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BAEBEHRTRES

N-gram Model

Predicts the next item in
a sequence based on
its previous n-1 items.

Neural Probabilistic
Language Model

Learns a distributed representation
of words for language modeling.

Pre-trained Language Model

Contextual word representation,
the new pre-training-fine-tuning
pipeline, larger corpora and
deeper neural architectures.

1954 1986
F o et -
A =
1948 Distributional Hypothesis 2003 2018
A word is characterized by the Distributed Representation Word2vec

company it keeps.

Represents items by a pattern of
Bag-of-words

Represents a sentence or a
document as the bag of its words.

activation distributed over elements.

A simple and efficient distributed
word representation used in many
NLP models.

Fig. 1.3 The timeline for the development of representation learning in NLP. With the growing
computing power and large-scale text data, distributed representation trained with neural networks
and large corpora has become the mainstream

Liu et al., Representation Learning for Natural Language Processing, Springer, 2020
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BiAIfE R CBOW, Skip-gram, Glove, Fasttext
> FARERTEEE, FaMHE L TXHRETmMETL

v

INPUT  PROJECTION  OUTPUT

w(t-2)

w(t-1)

Sum

— (w0

wit+1)

N\

cBOW

w(t+2)

CBOW: predicts the current word

based on the context

INPUT  PROJECTION ~ OUTPUT
w(t-2)

w(t-1)

/

wit+2)

wit)

Skip-gram

Skip-gram: predicts surrounding

words given the current word

(Mikolov et al., 2013)
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FRERESFINGRE.: FUlZGESHEE

> BAIXRZ: ELMo, BERT, GPT
Pre-training-then-fine-tuning 2 £ M ANLPH X FETSER
> fEpre-trainingbt L F S B RYIE S RITBEI TFES

v

WZAES: MLM/NSP WIBAESS: AT/ F SRS Pre-traing 4 SR iA7 Bt it 5 4k

BERT
). ElEalE]-
E=E- EEE- O

Question Paragraph B=1 H=2 N=g

BERT i
B GIEE- G

Masked Sentence A

Masked Sentence B

Devlin et al., 2018
TARVE M IR - (Deviineta )
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Unlabeled Sentence Aand B Pair Question Answer Pair T love peanut butter and Je
. . . . I love peanut butter and
Pre-training ! Fine-Tuning sandv
ose Spam
I love peanut butter and bread Thanks!! Th:
— £ peant buttar, but e
Doar i Ao tached...  NotSpam

NSP  MaskLM Mask LM INLI /KER /SQuAD [Mask][Mask][Mask][Mask] 33 #
£ 3 =~

N=g Nele  N=32  Nee4  N=512

v sandviches.
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FERBERES I

> b FAR: Transformerf&s!

Mask (opt.)

Scale

Scaled Dot-Product Attention Multi-Head Attention

MultiHead(Q, K, V) = Concat(heads, ..., heady, ) W
where head; = At‘cention(QWiQ7 EwWE vwY)

(Vaswani et al., 2017)

ZARA. FlGESEE

N

i Attention

Positional
Encoding

Add & Norm
Feed
Forward

(Add & Norm ]
Multi-Head

<

Input
Embedding

Inputs

Attention(Q, K, V') = softmax(

vy

T)V
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> LA BiE

> S token 2@ A MBS INFE
> HSNESHEEMANLEMEL

Layer:| 0 4|Attention:| All
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[SEP] -
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[SEP] -
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- [SEP]
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~ [SEP]

(BertViz tool

Layer:| 0 ¢ Attention:| All

, Vig et al., 2019)
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[SEP]
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[SEP]
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Semi-supervised Sequence Learning

context2Vec
‘ Pre-trained seq2seq
e,
ULMFiT —=— ELMo
GPT
Multi}ingua] 0 idirectional LM
| Larger model
MultiFiT 4 More data
-
Cross-lingual BERT
o GPT-2 Defense Grover

+Knowledge Graph Crossgiiodal

DIty nrr.DNN

Permutation LM
Transformer-XL

MASS

Knowledge |distillation UniLM
VideoBERT

CBT
VIiLBERT
ERNIE VisualBERT
(Tsinghua) B2T2
XLNet - Unicoder-VL
RoBERTa Neural [entity linker LXMERT
VL-BERT
UNITER By Xiaozhi Wang & Zhengyan Zhang @THUNLP

MT-DNNkp C#
ERNIE (Baidu)
BERT-wwm
SpanBERT

KnowBert

https://github.com/thunlp/PLMpapers
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COMPARISON: NLP PRE-TRAINED MODELS
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> TRl ZkiR £
> AENLPH N LZ W 2% B4
> EiEIRE TNLPE TSRy F
> il ESEE (ELMo. BERT. GPT):
> KRG+ RIEER, KRB UNLPRRLZ T
> RIFTESNLPIE S B 1% e
> lGESRE (GPT-3):
> BRIEE, THFMIA, E#EZero-shotA R BERILATE B ZTNLPIES
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GPT-3% KAy M &

> RSB ARESLE KER S A FRRH4 T 717K $E
> 1750125#1 (%ttk: BERT-base: 1.1125%, GPT-2: 151Z5#D
> 1H1ZEFRINGETE (45T)
> BRIGRRRA: 1200 % T
> Zero-shotf B ARF iz EAE A EF M ETRE KHIERZT(E
> WEER. XFEME. FHEERK

> FHALAE. FIRER. iR
> BRIE

> EEEE

>SS

> ERER. WAL

> REBER. RIBERER. RN

> B HhSHIpRInG?
> EFmSMTFIDLAYFH 5B
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BEREII%

BEFHIT

EERFIT

Lambff {£ 25
DeepSpeed = #3171l %
SparseTransformer#&Hi; = 51 &
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DeepSpeed =4 31T
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=HERS

ik

1TRRG:  BUEFHIT+PipelineFH{T +1BEH{T

HURFHAT: BatchZEERIIS

Pipeline17:

Layer#EERITIS

BEFHT: BFHENTD

BEgr=

GPT3HFZSERBIRIREY

Coordinate
(0,0, 0)
(0,0, 1)
(0,0,2)
(0,0, 3)
(0,1, 0)
0,1, 1)
0.1,2)
(0, 1,3)

RANK  Coordil RANK  Coord RANK ' Coordi
0 (1,0,0) 8 (2,0,0) 16 (3.0,0)
1 (1,0,1) 9 (2,0,1) 17 (3.0,1)
2 (1,0,2) 10 2,0,2) 18 (3.0,2)
3 (1,0,3) 1" 2.0,3) 19 (3.0,3)
4 (1,1,0) 12 (2,1,0) 20 (3.1,0)
5 (1.1, 1) 13 21,1) 21 @ LM
6 (1.1,2) 14 21,2 22 3B.1.2)
7 (1,1,.3) 15 21,3) 23 (3.1,3)

HEFHTATIYIINR B2 BAOREY, TEMEYR, S0/l

https://www.microsoft.com/en-us/research/blog/deepspeed-extreme-scale-model-training-for-

everyone/

Batch

MPO MP1 MP2 MP3

Model parallelism

H
g
2
8

Operator

Layer

Data Parallel Rank 0.

Network oyers 07

1 IIII §98 THik

Data Paraliel Rank 1

( wpeum Stage3
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SparseTransformeri& g ;£ = /1 iR

ﬁ'-

(a) Full n? attention (b) Sliding window attention (c) Dilated sliding window (d) Global+sliding window

Beltagy, I., Peters, M. E., & Cohan, A. (2020). Longformer: The long-document transformer. arXiv preprint arXiv:2004.05150.

