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wERN (Word Embeddings)
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https://indico.io/blog/visualizing-with-t-sne/
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[ Task-Specifc Model }
S S S T T e
ntextu E: ggz:j]
ECrl;)b;fldtinﬁs h, hy 'hs] 'hy 'hs 'hg | hy -
0 0 0 A ) 0 0 +
[ Contextual Encoder J ’$|§)( EIX 7]
4 A 0 A A 4 A
Non-contextual e:1:1 eazz escg ear;4 e$5 eazﬁ ea:7

Embeddings
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000

Encoder
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Seven Main Paradigms

Label Label L, Lg Lg
1) ) O
( Classifier ) ( Classifier ) ( Decoder )
t
Encoder Encoder Encoder
0 Pt
Text Text A TextB A B C
(a) Class (b) Matching (c) SeqgLab
Reduce
D E F (_ Classifier
I Shift
Shift
Encoder Decoder Encoder Reduce
Shift
Shift
Pt (.
A B C <s>D E

(e) Seq2Seq

(f) Seq2ASeq

Start End
t 1
( Decoder )

Encoder

()
Context Question

(d) MRC

B
i)

Decoder

Encoder

(& J
Pt

A _ C

(g) (M)LM

CoEEEEEA®)



Paradigm Shift

[

( )
Classification
L .
( )
Matching
L .
( )
Sequence Labeling (SL)
Machine Reading ¢
Y Comprehension (MRC) y
[ Sequence-to-Sequence N(
g (Seg2Seq) )
[ Seguence-to-Action-Sequence )
N (Seg2aSeq) y
.
{ Language Modeling(LM)
.

Paradigm Shift brings various NLP
tasks a unified framework.

The pretrained backbone models
accelerate this shift.

MRC/Seq2Seq/LM are powerful paradigms.

The generative paradigm is more
general and flexible.

https://github.com/txsun1997/nlp-
paradigm-shift
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Text Classification as Text Matching

» Constructing Meaningful Labels

Label 0/1
* —~
BERES (o e () - ()
BERT BERT
E[CLS] E1 Ez EN Il: EICLSJ E1 EN E[SEP] E1 EM‘
PN AN P N\ AN\ N\ N\ Vs
[ [ P T T -1/_\r L L a L LI
[CLS] Tok 1 Tok 2 Tok N (cLs] T1k TNk (SEP] T1k Tak



https://arxiv.org/pdf/1903.09588.pdf

Sentiment Analysis

Food

Drinks
Service

Staff
Comfort ©
Location ©
Value

MRC

Constructing
Question what do you think of the safety of location?
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Seven ABSA subtasks

-L S Positive L l S, Positive J
___________________________________________________________

\

S: The 'drmks. are alwaySI well madeland iwine selection | is : fau ly pric ed'.

__________________________

---------------------------------------

ﬂl 0 i 32 ()_
Subtask Input Output Task Type
Aspect Term Extraction(4E) S a,, a, Extraction
Opinion Term Extraction(OE) S 0,0, Extraction
Aspect-level S+a, S : :
Sentiment Classification(ALSC) S +a, S, Classification
Aspect-oriented S+a, 0, .
Opinion Extraction(40E) S+a, 0, Extraction
Aspect Term Extraction and S (a5, (a,, ) Extraction &
S 34 . .

Sentiment Classification(4ESC) P AT Classification
Pair Extraction(Pair.) S (ag, 0)), (ay, 0,) Extraction

. . . . i Extraction &
Triplet Extraction(7riplet.) S (a,0,5) (a,,0,5) Classification

_ A Unified Generative Framework for-Aspect-based_Sentiment Analysis, accepted by ACL 2021 - .
EREH5 (EEAE) 18



