1) 89.5 (88.7) 93.8 (93.5) MacBERTase 95.2 9490 954 954 953 ©951) 94.9 946) 95.6 95.1) 95.2 (94.9)
PERT} e 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) 95.4 (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)
ELECTRA1arge 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 9500 95.0 048 94.8 9460 953 953 94.9 (943
MacBERT1arge 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) MacBERTlarge 96.3 958 96.3 959 96.2 959 95.8 956 95.8®57 95.8 (95.7)
PERTlm.ge 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 9590 96.4 961) 96.2 9600 96.3 9600 96.0 957 96.1 (95.8)

R ~ e e X
A [FPEEEAR fip 7 LA IR B RUER
19

[Cui et al., 2022] PERT: Pre-training BERT with Permuted Language Model. arXiv pre-print.
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Svstem Wikipedia Formal Doc. Customs Legal
y P R F P R F P R F P R F
BERT %%l 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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BRIZESRE: PERT

FEE

2k

ZRAYF

7R

it

System SQuAD SQuAD 2.0 MNLI SST-2 CoLA MRPC
EM F1 EM F1 Acc Acc M.C. Acc
BERTbase 80.8 88.5 - - 84 .4 92.7 60.6 86.7
BERT} ' 81.2 885 724 754 84 .4 92.6 59.3 86.0
RoBERTapse - 90.4 - 79.1 84.7 92.5 - -
XL Netpase - - 784 81.3 85.8 92.6
ALBERT}ase 82.1 893 76.1 79.1 81.9 89.4 - -
PERT}a6c 848 91.3 783 81.0 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
BERTlarge-WWmT 87.4 934 82.8 85.6 87.3 93.4 63.1 87.2
RoBERTa4rgc - 93.6 - 87.3 89.0 95.3 - -
XLNetiarge 88.2 940 85.1 878 88.4 94 .4 65.2 90.0
ALBERT arge 84.1 909 79.0 82.1 83.8 90.6 - -
PERT arge 87.4 933 83,5 86.3 87.6 934 65.7 87.3

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



BRTIZFES1REL: PERT

. 51 REBRHE
 EPERTH, #IAFRYIEP]AFMERI—ME#ITIER, WXABR
o DI AENEFRRIEIEEERYRZNT: word, N-gram, sentence
o SLWERER
o RFEAE#/], BANNXARNERBRAEN, HAFFTXERNIEXF]
o NIRNEBRES MK, NNARDEKESMEB

IR K

)ﬁ

)<1¢}

System CMRC 2018 XNLI TNEWS ~ OCNLI | o
DEM DF1 TEM TF1 C-EM C-F1 | Dev  Test Dev Dev
PERT} . (no limit)  65.4 85.0 70.2 87.3 22.4 456 | 748 744 54.5 70.6 65.02
Lword 59.3 80.6 64.8 83.5 12.6 322 | 732 721 53.2 69.3 60.08
LN-gram 62.2 82.5 67.3 84.8 17.2 36.1 | 734 732 53.8 69.5 62.00
LSentence 63.7 83.2 69.1 86.2 16.8 380 | 743 730 54.1 70.0 62.84

A A[ENERAE FRSLINGER

23

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



BRIZESRE: PERT

« 7%7: Global v.s. Local Prediction

» ZPERTIEZR T, EREPZEFUNDRENRYE, LEMEHARTRIMIMIIEEER

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
 747: Partial v.s. Full Prediction
. . I — +H —+ =5 =
o Full PredictionskBEAEPERTAHEZE N5 e BB 4FAYSCIG 45
) N A= AN N —_ R . .
o FIEFRBEFNIIZRIESEESELECTRA-stylefiilll 5T\, BlFull Prediction
Svstem CMRC 2018 XNLI TNEWS OCNLI Average
y DEM D-F1 TEM TF1 CEM C-F1 | Dev  Test Dev Dev &
PERT},,. (partial) 64.1 84.0 69.1 86.5 21.0 43.3 74.1 744 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: R 31Etoken# T30, Full: S AF5 P EFTE token# 1T

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

gy TextBrewer 1110+

« BRI X: ERTEMIREEH (EZE M Transfomersgis)

« FERE: FTEHRASZIWRERLE XIFHEMBEXIRKFRIR
» AN TENHTS ZERERG EFHITIZX

- EREI: XIFHRENLPES, UIXADE. FIEER. FImESF

28 [Yang et al., 2020] TextBrewer: An Open-Source Knowledge Distillation Toolkit for Nature Language Processing. In ACL 2020.
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« THREI1T5844
o Distillers: FHFHITEFRAINRZB IE, EX T B M2EE
« Configurations: A Distillersig N ENEEEE

o Utilities: 812 —LEHBINNINGE, WMRESHAITHF

S
T
JIT
o

Configurations Distillers

General MultiTeacher
Distiller Distiller Utilities

Basic

Basic MultiTask
- - - Distiller Distiller

29

[Yang et al., 2020] TextBrewer: An Open-Source Knowledge Distillation Toolkit for Nature Language Processing. In ACL 2020.
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o T{EFRIE
HILTE S5 SIS (R MR S

. B RBZAMEE T SRR EEe—

. e ., " " {} - AR
1) mRE, EXFAYBHFERE - et
o FIEZRIBHEIEERDataloader  RenE I IR R