1]

(a) Transformer (b) Sparse Transformer (strided) (c) Sparse Transformer (fixed)

Child, R., Gray, S., Radford, A., & Sutskever, |. (2019). Generating long sequences with sparse transformers. arXiv preprint arXiv:1904.10509.
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> ZFFIIGREEE XA R AL
> EMAME: “KEH+ XAEE+ XKBFE+EIBES” REGEHGLR
> BN EEMTHES ERREFH GHE/RIZERERE)

N Semantic Textual Similarity (STS-B) Generalization
{ Task-Specifc Model J _ %0 o ID Data (images)
®  |mmm 0OD Data (MSRvid)
o 1 t t 4 t 4 t 4 <
ontextual o
4 t 4 t 4 4 4 S
(9]
[ Contextual Encoder ] S
@
N ] t t 4 t 4 t 4 8
jon-contextual
- €z €1y €3 €1y €5 Cag €zr
Embeddings Avg.  Avg. ConvNet LSTM BERT BERT RoBERTa
Bow w2v w2v w2v Base Large
(Qiu et al., 2020) (Hendrycks et al., 2020)
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Book
Data
% é Knowledge Transfer ~
A . )
Teacher Student
i g
Big Model Small Model

- %If’ﬁ
Distilled-BiLSTMsoft [Tang et al., 2019]
¢ DistilBERT [Sanh et al., 2019]
* TinyBERT [Jiao et al., 2019]
¢ BERT-PKD [sun et al., 2019]
* MiniLM [wang et al., 2020]
¢ MobileBERT[sun et al., 2020]

- 48

Teacher

Student

CEton Cpow CELow cEton
s @Vm,g
<) <) G
G> @’ G
GG @D
RPN G

BERT-PKD

SERENIINIEFS

XEXm=0

Dataset

Knowledge Mapping

Loss Function

f feaure map %

Add& Nom )
Ly

L)

Lx
Add& Nom )

‘Multi-Head

Atention

[

Tinear

o
(mbesing ) Embeding )
MobileBERT

S HuawE!
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o B EETEAGUEN CHemZa B/ mEIEHE) , XESHOEREH IR N
SRR SE AL BT

SE=m==
=
—||H= N N N I

No Pruning Pruning Synapses Pruning Neurons
[Gupta and Agrawal, 2020]

< ARMETAR

* [H[HAttention Head Y BY £ 5C(z) active inactive
* [Michel et al., 2019] I = E,x |Atty(z)T OL(T

- EFZIBTR P B AT S| e 1 0e
* LayerDrop [Fan et al., 2019] Head Importance Score Random Structured Dropout

[Michel et al., 2019]

* Poor Man’s BERT [Sajjad et al., 2020] in LayerDrop [Fan etal., 2019]

* ﬁé’fﬁ
o JEZER)1L BIF Compressing BERT [Gordon et al., 2020] .

~
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o BN BB RRATT B LR, Floating point representation -> Fixed point

representation

* Step1: Linear scaling
z—p
se(z) = —, QA = Waz — Winin and B = Wpsin
* Step 2: quantize

R e

S

Zilnt! Float 8 bit Quantized
* Step 3: scaling back -10.0(min) 0
2 30.0(max) 255
Q@) =a-2+8. — =

o REMETAE
* Q8BERT [Zafrir elt al., 2019] :Z%UHHE [\ 7] [7] & \activation}3 K F 8bit;
* QBERT [Shen et al., 2019] : 2% Pk 28 3bit; 17 [7] & \activation ¥ FH 8bit;
* TernaryBERT [Zhang et al., 2020]: 245 FE AN i) [7] &R F 2bit, activation=K i 8bit;

~
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HEEREESRRAK

> ERESE SR

> ALBERT [Lan et al., 2020]

» Tensorized Transformer [Ma et al., 2019]
> SHHZ

» ALBERT [Lan et al., 2020]

» Universal Transformer [Dehghani et al., 2018]
> BRIt SRR

» MobileBERT [sun et al., 2021]

» Transformer Lite [Wu et al., 2020]
» AdaBERT [Chen et al., 2020]
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EIFRIIRBL LS

» 3| ANRecurrent/tB X} B 4775
» XLNET (Transformer XL)

> PE{Kself-attentionE 2+ & . AEFEK LK
Performer (Choromanski et al., 2020)
Linformer (Wang et al., 2020b)

Linear Transformer (Katharopoulos et al., 2020)
Big Bird (Zaheer et al., 2020)

Longformer (Beltagy et al., 2020)

Sparse Transformer (Child et al., 2019)
Reformer (Kitaev et al., 2020)

VVVVYYVYYVYY
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BEMERINIZRIES

Baseline: LM(GPT,ELMo), MLM(BERT), NSP(BERT)

Whole Word Masking (BERT). SpanBERT (Joshi et al. 2019)
RTD (Replaced Token Prediction): Electra(Clark 2020)

SOP (Sentence Order Prediction): ALBERT(Lan et al. 2020)
DAE (Denoising Autoencoder (DAE): BART(Mike et al. 2019)
Multi-task Learning: MT-DNN(Liu et al. 2019)

Generator and Discriminator: Electra(Clark 2020)

vVvVvvyVvYvVvyyypy
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EZRITEE

> ZIEEMINEGESIRE:
> mBERT
» XLM(Lample and Conneau, 2019)
» BART(Mike et al. 2019)
> FRIIERRSER:
» UniLM(Dong et al. 2019)
» PMLM(Liao et al. 2020)
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RANFIHBY TR ZRAEEY:  FNIR

TE R
« XFTransEFIIZRAISEIRER

Token Output

Entity Output
Aggregator

K-Encoder Mx

* FNRYwAT + SEURFRMESS

Token Output Entity Output
Aggregator
Head Vt-Head
Atention
s [
N
.
Entiy Input \
AN [ Multi-Head Attention Multi-Head Attention ]
T-Encoder Nx A 1 t 1 1 t f f
| (i-1) (i-1) .
TokenInput ({f WD
bob dylan wrote blow
Token Input
(a) Model Achitecture
21/74

Entity Input
1962

Bob Dylan Blowin' in the Wind
Bob Dylan wrote Blowin’ in the Wind in 1962

(b) Aggregator
Zhang et al., 2019, ERNIE: Enhanced Language Representation with Informative Entities
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AN FIIR BT SR8 AR E TR

Prince_(musician)

H'Pro), Prince Motor_Company
Prince,_West_Virginia
Purple_Rain_(album)

Heprol Purple_Rain_(filn)

+ T Purple_Rain_(song)
Rain_(entertainer)

v, [ Rain_(Beatles_song)

t Rain_(1932_fila)
Prince

Embedding Representation
e [T [T ] [ [0 ] [ ] [ ] [iig]) (e o] [ ] [T | (G ] [Goow |
+ + + + + + + + + + + + +

+
. O 0 O 0 O 0 [ ) [ ] [ [

L —

| Visible Matrix.
Sentence Tree | 3

45675 910m

1 ot — s gl
ST T ST
GI—Tm= I s/“{‘ %
cEo St 5B sempe
3 6 i
P —— \
o

= l‘l |
Knowledge Graph
KEPLER

o AEENECEEEEIRERED
;fme’ Masked Multi-Head Self-Attention & FFN (x N)

- (EEEEEOEEEEEEE
e (22 B (=) (e @ E R ER SR ES
e (2 ) G ) B B ER D B B (0 B0 B0

Word Graph (with mention words replaced)

CoLAKE

Knowledge Graph
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B EIR BT ZRAER: Span&liRFEA

= Lya(football) + Lspo football)

L(football)
log P(football | x4, %o, ps)

=~ log P(football | x7)

' 2 s
an American football game

to ot
I I

-

Transformer

t

g =) I - &
ERNIE-Baidu ;
SpanBERT

L R R )

 Entiy Boundary Representations
BryanJohnson CITTD - X

Santee  CITT - V.
siwedtio CITT - Stevebitlo L] -+ V
Marve Comics CETS -+ occomics [T -+ X -
- A A E EEEEEEEEs
Transformer Encoders ( ) T 0
T T -
Grigna Arce: Repiaced Arce: [
editor stan editor i Dito
American American
omic baoks published by Marvel Comics <omic books published by D Comics
Entity Replacement Procedure [
Marvel comics 27507 173406 2224 01320087 - o
Y | pctme IerL.LrLrLLujL.LrLrI
Dork Horse Comies | random samele. pc comyes
Imoge Comcs — Characer Embeding o m«mnsmm [ oramembecang |
WIKIDATA = T f 11 - - -
O EAEN NS P T ‘ 1 T f “.,,I Em-ﬂ Tnput A v chapel i York Minstr was buili 1154

omcon
0000000

\-WH-II- ]| BT S
ZEN

WKLM exan
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reconstnucting dormitores will not be approved by cavanaugh

R

T b G
e D T ! =-E8-E8 3
Teconsincing domiones Wl ol be approved by cvanaugh S E———
; ] /Y B
Y 8 g P RS [ Y
3 - 18 I

recons ncing dom mor e |-y PADI PAD]ca #vana ign T Loop tie

suaoL ndu

‘Semantic role labels (various aspects)

‘suayoL indul

Pretiain
[ i 7 task,
Prean
§ v § tasky

reconstructing domiories wil  not  be  approved by cavanaugh

(b) K-Adapter

K-ADAPTER

T -Semrsc e vy

SemBERT
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EE IR AT 228 . wave2vec

Contrastive loss

roresariaions ¢ W/ W m =
 JEJA BERT 7E NLP KRR ’ ( P ‘
» Facebook [ wav2vec (2.0 fit4s) . -

Quantized
representations Q.

