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ONeural Network Language Models (Bengio et al., JMLR 2003)
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OSemantic/syntactic Extraction using a Neural Network Architecture
ONatural Language Processing (Almost) from Scratch (Collobert et al., JMLR 2011)
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@v BiL—. A T\——Word2Vec

Ohttps://code.google.com/archive/p/word2vec/ (Mikolov et al., ICLR 2013)
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ODeep Contextualized Word Representations (Peters et al.,, NAACL 2018)
OELMo: Embeddings from Language Models
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OImproving Language Understanding by Generative Pre-Training
(Radford et al., 2018)
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In-context learning
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‘ 1.2.1 BERT
‘ 1.2.2 RoBERTa
‘ 1.2.3  XLNet
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Figure 2: BERT input representation. The input embeddings are the sum of the token embeddings, the segmenta-
tion embeddings and the position embeddings.

token embeddings: FE A F R EFRBEXAFNENFHRA— %D E
segmentation embeddings: A A F X 2 (8] B9 K &

position embeddings:Transformer 2BV AR GEICERF, FTIUAAIIARRAEN @ E



a’ BERTHITHII M EXR BIER MES

1.Masked Language Model
Al mask&E—~alF R 15%AY18, FHE £ TOCRMIUN, Bi40:

my dog Is hairy — my dog Is [MASK]

A B hairyi## 4T 7 mask4bIB, AR maskfL B BEETA, BR21ZFAEE — O, FA=Zmask
1598978, HHECZRS 7, XHEMESSEFE L EZAine-tuningfEBRM RIS, A7 #RIX/ o),
HTI0 T HIALIE:

*80% Y B (8] 2% FH[mask], my dog is hairy > my dog is [MASK]

*10%AY Y (8] /2 FEALEX — M= Sk & maskayia, my dog is hairy -> my dog is apple

*10% A B [8]fR¥FAZZ, my dog is hairy -> my dog is hairy
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2. Next Sentence Prediction

EIFE—EAFIF(AB), HPS0HBEANT—&AF, FE50%009BE
MIBRIERBYVIEZFER, F3(ABMMEXRM, RMXEANTIZNE
F92 B BIE ZNLPEYE S L NOAFINLIZPE IR MM N F Z B % R,
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ROBERTa

FEBERTEA T L= A%

N AY / . \ A 74 .
1) MZEFEEK, batchsizeE X, GEIEES,
SQuAD ;
Model data  bsz steps (v1.1/2.0) MNLI-m SST-2
RoBERTa
with BOOKS + WIKI 16GB 8K 100K 93.6/87.3 89.0 95.3
+ additional data (§3.2) 160GB 8K 100K 94.0/87.7 89.3 95.6
+ pretrain longer 160GB 8K 300K 94.4/88.7 90.0 96.1
+ pretrain even longer  160GB 8K 500K 94.6/89.4 90.2 96.4
BERTL.—"LR{"E
with BOOKS + WIKI 13GB 256 1M 90.9/81.8 86.6 93.7
XLNet; srce
with BOOKS + WIKI 13GB 256 1M 94.0/87.8 88.4 94.4
+ additional data 126GB 2K 500K 94.5/88.8 89.8 95.6

2) F5BR 7 next predict loss

3) J%BERTH gistatic maskingif %2 & dynamic masking
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XLNet I X HF ¥ H R &GERE D AT
FZE AR (Auto Regression, BIEI3) #0
AE (Auto Encoder, B ZRALz8).
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%, At A SIS NER
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FHFLE B IE mask 38, REE
&1 BERT R EEIE.

AR Y7375 0] L G52 3] token Z [B]AY
IR R, T AE BY737E5 0] IXSE Sr 7 A
RERNEER. FEIL XLNet FHER AR
M AE WFTENLREEEFR, XLNet
{$ Y Permutation Language Model
(PLM) S IX—EB K.
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PLM

¥a)FHH) token FEALHESI, AEXRE AR I ARTUNRERJL
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XLNet Fi#id Attention Mask 23R PLM, T BEIE{EX4AF token BIAF. HWR
kA fA2 [1.234], WRMEINEMNFESIE [3,24,1], M AZ] XLNet #ya] FHAE
[1,2,34], EEBUEEEIL LB,
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XLNet ¥T&L 7 Al FaUInAF, XESETUNARE token N EEFESIEEEE, HETY_
FUM A9 B it A 2% token BN A5 BRI R, XLNet XA 7 ™ Stream SEIIX

—HBHmM:

*Query Stream, XfF&— token,
HX WY Query Stream REE T 1%
token A EE R, LEE’J'T?L%TZM
& token EJRIGAFRINERE R,
EEFHINMNEE R,

*Content Stream, XF+&—
token, HEXFTRHAY Content Stream
BT 1% token HABEE .
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XLNet fLfb#515

XLNet {7 Transformer-XL #f9 Segment Recurrence Mechanism (EX#&ZF) #0
Relative Positional Encoding (fBXH{\I & Z848) #4701k,

Segment Recurrence MechanismEZ JEEL AL IS4 F—ER AR B H 9= B1RTE
Tk, BTHIXAMTE, FRETJMUFEE AN LETXEER.