ABSA as Sequence Generation

Positive
| Positive
Positive
________________

___________________________

Token: The: mne llst 1s mrucsrm;, ‘and has.\gond-.a!u(

____________________________________________

Position index: 0 1 2 3 4 5 6 7 8 0910 11 12 13 14
Subtask Target Sequence
AE 1,2, 12,12, </s>
OE 4,4,7,8, 14, 14, </s>
1,2, POS, </s>
ALSC ==
12, 12, POS, </s>
1,2,4,4,7,8, </s>
AOE ==
12,12, 14, 14, </s>
AESC 1,2, POS, 12, 12, NEG, </s>
Pair. 1,2,4,4,1,2,7,8,12, 12, 14, 14, </s>
Triplet. 1,2,4,4,POS, 1, 2,7, 8, POS, 12, 12, 14, 14, POS, </s>

_ A Unified Generative Framework for-Aspect-based_Sentiment Analysis, accepted by ACL 2021 - .
EREH5 (EEAE) 19



ESRIAEI LB

. AR . EARIIE
- HHERENR - BERVSIEEZR
. =0 o +<HB{«KE5a)RR
EvET e

. 25X
RS RERSKE]

ERERME (SEAE) 20



BRNES
R

SR

EREEME (EBEXE) 21



» IBSHIMER

P=UN: vP
 EIAME vV VP
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SHEIESNLPREEY

2019
 ERNIE
2015 2017 « ROBERTa
2013  Tree-LSTM « Transformer e XLNET
« Word2vec « LSTM+Attention « ELMO e T5
2014 2016 2018 2020
* GLOVE . Self-Attention « BERT . GPT3
* Recursive NN . GNN
 RNN(LSTM/GRU)
 CNN
« Seq2seq
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h1 h2 h3 h4 h5 h1 -~ h2 > h3 > h4 -~ h5 hl h2 h3 h4 h5
B\ St N\ S N\ SR A S /O

DD 1 1 1 1| D

I 7 s d BNl W A |

P NP A N AN

X1 X2 X3 X4 X5 X1 X2 X3 X4 X5 X1 X2 X3 X4 X5

(a) Convolutional model (b) Sequential model (c) Fully-connected graph-based model
& VAR kv2 AN
[REki: BEES
4 A\ —
RERTEMmNER

SSENE RIS

S S ;RS
ERtZME (BEEXZ)
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TG ( Attention Mechanism )

» ERINE R LA A
» HEIEE IS Ha,

on = p(z = n|X, q) (:
= softmax (s(en @) 5(xi,q) FTIOEEL =
- exp(s(xn,q)) // \
e (s 0)) AN ST
» IRIECKIT B NSRRI, fol L @ an
S
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sEE= (Self- Attention ) 73x41

The weather is nice today

The weather s nice today

— X
W, w, = softmax (SR IIIII)

The weather is nice today

The The weather nice today

B E3E)E: http://fuyw.top/NLP 02 QANet/
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http://fuyw.top/NLP_02_QANet/

QKVI=ET, (Query-Key-Value)

W'q
L —_— N
D,
Q N N
W T
D, k — softmax( Q) D,
D k
K H
X
Wy
D,
Y

ERE2ME R MB SREZ S HU T BhRtt, 2020. 55/\F& “EFEIHLHEISHMNERICIZ”
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Transformer:RJgE2

BIALLERIE

EENLPHIYTEEL

» I XA Transformerig—fpE

SWBIiNESES - 2R
» B

BiE=/ (Self-Attention)

 (NXBEFET0EAE, B8iEE
vt
BIA—
B
IZHIFNN

EiR(E

A A
(,( Add & Normalize ) \
( Feed Forward ) ( Feed Forward )
......... ¢ SRR
200 z
A A
w| ,» LayerNorm( + )
[
a A A
(]
( Self-Attention )
A A
... X COLO L ___Xe LLIT]
POSITIONAL é é
ENCODING
x1 2 x I
Thinking Machines

B E3E&: http://jalammar.dithub.io/illustrated-transformer/
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Transformer

Input

I
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TransformerseE&zt

( Softmax )