¢ Pre—train a model representing latent
. . . Latent speech Z
quantized acoustic representation (codewords), representations
which can be masked

. R R raw waveform X'
Overlapped masking allowed, with masking W

probability 0.065, 49% audio masked, average
length 299ms

Table 2: WER on Librispeech when using all labeled data of 960 hours (cf. Table 1).

Unlabeled dev st
Model data LM clean other clean other
¢ Fine—tuning the model with labelled data, as Supervised
. CTC Transf [49] - CLM+Transf. 220 494 247 545
ASR training, such as wav2letter++ $28 Transf. [49] - CLM+Transf. 210 479 233 517
Transf. Transducer [S8] - Transt. B - 20 46
e . ContextNet [16 - LST™ 19 39 19 41
» LibriSpeech WER %: test—clean 2.1 —> 1.9, ontextNet [16]
Semi-supervised
test—other 4.6 —> 3.5 CTC Transf. + PL [49] LV-60k  CLM+Transf.  2.10  4.79 233 454
$25 Transt. + PL [49] LV-60k  CLM+Transf. 200 365 209 411
Tier. pseudo-labeling [56]  LV-60k  4-gram+Transf. 185 326 210 401
Noisy student [41] LV-60k LST™M 1.6 34 1.7 34
Baevski, Alexei, et al. "wav2vec 2.0: A framework for self-supervised This work
learning of speech representations." arXiv preprint paRGE-fromseratch 0 Tansf. oo s
arXiv:2006.11477 (2020). LARGE L5-960 Transf. 17 39 20 41
LV-60k Transf. 16 32 19 35
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G EFNGERE: VIT

Vision Transformer (ViT)

Tm"sm":" Encoder g viT: pretraining+finetuning using Transformer

®  Noisy Student: semi-supervised learning with EfficentNet (prev SOTA on ImageNet)
m  BiT-L: transfer learning with large ResNet (prev SOTA on other data sets)

'
1
1
1
1
1
T ——— 1 Ours Ours BiT-L Noisy Student
ransiormer Encoder 1 (VIT-H/14) (VIT-L/16) | (ResNet152x4) (EfficientNet-L2)
: ImageNet 88.36 87.61£0.03 | 87.54%0.02 88.4/88.5"
Patch s Position__(0),) @) 6D Multi-Head ImageNet RealL 90.77 90.24 £ 0.03 90.54 90.55
Lpmbedding : LT CIFAR-10 99.50+0.06 99.42+0.03 [ 99.37£0.06 -
(cix ( Lmenr Prosecuon of ﬂmened Pmche\ . CIFAR-100 94.55+£0.04 93.90+0.05 | 93.51+0.08 -
B | | \ Norm Oxford-IIT Pets 97.56+£0.03 97.32+0.11 | 96.62+0.23 -
£ i ? Oxford Flowers-102 | 99.68+£0.02 99.74+0.00 | 99.63 = 0.03 -
BN
gi! .-.MB!WHE : VTAB (19 tasks) 77.16+£0.29 75.91+0.18 | 76.29 +1.70 -
' TPUv3-days 2.5k 0.68k 9.9k 12.3k

®  Input: split an image into fixed-size patches, linearly embed them

m Learnable Position embeddings: B Pre-training task: masked patch prediction, replacing 50% patch embeddings with

m 1-D positional embedding: input is a sequence of patches B aleamnable [mask] embedding (80%)

®  2-D positional embedding: input is a grid of patches B arandom other patch embedding (10%)
m  1-D relative positional embedding ® just keeping them as is (10%)

®m A Pre-norm Transformer encoder m D task: add a classifier on top of “CLS token” representation

An Image is Worth 16X16 Words: Transformers For Image Recognition at Scale, ICLR 2021 Submission
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H F TransformerBYEnd-to-End¥1{&#&:: DETR

backbone !
set of image featuresii

transformer transformer
encoder decoder

o

object queries

H A CNN backbone: learns a 2D representation of an input image

m  Transformer

® Encoder: adds the flattened image representation and a positional Model GFLOPS/FPS #params AP APso AP7s APs APy APy
Faster RCNN-DC5 320/16 166M 39.0 60.5 42.3 214 43.5 52.
Faster RC) PN 180/26 42M 402 61.0 43.8 24.2 43.5 x
Faster RONN-R101-FPN 246/20 60M 420 625 45.9 25.2 45.6 54.6

encoding and passes it into a transformer encoder

m  Decoder: takes as input a small fixed number of learned positional

) ) . Faster RCNN-DC5 4+ 320/16 166M 411 614 44.3 22.9 45.9 55.0

embeddings (object queries), attends to the encoder output Faster RONN-FPN+ 150?2(; M 42.0 62.1 26.6 454 53.4

Faster RCNN-R101-FPN 246/2 5 44.0 63.9 47.8 27.2 48.1 56.

m A shared feed forward network (FFN): Faster RCNN-R101-FPN+ 16/20 GOM 440 63.9 47.8 27.2 48.1 56.0
. . . DETR 86/28 1M 62.4 412 205 45.8 61.1

B takes as input the transformer decoder output and predicts either a DETR-DC5 187/12 A1M 3 63.1 45.9 225 47.3 61.1

! " “ g DETR-R101 152/20 GOM 638 46.4 219 48.0 61.8

detection (class and bounding box) or a “no object” class DETR-DC5-R101 253/10 GOM  44.9 64.7 47.7 23.7 49.5 62.3

End-to-End Object Detection with Transformers. ECCV 2020
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» DeepCT (Dai and Callan. 2019) (sparse index retrieval)
» Doc2query (Nogueira et al. 2019) (sparse index retrieval)
» ColBERT (Khattab and Zaharia. 2020) (dense index retrieval)

Input: Dacument
Qutput: Predicted Query

Researchers are finding
that cinnamon reduces .
piocdjauete lower blood sugar?

naturally when taken

\%

Researchers are finding that cinnamon reduces.
bload sugar levels naturally when takan daily...

Expanded Doc:
does cinnamon lower blood sugar?

[
noex Better Retrieved Docs
User's Query A
foods and supplements to Search Engine
lower

Doc2query ColBERT

Query Document
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v

FEBMMINGESEE: WrE (NEZHA)
> BERTE#=4I%:

> illgiESREIZAE: TinyBERT

> ARG TIIZIESEE: DynaBERT
> ZESUMTINGIESRE: TernaryBERT

ZIEEMIIGIESEE (MUliNEZHA)

Tl 25 S B RYARFE (Perturbed Masking BERT for Unsupervised Parsing)
il iE S B A FEEIRFER (Probabilistically Masked Language Model)
RS AR AT 4B S 2. (ERNIE-Tsinghua, BERT-MK)

Tl ZRE S RBH LA E (SparTerm)
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NEZHA: NEURAL CONTEXTUALIZED REPRESENTATION FOR
CHINESE LANGUAGE UNDERSTANDING

TECHNICAL REPORT

Jungiu Wei, Xiaozhe Ren, Xiaoguang Li, Wenyong Huang, Yi Liao,
Yasheng Wang, Jiashu Lin*, Xin Jiang, Xiao Chen, Qun Liu
Noah’s Ark Lab, “HiSilicon, Huawei Technologies
{wei.junqiul, renxiaozhe, lixiaoguangll, wenyong.huang, liao.yi,
wangyasheng, linjiashu, jiang.xin, chen.xiao2, qun.liu}@huawei.com

September 4, 2019

> RIS https:/arxiv.org/abs/1909.00204

~
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Pretrained Language Model

This repository provides the latest pretrained language models and its related optimization
techniques developed by Huawei Noah's Ark Lab.