< > 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:xadapt0r3$[ Ca”baCk, 7] %UJ 171 ) @B$% ?': ?': ) 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 dlStlll?r = Ger‘leralD}stlllel.“( 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)
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o A FEHI TinyBERT 805 810 - - :
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: 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 82.6 737 825 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 ZENIMENTHZXIE Teacher I 83.6 84.0 8l1.1 88.6 91.2
o Teacher2 83.6 84.2 81.2 88.5 90.8
. ,;iz\’EEEIJI:I E/J,aq/-_dtﬁﬂé /%Eaiﬁt;\;f(%, 173 \T_I-f\-Ef_LI\- 4 Eljdii I_E/\Tj— Teacher 3 83.7 83.8 81.2 88.7 91.3
4 Ensemble 84.3 847 823 894 91.5
% (ensemble)
Student 84.8 85.3 83.5 90.0 91.6
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 TextPruner: A Model Pruning Toolkit for Pre-trained Language Model
e HHBETHMRBERESMIEIEETPyTorchiiR 8z 5 TR E)
s Bldirs. RIENFE AN EREHTEMWAUER, MMEMEAREARTR ., RBRAREE

Mt

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

@

TextPruner 1so+

- INEEEA: BRZMIIIGERE, MUKRZFMNLUES

« AIEFIL: BRTAEPLMYL, tR[{EATextPruneri BI & TR AEPLMA &I B E X & EY
o RIG(ERE: A{EPythonBEPythonfIZARER, thigit TIMIIMp<SITIA
s BITEM: EATIIGNEMNREAE, BITHUE, RTARZEFETIZGRGE
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- THEIRITHEM
HTRATEPRRVIR B ES, BIR1aR=ES . Transformerz B8 . 7K L3
« Configurations: A Distillersig2 #WNENEEEE
)2 —LEEIRIINEE, WIREIS ST, TEHEE)F

3
I

e Pruners:

Vs

N

o Ulllities:

VocabularyPruner VocabularyPruningConfig
TransformerPruner TransformerPruningConfig inference time()
PipelinePruner GeneralConfig summary ()
Pruners Configurations Utilities
TextPruner
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e Transformer&HE:
=AY BERY B2,

o MIKZELFEY

Pre-trained model

Vocabulary Pruning

0

’ Transformers ‘

Word embeddings |,
db

Transformers

Word embeddings

.

TextPruner

Transformer Pruning

y

’Transformers\\,
dbo

Pipeline Pruning

0

’Transformers\\,

do

BI“NEBEEIFE NS E
SN S E A

: AKRIR D Bl H T Transformersk B

Word embeddings

Word embeddings |,

do

AR, RIAMLMESS RERIEUR
EREMAEIT, TRVERAIRRYERTIEX

BUihE & By, MNERERIRMEERIEYS

0L(x)
00

S

A
8

%
>

=i [S(0O) =

Tl

-

—

> Hhn B L epx) == ) ylogqx)
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—
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. BEAE

- TransfomerPruningConfig ] \Dataloader] - Adaptor ]
GeneralConfig —> | TransformerPruner | | VocabularyPruner | ) Pruned model
— prune() , ,
Model —> PipelinePruner I  Pruned tokenizer |
[ Tokenizer ] [ VocabularyPruningConfig ] [ textiter ]
Pruning with Python API Pruning with CLI

textpruner-cli \
- PrlRINGg mode pipeline
——configurations vc.json trm. json \

from textpruner import PipelinePruner
from textpruner import TransformerPruningConfig

config = TransformerPruningConfig( = model eclass BertFotClassificat ion \
pruning_method='iterative', n_iters=4, ——tokenizer_class BertTokenizer \
target_ffn_size=2048,target_num_of_heads=8) . model path models \
pruner = PipelinePruner(model, tokenizer,config) = veocabulary texts .t xt |\
pruner.prune(dataloader=dataloader, dataiter=texts) — dataloader and adaptor dil py
A BIPython APIFE] A BEIHSTHE
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. BRSERR: AR

. LINRE
o SCIGPAZIES T2 -REBARIE= TS XNLIE E#H1Th,

o {FRENXEERI A EFRE M (zero-shot)
e JARMEE, il WIEFPEYERE

LG RRA, AREREREFIRB/IN60%AA, ERNFRE TS ELZARGIFFEINNR

—/J\ 9

& AU

Y e =E |\ e A= e e SPA N
EREEIEMINERL T, 1HREESIESNATEZIES TGRS
Model Vocabulary size Model size Dev (en) Dev (zh) Test(en) Test (zh)
EiSH XLM-R 250002 1060 MB (100%)  84.8 75.1 85.7 75.0

+ Vocabulary Pruning on en 26653 406 MB (38.3%) 84.6 - 85.9 -
#BEIIREY + Vocabulary Pruning on zh 23553 397 MB (37.5%) - 74.7 - 74.5

+ Vocabulary Pruning on en and zh 37503 438 MB (41.3%) 84.8 74.3 85.8 74.5

A TERFIEURE
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o EEIFEBIMER: TransformerFEY
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English Chinese
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0 80 0
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. UHFAELLHPEAEAMRIER, femEEmw © .
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SRS e : .
. SR |
S 84 .4 <
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- 80
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XTI AESS ERAIMRE TN IR A XNLUUESR, 50 THERARE,
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> ) GitHub
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MobileBERT, MacBERT, PERT, CINOZs
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> \:'L%i M Odel H u b % Hugging Face
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- ] L
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