Relative Positional EncodingZE5|I A\ F—E{5 B85, TeESB MW token PHHE
BRNNEREERE, Al t—BNE— "B REMYeBENE— " RERMNEEEESE—
R, FE L Transformer-XL T Relative Positional Encoding (ABX{ {1 & 4558 |
AFEHEENMNE, MeEXAEEZ ENENANEFITTHRD.



B E R T

2
<
[E N %ﬂ.l.i/':l 5] ]\]

>

)




@vAi % 4038 3] A

v Explicit knowledge introduction

SHEXA + SHAHR + AR HIRS TR = PLM4%GHEE Z AR

{5 BB = [mask] 23k [mask]Tl

T—"ME/Y pro [mask] ## lity

ine o gantigery & | week 5 : N\ v:r:‘:"'
11 & 5 K EEAEaSe S 2 1 1L AR

& FiE = [mask] [mask]3[mask] [mask] s “we srtey 5 53
MASKZ% s [ el s N
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@‘EEERNIE (2019.4)

WV Ernie: Enhanced representation through knowledge integration

HiE KK HE M X K EKRKEBAAMAESK

=3 == e =

- e - Y

JEBertfyMask

Transformer

. e & & & & . P -~ -~ & Y

Potter is a series fantasy novel by J. [mask] Rowling

51EZk RIMask

ERNIE
B £ &R oo S YT oo ]

Transformer g;ﬁg&ﬂl‘] MaSk

. & & & Y o Y N

e

TR - | o o R . N o [ o ] o]

Figure 1: The different masking strategy between BERT and ERNIE

BB : 1 XERNIE: Enhanced Representation through Knowledge Integration
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Pre-Training with WholeWord Masking for Chinese BERT

f & % X

Chinese
Original Sentence 5 S AR TN N — 1R IR -
+ CWS WBE AL Ok T N —A4 1 RY R .

AL ok TN — A B R .

+ BERT Tokenizer B =

(llg

Original Masking HE M Em™MII N — 4 1A B R

+ WWM i Z [M] [M] € [M] [M] T — 3 5 8 %
++ N-gram Masking  [M] [M] [M] [M] 7T¢ [M] [M] F — > 1A /) ) & -
+++ Mac Masking BEESEEE T — 38 JLE

Bk H: X Pre-Training with Whole Word Masking for Chinese BERT
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v ERNIE: Enhanced language representation with informative entities

ShEmaEMAEREBERRSXEAMIBIE

(:H\El_s i¢t0ken

BOB DYLAN
i
&

" Chronicles:

Volume One Eﬂﬁe B’%\ ﬁ E

ulti head attention

A y
Sy TN

Bob Dylan

Songwriter

Writer TFIBA

Bob Dylan wrote Blowin’ in the Wind in 1962, and wrote Chronicles: Volume One in 2004.

Bk H: 1 XERNIE: Enhanced Language Representation with Informative Entities
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ABEEERNIE 2.0 (2019.7)

v A continual pre-training framework for language understanding

&2 EFFIF I mill &% B

e Specific Tasks HIEE, AEEX
Text Similarity Question Answering Sentiment Analysis - Natural Language Inference

Fine-tuning Inference
: Continual Pre-Training E
! Sequentially Sequentially i
! Taskn @ oo — . Task2 . Task1 |
: I— as as -—1
: Pre-training Tasks Construction Sequential Multi-task learning i
: | Bt =Y
' Task 1 Task 2 Task3  ...... Task n \Titl/ ! iE ==} 1‘} “ g/ﬁﬁ
: ERNIE NP S i HARRT
E Model SCEVLC LGS | :
: Big Data Prior Knowledge 1 i

Task 1 Task 2 Task 3 o= Task | A= BN N

: ST T R I - b -1 7t

ES{ESBE up
Bk H: ®3XERNIE 2.0: A Continual Pre-Training Framework for Language Understanding
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Table 4. User study results for the text-image retrieval downstream

N task. Three human annotators are involved in such user study.
Tasks Image-to-Text Retrieval
l g (V)_’ Metrics NDCG@5 | NDCG@10 | NDCG@20 | MAP
aml iR CLIP[ ] 329 388 530 | 303
e ==~ =5 Liar BriVL 37.5 42.8 55.5 38.3
3 % BriVL+UNITER |  37.0 43.5 56.3 37.6
£.1() N!
- : @—*L Tasks Text-to-Image Retrieval
' ” U 7 Metrics NDCG@5 | NDCG@10 | NDCG@20 | MAP
Soatet It lr===x0 L hi==tHitb— 1Rt ¢ Lo CLIP[ ] 280 323 $37 | 167
o EEEL e i X— BriVL 469 515 616 | 472
fmT - Es Il . . . .
TEXT | WR e or & BriVL+UNITER |  49.9 55.0 651 | 525
| I I P
1
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BXAERM LSRR, RIEEMT AR 5ﬁnﬁl1§¢%ﬁ‘tzlﬂl_ TIRZSXE, BRENZ, AR
MRS, EiRRsERERL ’/E’IES"JFZ—EJZ_L LEan 5 5IEE < ERE RAFRMRIIKEK. fln, YTE
IR A, ﬁEE’JI%—IuE ERRE, WNRIE", WS BRI T, FABIERTT XA T,
SRR EAN#H T T — R NKRAIRER, LWERKE, AEFBERE (1§'JXZDEH9€ITJ:E’J/\9$§)‘£?E)
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B XEEES Y