Directory structure

* NEZHA-TensorFlow is a pretrained Chinese language model which achieves the state-of-the-
art performances on several Chinese NLP tasks developed by TensorFlow.

* NEZHA-PyTorch is the PyTorch version of NEZHA.
NEZHA-Gen-TensorFlow is a Chinese GPT-like pretrained language model.

TinyBERT is a compressed BERT model which achieves 7.5x smaller and 8.4x faster on

inference.
> FFiE{XED: https:/github.com/huawei-noah/Pretrained-Language-Model
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Pretrained Language Model

This repository provides the latest pretrained language models and its related optimization
techniques developed by Huawei Noah's Ark Lab.

Directory structure

* NEZHA-TensorFlow is a pretrained Chinese language model which achieves the state-of-the-
art performances on several Chinese NLP tasks developed by TensorFlow.

* NEZHA-PyTorch is the PyTorch version of NEZHA.
* NEZHA-Gen-Tensorflow is a Chinese GPT-like pretrained language model.

. a compressed BERT model which achieves 7.5x smaller and 9.4x faster on

inference.
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> FXCLUE: F¥—

CLUE/SHE THE 25 (10 205+ BHR#IBSOCNLIBCMNL, bert base¥ltafcs#, SIEHMBOCNLIFES)

HHT i) HFEIUE MAFANE | Score  JAME  AFQMC TNEWS IFLYTEK CMNLI  OCNLI_50K cuj:(\]lsc CSL CMRC2018 CHID c3
1 HUMAN CLUE 19-1201 | 85610 ESNAIE  81.000 = 71.000 = 80.300 76.000 90.3 98.000 84.000 = 92400  87.100 96.000

2 NEZHA-large  HuaweiNoah's... = 20-09-24 | 78057 fHAME 76586 69370 63615  81.576 71.25 89.310 85267  77.900 = 86.535 79.162

3 Archer-24 search-nlp 20-0921 | 77.762 fHAE 75291 | 69.960 62692 84.782 71.25 86.517 84.600 = 74.0560 85407 84.070
4 UER Tencent Oteam 20-04-30 | 77.096 {HAME 76819  71.260 63.231 83.471 71.25 82.759 84633 = 79150 85493 72.893
5 Rt-X DXM Al-lab 20-08-14 | 76605 fHAE 77156 | 70920 61.154 84.243 71.25 83.793 83.100 = 76.200 85519 72713
6 Rt=X personal 20-08-14 | 76.605 {HAIE 77156 70920 61.154 84.243 71.25 83.793 83.100 = 76.200 85519 72713
7 hfl-robert-large personal 20-07-18 | 75941 {HAE 75006 68970 63962 82.443 71.25 84.483 82.700 = 72400 8699 71.197
8 noone LITG 20-06-16 | 74.877 {HAE 73.867 68580 @ 59.731 81.868 7.25 78.276 85.700 = 73250 @ 86.622 69.630
9 AMBERT-Base ByteDance 20-08-28 | 74.877 {HAE 73.867 68580 59.731 81.868 71.25 78.276 85.700 = 73250  86.622 69.630
10 noone-h LITG 20-06-16 | 73709 FHAME 74411 | 69.040 56423 81.103 71.25 76.207 85,600 = 72450 82851 67.754
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Leaderboard Version: 2.0

34/74

Rank Name Model URL Score  BoolQ €B COPA  MultiRC ReCoRD RTE WIC  WSC  AXD AXg

1 SupRfGLUE Huma SUPSIGLUE Human Baselines Z 898 890 95eme9 1000 818519 917m3 96 80.0 1000 766 992997

+ 2 TS Team - Google s Z 893 912 939968 948  BB16I3  SavmId us 69 «uE 656 w27m9
& 3 vuawei Noan's Ak Lad NEZHA-PIsS = 8.7 878 944960 936 846551 90.1896 #.1 746 92 580 87724
g 1 Amava PAISICEY PAI Aer 6.1 851 24964 918  B46S4T  BU.0EE3 88 71 92 756 983992
+ §  Tencent Jarvis Lab ROBERTa (ensembie) 859 882 925956 908 844534 915910 ar9 T4 98 5T6 89476
& Znuiyi Technology ROBERTa-mik-adv 857 871 92419585 912 851543 917813 81 721 918 585 91.0781

S HuawE!



WARRE B 3% 3t 1

Carrier BG, Cloud & Al BG, Consumer BG, Smart Car Solutions BU

HUAWEI

W2 huawei coup @ HHINE

Huawei Mobile Services

AIFEFE SHERS BATIE SRR ESE
TinyBERTAERYEAERIA

NEZHATH B SR8

35/74 % HuawE



WARIFE B 3% tth [

> EAREIANE L
> Il RARB RN GR E SRR S5
> XE R
> ZIEFhEEIRMEINIE X FEIREL
O EFMGEEMERRAIUSHEEREREEATIEIERINE SRR, &R
MZEHETT
O FIREFTMINGERTBEIFHAR, TIRREHT R
> BER5HE
> #EZqueryn it
O FIATinyBERTTELIR 3 % EFrquery /A% L R A0 i & SR
> BRI EERER
O FIATinyBERTHREI AL MIE R HEEHITHE, RIFBZSLHEFHENAIAPP
> SR RGEREHE
O A gr i8R R B SR Fiquery BY4FAEF 7 L B Al EiITHREHE
> CHERRE S S
O FASINGEERESFE, BIRSHRESLEEE, RIXEMNEZENS, AHiEE
R E R SR A ERFE

35/74 2 HuAWEI



il 2riE S 1R A

#;MBYITE

Tl hiE S HEER R



(DE

I8

36/74

o>

TCARTE M LK

ToheE T 25
/INBERT

Dear

,,,,,,

M Avoides, poaso find atached... | Net Spam

TR VIZR 2

FUES L

/INBERT

L BT IARIETIZAUBERT
BT FUFAT 55 A AOBERT

ILA22+3: PN, AHTETARIEE
2 B AT B /ME A

SEH4: B, AR A5
B R ELE B 50 2

IERES: A LSS L e B
N

S HuawE!



Tl rAR A

Transformer Layer: {___)
Embedding Layer: [_J
Prediction Layer: {7
Layer Number: N > M

Teacher (BERT) Hidden Size: d > d’

Student (TinyBERT)

_——
: Transformer
—_— — »
O Distillation

-

Text Input
(@)
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le
t‘:‘a
A

vy

M+1

> > Lif(sm(x)), ftgum)(x)))

xeX m=1

X: Dataset
m: index of a student layer
Sm: the m' student layer

fy(m): the teacher layer corresponding to the mt" student
layers

f(*): the knowledge function
L(x): the loss function
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TinyBERT IR & BRI B AR

(1)

[abtaddadds General Learning === =:==:=-=.. X
1 ! Learning

1
Transformer Distillation Transformer Distillation ine-
Large-scale General storme Fine-tuned
Text Corpus TinyBERT TinyBERT
Data Augmentation l
Task Dataset Task Dataset

(1) E—4#18 GD(General Distillation)
> J%pre-trained teacher BERT#1iRiT# 2l general TinyBERT
(2) % —##1® TD(Task-specific Distillation)
> i%fine-tuned teacher BERTA1IRiE # Zlfine-tuned TinyBERT
(3) #IEIL5E DA(Data Augmentation)
> i£3: Jiao et al. TinyBERT: Distilling BERT for Natural Language Understanding, link
> FFEKES: link

Task-specific

~
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https://arxiv.org/abs/1909.10351
https://github.com/huawei-noah/Pretrained-Language-Model/tree/master/TinyBERT

TinyBERT #1122 18
gk BARE

8

M =+ 1 Teacher (BERT)
L model = Z )\mﬁlayer(sma Tg(m)) CP
m=0

> EIFRHTEIRBRAER. ¢ y

Transformer EF07 E B35 &

» ZTransformer®, EIEFiTERIR
SRREINEE N K

Lemba(So, To),
Lh/dn(sm,
»Cpred(SM+1 ) TN+1 )7

E/ayer(sma Tg(m)) =

39/74

<:>_—’

[—}‘— Text Input

(m)) + Acattn(sm,

Transformer Layer: )
Embedding Layer:
Prediction Layer:
Layer Number: N > M
Hidden Size: d > d*

o0

Student (TinyBERT)