7 )
( Linear )
= ., ¥
& T DECODER #2
o $ 3
AR 3 3 N :*( Add & Normalize )
' " ) 3
Q_ _(_ ______ y S-e- _Tt_t?l:t_"irz A ) g ( Feed Forward ) ( Feed Forward )
: ! ] IR S L L Lk 1
(-»( Add & Normalize ) a) :*( Add & Normalize )
— : . 1 + ’
z E ( Feed Forward ) ( Feed Forward ) E’( Encoder-Decoder Attention )
L L3
O *veceanaa- f--ccccccaccccanana- &4 | ez | St ?
g ‘-p( Add & Normalize ) ,0( Add & Normalize )
=l I 1 : T f
E ( Self-Attention ) ' ( Self-Attention )

& ........ e A Ry ————
o @ @

Thinking Machines
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Star-Transformer

» Transformer
» EIER
S3E: 0(L%d)
y iy e s =
» IS
» Star-Transformer
» BHE: 0(2Ld)
» 5| NEERASCEE

AFEPosition Embedding
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Star-Transformer

Layer Input

Update Satellite

Y

Q)

Update Relay

-

N

Q)

Layer Output

e

N

EBEEH5 (EEXE)



ZREY

T/l

EREEME (EBEXE) 36



YIIZRRELZ Fi

y IREFEIEBRESIEFR "FiE

« BRIHSR, BEHN1L-2EBILSTM + Attention
What o PRASEEMFIERISN
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Why . FRERINARS
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» T4 FS]
- ZESFS

EReH5 (EBEXE) 37



R imMEFIRES

)| |2
SEEEIRA) e

EREEME (EBEXE) 38



257

ot AT

» IBAIES3~ (universal language representations)
» SRIG— P FRIYIRL
» )l Zx e LABAF—FPIER{C A
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Contextual / \
Embeddings h, h h; hy h; hg h7

BI04 REL

[ Contextual Encoder ]

S S S S S

1 exz e:};‘3 e$4 e:]:5 e:}ca e337 L %_1‘%¥)ﬁﬁllgﬁ:\¢§ﬂ

Non-contextual [e

Embeddings \
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HEZ-FABIRN
FNEE LSTM>—> LSTM>—> e — LSTM>—' LSTM
T T 7 T L,
e LSTM>—’ LSTM>—> e — LSTM>~ LSTM
AR LSTM>—> LSTM>—> — LSTM>—' LSTM
S MISHTERER \mes

ZNMESH, HPF—MESTHLURENESERE, HETHEEFIsBRRRIIFIIL

Pengfei Liu, Xipeng Qiu, Xuanjing Huang, Recurrent Neural Network for Text Classification with Multi-Task Learning, IJCAI 2016,
https://arxiv.org/abs/1605.05101

EREEME (EBEXE) 41


https://arxiv.org/abs/1605.05101

Pre-training of the shared layer with neural language
model For model-III, the shared layer can be initialized
by an unsupervised pre-training phase. Here, for the shared
LSTM layer in Model-III, we initialize it by a language model
[Bengio et al., 20071, which is trained on all the four task

. dataset.
y(?rl)

) [
"~ %')". oo ey Model SST-1 | SST-2 | SUBJ | IMDB | AvgA
_: hzn > hsﬂ - : h™ OTEE '!}(”J - :
: ! : L Single Task 45.9 85.8 91.6 88.5 -
f t t Joint Learning | 47.1 | 87.0 | 925 | 90.7 | +1.4
T T3 T + LM 47.9 86.8 93.6 91.0 +1.9
+ Fine Tuning | 49.6 87.9 94.1 91.3 +2.8

Pengfei Liu, Xipeng Qiu, Xuanjing Huang, Recurrent Neural Network for Text Classification with Multi-Task Learning, IJCAI 2016,
https://arxiv.org/abs/1605.05101
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https://arxiv.org/abs/1605.05101

> CU’)
The infantile cart is easy to use. //I_ | \\ |
a e s | oy
F 3 F 3 r 3 r 3 F 3 q(k)

+I A A L FrEESEEaR—RnERRR

Renjie Zheng, Junkun Chen, Xipeng Qiu, Same Representation, Different Attentions: Shareable Sentence Representation Learning from
Multiple Tasks, IJCAI 2018, hitps://arxiv.org/abs/1804.08139
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» BAEINTEIEN R SIS
» H2sH