21y VLP BRI B IR (FE A1 R JEER AU EE E K EIXXEIESE . T3k 1
BR T VLP @ig HiF Z R TR SRS IR . 140 Flickr30k, SBU Captions #1 CC12M %5

ST AN S =
MeTES

AT

(378) BIREMEARMRANE/N (K29 1000 77) , MMARE KAZE LAION-
400M MEESR. B, BEREHEMRXEEESEXR

ERERINE NRE. Lb

., RERENTXBEMNEBESRELTEBEN, MlEEFTEEXETBR™RIER,

yeidiil]

ZIMESINIT,
Dataset | Language Availability Image-text pairs
Flickr30k (Young et al., 2014) English v 31,783
CxC (Parekh et al., 2020) English v 247 315
SBU Captions (Ordonez et al., 2011b) English v 1,000,000
ProductIM (Zhan et al., 2021) Chinese v 1,000,000
CC12M (Changpinyo et al., 2021) English v 12,000,000
YFCCI00M (Thomee et al., 2016) English v 99,200,000
WIT (Srinivasan et al., 2021) | multilingual v 11,500,000
LAION-400M (Schuhmann et al., 2021) English v 400,000,000
JFT-300M (Sun et al., 2017) English X 300,000,000
JFT-3B (Zhai et al., 2021a) English X 3.000,000.,000
[G-3.5B-17k (Mahajan et al., 2018) English X 3,500,000,000
M6-Corpus (Lin et al., 2021) Chinese X 60,500,000
Wukong (Ours) | Chinese v 101,483,885




Global similari Token-wise similarity
(] Preload & locked g

— Visual/Textual T ¢
L features El

max (I -T) 4+ max (T - I)
(| TE{D i
(O], &2, 76 IC MR =)
Visual/Textual
input token
Positional
embedding Linear Layer Linear Layer
Pretrained Image Encoder Text Encoder
models for other

languages ‘

M.

‘;z‘ Linear Projection Text Embedding ]
Flattened Patches.‘ﬁ‘&i‘ [CLS] HT % % % Elg "J\ ﬁ IH{

%1§+YZ|K?EEE§“ 5’|\71I11?L§E§]\ ----- 181 FA AL M & Token X
LI R SR IT




Meta Al: New SEER——10B Parameters
W RLAE L RENRESERNIINZG P ESHMNAF

» FIMEARHEN MBEHRRENGER, XEEEFETARNILATY
ERFHVERSE: M. MK, XE...

« XHEMNRBLLE BENRBGEEERE. EAY. EXMEEMED B
WERAS 7 R A0 EES  (20ImageNet) E1llZrpyiRBIE R
1@ B, BEE/N. BRED, #3EE, ImageNet,

Gender SKintone Gender Skintone Age Groups

. X female female  male male - -
Model Data Arch. female male darker lighter : ¢t ) ‘ e 18-30  30-45 4570 T0+
darker lighter darker lighter

Supervised pretraining on ImageNet

Supervised INet-1K  RG-128Gf 67.5 01.8 713.6 82,1 58.2 75.1 02.7 91.1 78.5 76.7 80.1 75.8
Self-supervised pretraining on ImageNet

SwAV INet-1K  RG-128Gf 62.1 03.0 69.7 80.8 50.3 T1.6 03.7 92.5 76.6 746 767 694
Pretrained on random internet images

SEER (ours) 1G-1B RG-128Gf 86.7 96.1 86.8 04.2 78.2 93.7 97.5 04.9 89.6 90.5 92.6 887
SEER (ours) 1G-1B RG-10B 93.9 05.8 92.9 96.2 90.3 96.8 96.1 05.4 93.2 950 956 967
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NMHTFOA (Question Answering) BY7=4
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PPERIOAEE  EE  EEHE.  HRERK - FAREMR  AfRSH

ERNIE 3.0 iR tEm AR

BEF5AN I NLPAESEDE, HETRSuperGLUESTIEE, RN E&EEE

SEESE DRSNS, B, k. MBS EIERES.

https:.//wenxin.baidu.com/wenxin/ernie
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BERTs vs. Tasks

T e ww | mR | mE

BERT S% 55% 65% 90%
DistiIBERT 10% 69% 60% 85%
RoBERTa 15% 65% 59% 7%
ERNIE-2 15% 59% 15% 50%

Baseline 25% 33% 25% 25%
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