Transformer
Distillation

(@)

(m))»

gy = P

! Auumun Mamms Almnunn Mzmcus “
hhhhhhh

J==1m.

i Hidden States HiddenStates | !
. (L) (Rl i

M -
7
|
Teacher Layer Student Layer
(b)

m=M-+1
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TmyBERT%ﬂL\T‘T’fE‘E EER
=

EREE: FERBNZIMR ML RFE S
> g(m)R: EEREFEFIML, BERCDIFFEFEEIE
> HEURBEREHATCERM, BIMNBZHAUTZREEZSEMEERTR

%
a5

SST-2 | MNLI | SQuAD vl.1 | MRPC |CoLA |QNLI| QQP |[SQuADv2.0

Student | Strategy Layer Mapping |/ (s o) | (Ace) | EM/EL) | (AcefFD) | Meo) | (Ace) | (aeerfl) | (BMEL | A8
Uniform (3.69,12) 87.4 | 77.0 | 66.7/714 |76.5/84.6] 21.3 | 84.9 [86.0/81.7] 58.9/62.5 |72.1
4-Layer | Last-Layer 0,0,0,12) 88.1 | 77.6 | 69.2/79.4 |83.8/88.6] 214 | 857 |87.2/82.9| 59.4/633 |73.4
Contribution-based | (1,10,11,12) 86.8 | 76.1 | 64.4/764 |79.4/863| 15.5 | 858 |86.1/81.4| 61.6/65.1 |71.7
ELM (ours) (0,0,5,10) 89.9 | 786 | 71.5/81.2 |85.0/89.5| 23.9 | 86.0 |87.9/83.6| 62.9/66.2 |74.9
Uniform (2,4,6,8,10,12) | 90.7 | 81.2 76.0/84.6 |85.0/89.6| 27.2 | 89.2 |88.2/84.1| 68.0/71.3 |[77.2
6-Layer | Last-Layer (0,0,0,0,0,12) 89.8 | 81.3 76.0/84.7 |85.5/89.7| 343 | 89.0 |88.7/84.6| 68.7/71.9 (782
Contribution-based | (1,6,7,10,11,12) | 90.0 | 80.9 75.0/84.1 |84.6/89.3| 28.5 | 88.8 |88.0/84.2| 66.5/70.0 |[77.0
ELM (ours) (0,5,0,0,0,10) 91.5 | 82.4 77.2/85.7 [86.0/90.1| 36.1 | 89.3 |89.2/85.4| 70.3/73.2 |[79.2
NYTEUeN [— | = > o B =
> RMEW, MNGRZEEWPEER, MRESHIHE (GDAEEM+1E)
BERT (base, cased) BERT (large, cased)
Layer 0 Layer 0
Layer 12 === —————_ — _ | Layer247 L
B
Lower Performance Higher Performance
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> S(T:FT/JE’%EKE’JE— NMNGRHEER, BEHLIZE—LEEEFITEIR
> IR {152 FHBERT#Glove, #3tB1RKHYIR)E
> @ —NEEE R RIEE R L
> HAMNADMAEIELREARBE T TS INGEIE20ER X IBYRRITF

[Mask] [Mask][Mask][Mask] T g8
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System #Params #FLOPS Speedup | MNLI-{(m/mm) QQP QNLI SST-2 CoLA STS-B MRPC RTE | Avg
BERT sy (Teacher) | 109M 22.5B 1.0x 83.9/83.4 71.1 909 934 528 85.2 87.5 67.0 | 795
BERT vy 14.5M 1.2B 9.4x 75.4/74.9 66.5 848 876 19.5 77.1 832 626 | 702
BERTsumaALL 29.2M 34B 57x | 77.6/77.0 68.1 864 897 278 77.0 834 61.8 | 72.1
BERT,-PKD 52.2M 7.6B 3.0x 79.9/79.3 70.2  85.1 89.4 248 79.8 82.6 623 |72.6
DistilBERT 52.2M 7.6B 3.0x 78.9/78.0 68.5 852 914 328 76.1 824  54.1 | 719
MobileBERT 1y T 15.1IM 3.1B - | 81.5/81.6 689 895 917 467 80.1 879 651 | 77.0
TinyBERT} (ours) 14.5M 1.2B 94x | 82.5/81.8 71.3 877 92.6 441 80.4 86.4  66.6 | 77.0
BERT-PKD 67.0M 11.3B 2.0x 81.5/81.0 707 89.0  92.0 - - 85.0 655 -

DistilBERTg 67.0M 11.3B 2.0x 82.6/81.3 70.1 889 925  49.0 81.3 86.9 584 | 768
TinyBERTj; (ours) 67.0M 11.3B 20x | 84.6/83.2 71.6 904 931 511 83.7 87.3  70.0 | 794
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TinyBERT LRI REFA L A 1F:

v

fH Lt FBERT-baset®®!, 4ETinyBERTHEEINED. 415, SEHEEAN1/7, HE

T T%2.5%, HTFMERITERERAYIES

» 6/2TinyBERTH# A ¥5E $£ifBERT-baset® !

TinyBERTR A &imiEEFNLUE £4% 0, A ERREEIES6~10%

» TinyBERTERIEM AT GEBERIER AR, MK, 2. IBMEAF
31, ZREMKIRIE, Google Scholar5| 30+

> 4=TinyBERTE T TAIZRSG T2 EFF A BIBoItiESS, 3% WAYEILA

(KENFINIE) #2.5GHzAYARM A76 & #%float1 6HEIRRT [E){N B 2ms, int81f

IBAT(E]1.3ms , FAEFEREIOMBELA.

v
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HHT

CLUE/MERUETHE 2
e

Tiny-NEZHA-4L(9x faster than
BERT-base
electra-small
electra-official-dis_tiny

ebm-tiny

L2

Huawei Cloud & Noah's Ark lab
CLUE
electra-small
electra-official-dis_tiny

ebm-tiny

F1/98 bert-base B E)

B E

20-04-10

19-12-01

20-04-17

20-03-15

20-04-14

Score

59.826

58.437

56.502

55.097

54.960

FAIE

FHAIE

ERAIE

#FIME

AL

AL

AFQMC

74.903

73.700

69.956

70319

6£9.904

TNEWS

67.230

56.580

54.460

54.280

54.410

IFLYTEK

58.808

60.290

56.500

53.538

55.654

CMNLI

79.245

79.690

76.929

73.745

74.823

CLUEWSC
2020

0.0

0.0

0.0

0.0

0.0

csL

78.767
80.360
81.167
78.700

74967
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TinyBERT: NLPCC 5 1% g/ MEELIF

TinyBERTZENLPCC2020kY 5 14 RE/MERL TN L FHIRE — 2
i

BRI ASTARNESS, BAR R EANT
1. ATHRS REEHFANRE, FAB S ARESERT A DEN BB A BRE S S MEaRIE.

piie
2. FESBFEABNEFNENRENSHERRIFERPOLATITHE. HHTRETERE. ARSI TER
BEREAN.

3. gﬁsgmwl F—4. Huawei Cloud & Noah's Ark lab, 184" 0.?7?126778'%:%: Tencent Oteam, 157

0.768969257 = Xiaomi Al Lab, 5% 0758543871 FRATR=RX, MERNATAFEIERR. FRLFRCLUEE
—RIEFZFEDRIINTF, FAREREZMRZL, HWIEFEEMEEIEE & . ATNEERF MIESER. R
HAEMEMESSTERLENITHES P E AN, CURBHERNSEART. X TEMERNSESTERENEN
FIERE. REREERE, hIFEENELNEE.
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> ﬁ}ﬂmIaﬁﬁE’JBou RIS S SR FE X TinyBERT#T i RREMEL 1L
> BiAFEFEREHERENETHTE
» CacheitE, /L& EUE AR EFR X E
> [FAEFIHFM L TransposeFIReshape E4& R 4E i & F
> EFREZRSIARITEEmMbeddingE F3X I
BERT Inference Performance
2.7 GHz A76 Single Core, Input Length =9

57.5 59.1
29.7 30.9
I s—

Google Bert Base Google ALBert Base Noah TinyBert

m float32 mfloatl6 mint8

~
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TernaryBERT: ={E={LAYFTi

HIESIRE

i

BARIBEMEELS (1/2-bit) EURARLES

Full-precision Quantized

Full-precision
Student Student Teacher
Lprea
e
Forward Transformer layer Lerm Transformer layer
quantize propagation . . ,,,,,,,,,,,,,,,
t t

w L Ternarization Forward Distillation loss
w=0, ropagation L = Lerm + Lpre

wi=wl - @) V(W) «— I

Backward
Embedding

Embedding

Embedding

update in full-pi

wi*! = UpdateParameter(w', 525.1)

Figure 2: Depiction of the proposed distillation-aware ternatization of BERT model.
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> REINEW: 2-bitEk, BI-1,0,1
> FAEEKEME: 2-bitEk, BEI-1,0,1
> HiE{EA: 8-bit=fk

Table 1: Development set results of quantized BERT and TinyBERT on the GLUE benchmark. We abbreviate the
quantization bits for weights of Transformer layers as “W-bit”, word embedding as “E-bit”, activations as “A-bit”.