%

N =

(= = v Eg%ﬂ
» HBsSEIEAR
a) | b) Task-specific Model
Translation |
| A A
f : | |
Encoder —» Decoder ; Encoder Encoder
A A
T | | |
Word | Word Word
Vectors | Vectors Vectors

Context Vectors (CoVe)

McCann B, Bradbury J, Xiong C, et al. Learned in translation: Contextualized word vectors[C]//Advances in Neural Information
Processing Systems. 2017.
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FINESIRE
» EPNESTER — —MITAIATRE AR

| TEIRBERA MR %
 BRCUBTEMEIRE &
) BN ATEVEIRE m

» AFIISIEMET U BEREE
» P(xq, %2, Xn)
» =1 P(xglxioq, -0 %1)
» = [ P(xlx-1,+ Xi—nt1) = g(hy)
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S = Where are we going

Previous words Word being
(Context) predicted

P(S) = P(Where) x P(are | Where) x P(we | Where are) x P(going | Where are we)

EREEME (EBEXE) 50



AllenNLP ELMo: Embeddings from Language Models

cat is happy EOS
— — — 2, happy
v' Embedding size: 512 ~at ,~ef el . ~ol |
v 2048 character n-gram convolutional filters i :’ i . >
v BILSTM layers: 2 T T T
v BIiLSTM hidden states : 4096 '.‘ . - \~
v Residual Connection
-t - - . X
7 BNIZRRIFIE SEREM R FIE S RE Tae = 5 happy

task task task task
ELJ\JO,;I'S = Yk (Soas - T + Slas . hl,k: -+ 820’5 . hgjk)

Peters M E, Neumann M, lyyer M, et al. Deep contextualized word representations. arXiv preprint arXiv:1802.05365, 2018.
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OpenAl GPT: Generative Pre-Training

Pr;;ﬁmn CI:::kiﬁer Classification | Start [ Text | Extract H——{ Transformer |—-| Linear |
‘/ BPE tOkenS 7,000 ,mTNOT‘ Entailment | Start ‘ Premise | Delim | Hypothesis | Extract ‘—-I Transformer |—-| Linear |
v Embedding size: 512 R T T e T T T T e T T T Ce T
v’ Transformer layers: 12 [Fees o] LiLh [ et [Tvests ] oeler [ Tivetz 7] oot | - >
v Atten’“on heads 12 i | Start | Text 2 | Delim | Text 1 |Extract |—-| Transformer
. . Layer Norm I
v Attention hidden states: 768 | 3 | SRR AR X
‘/ FFN h|dden States : 3072 | g‘;;ém | | Start | Context | Delim | Answer 1 | Extract |:—~| Transformer |——| Linear
1 Multiple Choice | Start I Context | Delim | Answer 2 | Extract |_.+ T |..| i
Text & Position Embed | Start I Context I Delim l Answer N | Extract l_-—| Transformer |——| Linear

Ll(U) :ZlogP(uﬂui_k,...,ui_l;@) h():UWe‘|‘Wp
i h; = transformer_block(h;_1)Vi € [1,n]

U = (u_k, .. .,u_1) P(u) = softmaX(hnt)

Radford A, Narasimhan K, Salimans T, et al. Improving language understanding by generative pre-training. 2018.
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GPT-3: Language Models are Few-Shot Learners

https://arxiv.org/abs/2005.14165

The three settings we explore for in-context learnin ; 5 ;
g P 9 Quantity Weight in Epochs elapsed when
S Dataset (tokens)  training mix training for 300B tokens
The model predicts the answer given only a natural language Common Crawl (ﬁltered) 410 billion 60% 0.44
description of the task. No gradient updates are performed. WebText2 19 billion 22% 29
Booksl 12 billion 8% 1.9
Translate English to French: task description Books2 55 billion 8% 0.43
S . Wikipedia 3 billion 3% 3.4
One-shot

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

Translate English to French: task description
Zero-shot One-shot Few-shot
sea otter => loutre de mer example e N
cheese => prompt 175B Params
Natural Language
60 Prompt
50 \
< 40
Few-shot g N
]
8 30 No Prompt
< 13B Params