W-E-A

Size

MNLI-

#bin) E) - QQP  OQNLI SST-2 CoLA MRPC  STS-B RTE
BERT 323232 418 (x1) | 84.5/849 875909 920 93.1  58.1 90.6/86.5 89.8/89.4 71.1
Q-BERT 288 43(x9.7) | 76.6/77.0 - - 846 - - - -

Q2BERT 2-8-8  43(x9.7) | 472473 670759 613 806 0  81.2/684 4447 527
TernaryBERT (TWN) 228 28(x14.9) | 833/83.3 86.7/90.1 91.1 928 557 91.2/87.5 87.9/87.7 72.9
TernaryBERT (LAT) 228 28(x14.9) | 83.5/83.4 86.6/90.1 915 925 543  91.1/87.0 879876 722
Ternary TinyBERT (TWN) 2-2-8 18 (x23.2) | 83.4/83.8 87.2/90.5 89.9 93.0 53.0 91.5/88.0 86.9/86.5 71.8
Q-BERT 8-8-8 106 (x3.9) | 83.9/838 - - 929 - B E -

QSBERT 888  106(x3.9) | - 88.0/- 906 922 585  89.6-  89.0- 688
Ours (BERT) 8-8-8 106 (x3.9) | 84.2/84.7 87.1/90.5 91.8 93.7 60.6 90.8/87.3 89.7/89.3 71.8
Ours (TinyBERT) 8-8-8 65 (x6.4) | 84.4/84.6 879/91.0 91.0 933 54.7  90.0/89.4 91.2/875 722
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—%— DistilBERT @ ALBERT ® Quant-Noise GOBO
—4— TinyBERT ~¥- LayerDrop % Q-BERT —- Ours
84 ././..
¢ y
§§82 * * |/
> o
©80
=1
Iv]
< v
78
107 102 103
Size(MB)

Figure 1: Model Size vs. MNLI-m Accuracy. Our pro-
posed method outperforms other BERT compression
methods. Details are in Section 4.4.

49/74

W-E-A Size  Accuracy
Method @#bits)  (MB) (%)
DistilBERT 32-32-32 250 81.6
TinyBERT 32-32-32 55 82.8
ALBERT-E64 32-32-32 38 80.8
ALBERT-E128 32-32-32 45 81.6
ALBERT-E256 32-32-32 62 81.5
ALBERT-E768 32-32-32 120 82.0
LayerDrop-6L 32-32-32 328 82.9
LayerDrop-3L 32-32-32 224 78.6
Quant-Noise PQ 38 83.6
Q-BERT 2/4-8-8 53 83.5
Q-BERT 2/3-8-8 46 81.8
Q-BERT 2-8-8 28 76.6
GOBO 3-4-32 43 83.7
GOBO 2-2-32 28 71.0
3-bit BERT 3-3-8 41 84.2
3-bit TinyBERT 3-3-8 25 83.7
TernaryBERT 2-2-8 28 83.5
TernaryTinyBERT ~ 2-2-8 18 83.4
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DynaBERT: #iZSA[{B4aR il 415 5 1R E

—iRillER

> —Rillk. BRE/SIHZHE

> EERTA LR EIRFERE AT MEHITHE
> gty Transformeri& s, EXMERIREFMEE, RIF
WA/ EESHITHF, FEEEMWHEIT/LE !
BETMBHE
B2
Classifier \{‘\i .

000 000
r:::z::\lﬁ; rank @ @ @@ @ @ @@
Lx 00O 000
Add & Norm M M
‘Mufti-head cnmpule}%h Ny [2) - 1 lrewire; 1|2 v N,
Attention (MHA) WA
rank 1’EI
;_/ N headsin WHA Mo heads A
| Embedding SgE,
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Hou et al., DynaBERT: Dynamic BERT
with Adaptive Width and Depth

https://arxiv.org/abs/2004.04037
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Table 1: Development set results of the GLUE benchmark using DynaBERT and DynaRoBERTa
with different width and depth multipliers (1724, m4).

Method CoLA STS-B MRPC RTE
BERTgasE 58.1 89.8 87.7 71.1
(1T, T12,7) 1.0x 0.75x 0.5x 1.0x  0.75x  0.5x | 1.Ox 0.75x 05x | 1.0x  0.75x  0.5x
1.0x 59.7 59.1 54.6 90. 895 886|863 858 B850[722 718 66.1
DynaBERT 0.75x 60.8 59.6 53.2 900 89.4 885|865 855 841|718 733 657
0.5x 58.4 56.8 48.5 890.8 89.2 882 | 84.8 841 831|722 722 679
0.25x 50.9 51.6 43.7 802 883 870|838 838 814|686 686 632
MNLI- (m/mm) QP QNLT SS5T-2
BERTgAsE 84.8/84.9 90.9 92.0 92.9
(170, ) 1.0x 0.75x 0.5x 1.0x 0.75x 0.5x | LOx 0.75x 05x | L.Ox 0.75x  0.5x
1.0x 84.9/85.5 84.4/851 837846914 914 OLT [ 921 91.7 906 | 932 933 927
DynaBERT 0.75x 84.7/85.5 R84.3/85.2 83.6/844 | 914 913 912 | 922 918 907 | 93.0 931 928
0.5x 84.7/85.2 R4.2/84.7 83.0/83.6 | 913 912 91.0 | 922 915 90.0 933 927 0916
0.25x 83.9/84.2 83.4/83.7 82.0/823 | 907 91.1 904 | 915 908 885|928 920 920
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BERT ROBERTa == DistilBERT =f§= TinyBERT =¥= LayerDrop =s— LayerDrop+more data =@= DynaBERT == DynaRoBERTa
o MALI s5T-2 ML s5T-2
95| N 95
gaS /fF_. g9 =85 ré::: g
2z * 293 = * 793
80 £ 'A geo g
g 292 ] 392
75
91/ s 91
T4 60 80 100 120 Y0 €0 80 100 120 % 5 10 15 20 25 10 15 20 25
#parameters(G) #parameters(G) FLOPS(G) FLOPs(G)
(a) #parameters(G). (b) FLOPs(G).
90: MNLI S5T-2 a0 MNLI S5T-2
o5 95
=,
ga“ '/”/1 ge3 Za0 ‘,/”{ g93
<75 < <75 <
91 91
% - 150 200 9% 50 100 150 200 ‘% 100 200 300 400 500 °% 10g 200 300 460 500
Nvidia K40 latency (s) Nvidia K40 latency (s) Kirin 810 latency (ms} Kirin 810 latency (ms)
(c) Nvidia K40 GPU latency(s). (d) Kirin 810 ARM CPU latency(ms).
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(m,,m,)=(1.0,1.0) (m,,m,)=(0.25,1.0) (m,_m }=(0.25,0.5)
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Figure 5: Attention maps in sub-networks with ditferent
widths and depths in DynaBERT trained on CoLA.

BERRRMNEZI, MEEIENRABAEMS T ARENZNMEENEK.
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Hewitt et al., 2019)
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e 5 #8485 (Perturbed Masking)

> BEREFEAESITE RME, FAEFIHABERTEIL—/MAEZ BIEMA
%Bf% (impact matrix), AREHBHIAXNEREESBIKGEXERER;

> FFABERTIHRNM—/MAXN S —Mafsim, HAMRH T “H RS (Perturbed
Masing)” BY75%:

Zhiyong Wu, Yun Chen, Ben Kao, Qun Liu, Perturbed Masking: Parameter-free Probing for Analyzing and Interpreting BERT, ACL 2020
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i 5h#% 75 (Perturbed Masking)

> BEKFAESTAE RME, FOEFABERTEL—MNMAEZ BB S
%P (impact matrix), AEBHAXMERES HKEXER,

> FIFABERTHM—MAXN S —MAME M, HIHEHT “#shiEsS (Perturbed
Masing)” BY75%:

— IR MR

Masked Word Prediction

Zhiyong Wu, Yun Chen, Ben Kao, Qun Liu, Perturbed Masking: Parameter-free Probing for Analyzing and Interpreting BERT, ACL 2020
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i 5h#% 75 (Perturbed Masking)

> BEKFAESTAE RME, FOEFABERTEL—MNMAEZ BB S
%P (impact matrix), AEBHAXMERES HKEXER,

> FIFABERTHM—MAXN S —MAME M, HIHEHT “#shiEsS (Perturbed
Masing)” BY75%:

e NE NI CHE ML RS i HEIME NEHICHOVENES

Masked Word Prediction Perturbed Masking

Zhiyong Wu, Yun Chen, Ben Kao, Qun Liu, Perturbed Masking: Parameter-free Probing for Analyzing and Interpreting BERT, ACL 2020
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i 5h#% 75 (Perturbed Masking)

> BEKFAESTAE RME, FOEFABERTEL—MNMAEZ BB S
%P (impact matrix), AEBHAXMERES HKEXER,

> FIFABERTHM—MAXN S —MAME M, HIHEHT “#shiEsS (Perturbed
Masing)” BY75%:

i BENEHLIHONENENESY i HEIME NEHICHOVENES

91;32I93_34.€s er || eg || €

‘ e
o) B ] BY BB B AR T X EEAY R I '
Masked Word Prediction ﬁ%ﬁ%ﬁﬁa{]wmﬁ}g Perturbed Masking

Zhiyong Wu, Yun Chen, Ben Kao, Qun Liu, Perturbed Masking: Parameter-free Probing for Analyzing and Interpreting BERT, ACL 2020
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Figure 1: Heatmap of the impact matrix for the sen- Figure 2: Part of the constituency tree.
tence “For those who follow social media transitions
on Capitol Hill, this will be a little different.”
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Model Parsing UAS
. WSJ10-U PUD
» T =T NtF-
BSR4 Right-chain 495 350
Eisner&;%(1996) Left-chain 20.6 10.7
> Enf?ﬁﬁrj'ﬁ\(_ﬁﬁ*ﬁ Random BERT 16.9 10.2
. P ] Eisner+Dist 58.6 41.7
ChU'LlU/EdmondS(CLE)ﬁ;£(1 965; 1 967) Eisner+Prob 527 34.1
> R4 CLE+Dist 515 332
> Left-chain: /MK EFETF AT —1M7F 4 ,
> Right-chain: ﬁ/l\lﬁjﬁ{ﬁ:]:}ﬁ—/l\lﬂ g::ll:ey L,alr.iﬁlsg.resuhs of BERT on unsupervised depen-
> Random-BERT: BE#l &£ BERT, X
> *-Dist: 18973 7%, RIS Ei:)neeHDist 41.7 521 69.6
Blogit ER 25 5 4 L Rt 350 30 419
> *-Prob: HAKT73%, KAZIAKH : - -
H"]SOftﬂ’]&X*ﬁ%Z%ﬁ’%%ﬁ HF"UJ Table 2: Performance on PUD when evaluated using

UAS, UUAS, and NED.
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B RIE S R

Model Parsing F1 Accuracy on PTB23 by Tag
WSJ10 PTB23 NP VP PP S SBAR
PRPN-LM 70.5 374 639 - 244 - -
ON-LSTM lst-layer 42.8 24.0 238 156 183 48.1 16.3
ON-LSTM 2nd-layer 66.8 49.4 614 519 554 542 154
ON-LSTM 3rd-layer 57.6 40.4 575 135 472 486 104
300D ST-Gumbel w/o Leaf GRU - 250 188 - 9.9 - -
300D RL-SPINN w/o Leaf GRU - 13.2 24.1 14.2 - -
MART 58.0 42.1 446 47.0 506 66.1 519
Right-Branching 56.7 398 250 718 424 742 688
Left-Branching 19.6 9.0 11.3 08 50 441 5.5

Table 3: Unlabeled parsing F1 results evaluated on WSJ10 and PTB23.

AR R TR M 5 AIE S T B EMART:
> IRIFEFZWAEE, BRET, §—FFkAnspan&#EHRVIF-

59/74
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Model UAS

Accuracy by distance
0 1 2 5

Right-chain 10.7
Left-chain 41.5
Random BERT 6.3
Eisner+Dist 34.2
CLE+Dist 34.4

205 - - -
795 - - -
204 75 35 00
616 73 7.6 128
638 33 35 26

Table 4: Performance of different discourse parser. The
distance is defined as the number of EDUs between

head and dependent.
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TEBAESIRE RS

Nte

> TRRKFAL, TREDAIE, HBBEENH, ETBERTHaEHEMNA L
HES TRIFRIE R,
> LEREHIREY, SFBRAL/AHNX (kFE) BMAZIHEERERS;
> B GEE BB A EZAEZ0TRSOTAEE —EERE, REAET:
> MBESOTAL MEBAESAEESINTRZHIES FEWHIR (kLS
Y bias), M#HA1EE I NEAFALIEEIR.
> HL TR EBAESHAERR TPOSEINERGSIE, MEZMTERERA.
> IRIFASEEHMEX TWMKE, SEMEBAZFINEHAEERAEZESR, M
WA ARG LB %A XX E AT 3R
> TUREBEESH, XAESXAZEECRAIUEESKIFER, RINWAXEES]
ANES Xbias, tbZED X FHEBRK.
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WERENNERA T THES

> B BAXKBAESABIMAEEME AREEFREXMALELEME
RRER, XMAEEHMREATURAETHENLPES S, LISETHESHM
el ?

» F 1L Aspected-based Sentiment Analysis (ABSC) Affl, *FZhang et
al.(2019)#& H BProximity-Weighted Convolution Network (PWCN)7A 3%, 431
SINEMAERIES FAFE, #H1T 7T EERE:

Laptop Restaurant
Model Acc  Macro-FI ~ Acc  Macro-F1
WO e, SIARMIMESE RS
+Pos 75.23 71.71 81.12 71.81 *—ﬂ - ’ l] ; - ATl 1=f :
+Dep 7(,03 72:02 30:93 72:23 Wﬁéﬁm , EESIANEAMRIE (=] F%A{E 2 Ay %%%Bg

e T D00 s B 87, GHESIAARES ERENMIKEER

tright-chain  75.64 7153 8107  72.51 e
tlef-chain 7439 7078  80.82 7271 B (ZEH+Dep).

Table 5: Experimental results of aspect based sentiment
classification.
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BB Z4iE S R ELPMLM

> HEARFEA.
> MLM: FiE LB (anr = 15%) 55
> PMLM: BAXRES A FHRE—NMAR— I REX RS fr ~ P(r)#t1THES
> HP(r)=¥%545 % (uniform distribution) Bf, p-PLMMZE{)F—
“Nautoregressive permutated language model
> REHFS: 4i— T BERTFAGPTREESE
> ATLUEBERT—#AFNLUES, SREZEKIFTFBERTAIXLNET
> ALUEBERT—# A FNLGES, IR FGPT,
> LEGPTERARIEREES: AILURBAERIRFERAE
> IR NS FBERT. XLNETFIGPT

Yi Liao, Xin Jiang, Qun Liu, Probabilistically Masked Language Model Capable of Autoregressive Generation in Arbitrary Word Order, ACL 2020
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PMLM: 28! E X

» Assume:
» N is the sequence length
» K is the number of masked tokens
> X = {xy,X,..., Xy} is @ sequence of tokens
> M= {my, mo,...,my} denotes the sequence of binary variables indicating the
masks
» [1=mq,m,..., 7k denotes the indexes of masked tokens

» Then the log-likelihood function of PMLM for observing X is:

Lomim = Ex.m [log p(Xn| X_n)] = > > [log p(Xn|X_n)] p(M)
X M

64/74 &2 HuawEl



PMLM: 23 #54

> MEEMXEXZ FHEA—/ 8L, BEEXHRB LR, REXdtokentIii &
ax
> {ERI& MBRM K MEEER 2 p(M)
> ZEPMLMep(M)e] LUMEEE X
> AfEE, A LUBRIZX & MokentEmask BYHEE r2 I 3L BY:
> BERTH{RIZE MokenH AR 2EER: p(r) = 15%
> FATEE—FhEBERTE — AR L AYIREY 1-PMLM:  {BRi&p(r)7E[0,1]X B LT 9%
> -PMLMBYEER BRI E R E £
> WFFXFEE—NEx:
1. KIEH S 5 T [0, 1| FEHLIEER— MR 1
2. RIFEBEHUREmM BB AMASK].