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

Translate English to French: task description 1.3B Params

sea otter => loutre de mer examples
peppermint => menthe poivrée

plush girafe => girafe peluche

f cheese => prompt 53
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» YIIZREE B TTim E 2UE B e

\ BAENTSE ARSI
» Language Modeling (LM) ? (179}:":‘1%21}%]
» Masked Language Modeling (MLM) \
» Permuted Language Modeling (PLM) Bix: FILAEFHIRNZACAIR

» Denoising Autoencoder (DAE)

» Contrastive Learning (CTL)

Deep InfoMax (DIM)

Replaced Token Detection (RTD)
Next Sentence Prediction (NSP)

Sentence Order Prediction (SOP)
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Masked Language Modeling (MLM)

Embedding ry ry ry
to vocab + T
softmax
[ Classification Layer: Fully-connected layer + GELU + Norm J
r & ry

[01][931[9?][931[051

Transformer encoder

Embedding T T T i T
Lw ] [Cwe J [Lwe ] (s ] [ ws |
| | T T

w1 w2 w3 w4 W5

Devlin J, Chang M W, Lee K, et al. Bert: Pre-training of deep bidirectional transformers for language understanding. arXiv preprint
arXiv:1810.04805, 2018.
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Permutation Language Modeling

mem® mem®

=T B BN BT -

Factorization order: 3 222> 4 2> 1 Factorization order: 2 > 4 2> 3 > 1

Factorization order: 1 2> 4 > 2 2 3 Factorization order: 4 2> 3 > 1 > 2

Yang Z, Dai Z, Yang Y, et al. XInet: Generalized autoregressive pretraining for language understanding. Advances in neural information
processing systems. 2019.
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Seqg2Seg Masked Language Modeling

Original text

Thank you fef inviting me to your party last week.

Inputs /

Thank you <x> me to your party <v> week.

Targets
<X> for inviting <Y> last <z>

Objective Inputs Targets

Prefix language modeling Thank you for inviting me to your party last week .

BERT-style Thank you <M> <M> me to your party apple week . (original text)

Deshuffling party me for your to . last fun you inviting week Thank (original text)

[.i.d. noise, mask tokens Thank you <M> <M> me to your party <M> week . (original text)

L.i.d. noise, replace spans Thank you <X> me to your party <Y> week . <X> for inviting <Y> last <Z>

L.i.d. noise, drop tokens Thank you me to your party week . for inviting last

Random spans Thank you <X> to <Y> week . <X> for inviting me <Y> your party last <Z>

Text-to-Text Transfer Transformer (T5)

Raffel C, Shazeer N, Roberts A, et al. Exploring the limits of transfer learning with a unified text-to-text transformer, 2019.
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https://arxiv.org/abs/1910.10683

Seqg2Seg Masked Language Modeling

"translate English to German: That is good."

[ “cola sentence: The "Das ist gut."

course is jumping well."

"not acceptable”

"stsb sentencel: The rhino grazed
on the grass. sentence2: A rhino
is grazing in a field."

*3.8"

"summarize: state authorities
dispatched emergency crews tuesday to
survey the damage after an onslaught

of severe weather in mississippi..”

"six people hospitalized after
a storm in attala county."

Text-to-Text Transfer Transformer (T5)

Raffel C, Shazeer N, Roberts A, et al. Exploring the limits of transfer learning with a unified text-to-text transformer, 2019.
https://arxiv.org/abs/1910.10683

EREEME (EBEXE) 58


https://arxiv.org/abs/1910.10683

Denoising Autoencoder (DAE)

(AC._E.) (DE.ABC.) (C.DE.AB)

Token Masking  Sentence Permutation Document Rotation

>
(A.c.e. )y (aBc.DE.) <O (A_.D_E.)