> MRTHBERES, w-PMLMEIZI SBERTE 2[R .
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EBRESTEMR (NLUD) EF LMK ER

Model COLA | SST2 | MRPC STSB QQP MNLI-m/mm | QNLI | RTE | AVG.
BERT(A) 52.1 93.5 88.9/84.8 | 87.1/85.8 | 71.2/89.2 | 84.6/83.4 90.5 664 | 78.3
u-PMLM-A 56.5 94.3 88.8/84.4 | 87.0/85.9 | 71.4/89.2 | 84.5/83.5 91.8 66.1 | 79.0
u-PMLM-R 58.0 94.0 89.7/85.8 | 87.7/86.8 | 71.2/89.2 | 85.0/84.1 923 69.8 | 80.0
u-PMLM-R* | 569 94.2 90.7/87.7 | 89.7/89.1 | 72.2/89.4 | 86.1/85.4 92.1 78.5 | 81.3
Table 5: Evaluation on GLUE test set.
> u-PMLMZEGLU ER B EEF1SQuaDIE S LER#E Model Fl EM
st TBERT-b BERT(A) 76.85 | 73.97
g ase U-PMLM-A | 7831 | 74.62
> HEXLE ARG AT i — 5 Ui -PMLMBY 14 BE uwPMLMR | 81.52 | 7846

> 4-PMLMZEMNLIFISQuaD% £ B % Lt
TXLNET

> E:

> u-PMLM-A:
| 4 M—PMLM-R:
> -PMLM-R*:# 1-PMLM-RAN % £ %l 4

66/74

5% F 48 333 B 4R EB AT u-PMLM
A ALE HAZE u-PMLM

Table 6: Evaluation on SQUAD 2.0.

Model SQUAD 2.0 [ MNLI SST2
F1/EM m/mm

XLNet (R) | 81.33/78.46 | 85.84/85.43 | 92.66

u-PMLM-R | 81.52/78.46 | 85.99/85.60 | 93.58

Table 7: Comparison with XL Net.
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EBRBETER (NLG) FF ERTWER

Model PPL(sequential) | PPL(random)
BERT 23.12 25.54
L AL > u-PMLMPEE RIES ERITFFBERT, &
W-PMLM-A | 19.32 2130 BRI FAE BOE 2 ELFAE R

Table 2: Perplexity on Wikitext103. » 1-PMLMERGPT#EEL:

> -PMLMATLELREE R, GPTAEE

Model PPL(sequential) | PPL(random) » E ’J\U” g;_!]:\ %‘-\i ?EJ: , M'PM LM E(]I_;E ﬁk'l‘i lﬁlé Zﬁ
BERT 140.67 56.97
GPT 2425 N/A :FGI?T . e
W-PMLM-R | 35.24 3845 > EXINGEIEL, -PMLMBYSE BiEaE
u-PMLM-A | 49.32 42.46 IRGPTHELLIEE —EZERE

Table 3: Perplexity on One-Billion Words.
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p-PMLMEL 4 i 72 7 11

Step | Prediction Index State of the sequence

0 n/a - - - - - - - -

1 3 a

2 7 - - a - - _ random -

3 1 This . a - - _ random -

4 2 This is a - - _ random -

5 4 This is a sentence - _ random -

6 6 This is a sentence - in random _

7 5 This is a sentence generated in random -

8 8 This is a sentence generated in random order

Generation Order: 3—7—1—-2—4—6—5—8
Output: This is a sentence generated in random order

Table 1: An example of how u-PMLM generates a sequence in random order. The special token [MASK] is
simplified as the symbol “_".

~
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The wolf has an extraordinary speed ,
and it can often jump from a spot quick
enough to escape a spot already occupied
by an adult wolf . Unlike the brown and
black bear , where it is easily distracted
by wolves , the gray fox does not run over
a wolf , and 1s often driven mad . Hav-
ing jumps with high speed that breaks the
wolf ’ s legs before it is run over , a grey
wolf could defend itself against an adult
of other species as the best predator at any
time . The black bear may kill packs of
four lazy , though the gray fox can inflict
significant wounds on a dog .

N FHE:
> ki BERF
> SEENIFIE AL
> AL AR AR
> N
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BERT-MK: Filll 4575 S R 2 i NE_ E T3 AR

Method

» Generate subgraphs from knowledge graph;

» Learn graph contextualized knowledge;

» Integrate knowledge into the language model;

Q@

960090000  Result
o * BERT-MK achieves better performance than
previous biomedical pre-trained language models

on entity typing and relation classification tasks

T s ®
ot - 1 8
R e Py
& Task Dataset Meirics E-SVM__CNN-M__BERT-BaseBioBERT _SCIBERT _BERT-MK
@ Entity 0001260VA  Ace - - 676 97.43 97.74
" Typing INLPBA Ace - 9437 94.60
. Nom s \ Tepe Rorsion 2120 BCSCDR Acc - 9927 99.38
| ; P Relation W00120VA P B T3l 76.1 748 776
fosdfonad | @@@@ Classification R - 66.7 713 71.6 72.0
( i —_— F - 69.7 736 731 74.7
. « . GAD 3 7921 - 7643 77.47 81.67
oA |7 R 89.25 87.65 85.94 92.79
Foed Forward Em;:‘u‘;nys Aukt-Head Attention 1 F 83.93 81.66 81.45 86.87
. 1 \ EU-ADR 13 - 8105 78.42 8443
I N R 93.90 90.09 91.17
Mt Head Atenton [ AN F 87.00 85.51 87.49
Node \
L ‘—'—‘ ) cmbesoogs
Node npus

He et al., BERT-MK: Integrating Graph Contextualized Knowledge into Pre-trained Language Models, Findings of EMNLP 2020.

70/74 S HuawE!



il 2riE S 1R A

#;MBYITE

SparTerm: AFII4E S BEE B BR R TR AR ER



71174

SparTerm: ATl 4iE S BB UHEKRR R T XARE

Final Sparse Representation

Llwa

/ §

dim= vocabik

I___._ll._l]_[.._L [ = &= = = o
Importance Binary
Distribution Gating

Importance Gating

Predictor Controller

Passage-wise Importance Distribution(dense)

Labbia

Tok i
Importance
/ \ Distribution
P

lll”‘l‘ ||||‘I| |I|||I|!' ’llllﬁ,l-"

| Token-wlse Importance Predictor |

1 + ¢ t
@G0 -

LM

Input passage [ (]~ ()

(a) SparTerm Model

(b) Importance Predictor

Expansion-enhanced Gating(sparse)

E-:-:%:-:-:I

BOW [T

Not-BOW B m— - +—

wmrm w0 Binary Term
Gating

N_ln .l u Dense Term
Gating

Term Gating Predictor

{ S N 1

(c) Gating Controller

Bai et al. SparTerm: Learning Term-based Sparse Representation for Fast Text Retrieval. arXiv:2010.00768
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fREE
> B RHIIREL:
-2 EP N
> BRI {A S E K HAREL?
> AN AEAE R 2 K B (5 B P AR BEFEFAR A ?
> ATl 2R B K BIBERT 2455 ?
> B/ EIREL:
> WEEGHLEE % Dikk?
> GPTHEE M E R ELE?
> FNIREEA:
> FIRKAAMTF? BT ZuET BT AFIREAN?
> Fi’i']i"&?: (BfEZED . MEAMNXR. EEXR. BHEENXR. HEX/X
> SREREE:
> GF—ERRMEESIE, BBENEEERIIE!
> ZIRASTNIISk:
> FIRAVIE R (8!
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Thanks for listening!
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