Token Deletion Text Infilling

BART: Bidirectional and Auto-Regressive Transformers

ABCDE
label REEY!
* Pre-trained |:> Pre-trained
Pre-trained I:> Pre-trained - Encoder %’
< Encoder > Decoder . Randormly <s>A B CD
f * f * * f f ’ f * Initialized Encoder
ABCDE <s>SABCDE RS

Lewis M, Liu Y, Goyal N, et al. Bart: Denoising sequence-to-sequence pre-training for natural language generation, translation, and
comprehension. arXiv preprint arXiv:1910.13461, 2019.
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Next Sentence Prediction (NSP)

4 4 N /S N N - N N v 4 ™N
Input [CLS] W my || dog is ( cute ] [SEP] he ( likes M play W ##ing W [SEP]
Token
Embeddings E[CLS] Emy Edog Eis Ecute E[SEP] Ehe EIikes Eplay E##ing E[SEP]
-+ + L o L . -+ <+ L o -+ <+ <+
Segment
Embeddings EA EA EA EA EA EA EB EB EB EB EB
+ + e + L -+ -+ -+ + -+ -+
Position
Embeddings EO El E2 E3 E4 ES E6 E7 ES E9 E10

Devlin J, Chang M W, Lee K, et al. Bert: Pre-training of deep bidirectional transformers for language understanding. arXiv preprint
arXiv:1810.04805, 2018.
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SpanBERT

» FE—SEE AR EIE
» KFRNSPFI)IIZRE R

E(football) = EMLM(X7) + £SBO (x47 X9, p7)

an American football game

N SR S

X1 X2 X3 X4 X5 X6 X7 X8 X9 X10 X11 X12
Transformer Encoder
Position
Embeddings | P1 P2 P3 P4 P5 Ps pP7 Psg P9 P1o P11 P12
+ + + + + T + + + + + +
Tok : -
E?nlzgddings Super | | Bowl 50 was [MASK]| ([MASK]| |[MASK]| |[MASK] to | |determine|| the champion

Joshi M, Chen D, Liu Y, et al. Spanbert: Improving pre-training by representing and predicting spans. Transactions of the Association for

Computational Linguistics, 2020.
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StructBERT

Next Sent Prediction Prev. Sent Prediction
Class label =1 Class label =2
1t *
Transformer Encoder Transformer Encoder |
[as] [ [see] [ [e¢] [cus] (5] [ser] [51] [ser]
Actual Tokens ty t, ty ty te \ /l
e | » 5
g |[ng [ g [[ng | [ ng |[ e [[hg | - [ A |
1
|. Transformer Encoder 1 3
” i ‘ [cLs | [ sy | [SEP] [Syand [ SEP |
bmbedaimg | Po | [P ][22 |[ps | [pa |[ps |[ 2 | [oa | corpee 1 -
Token * + + + + + + + ~ Transformer Encoder |
Sequence | fo | MK [ &5 | [t | [t | [t | |maskcr] - |ty | M
v Class label =0
Pre-shuffled Trigram Random Sent Prediction
(a) Word Structural Objective (b) Sentence Structural Objective

StructBERT: Incorporating Language Structures into Pre-training for Deep Language Understanding, hitps://arxiv.org/abs/1908.04577
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Replaced Token Detection (RTD)

sample
the — [MASK] —>» -->» the —>» —> original
chef — chef —> chef —> —> original
Generator Discriminator
cooked —> [MASK] —>1 (typically a f-> ate —> (ELECTRA) —> replaced
the —» the —»| small MLM) the —> > original
meal —» meal —> meal —> —> original

Clark K, Luong M T, Le Q V, et al. Electra: Pre-training text encoders as discriminators rather than generators. arXiv preprint
arXiv:2003.10555, 2020.
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Deep InfoMax (DIM)

M x M features M x M Scores
“Reall’
Input image MxM Feature
o WL feature map vector il Local teatune: (4}
s T = 7 o
[ I | m D 4P > \
] T e Y S ‘\AK\ / 4
= _k |~ \\\}\\Y Global feature
B = i v “ ”
b ER Tl ‘ \ s
.............. »
= i Local feature (-) M
M
M x M features drawn from another image

Hjelm R D, Fedorov A, Lavoie-Marchildon S, et al. Learning deep representations by mutual information estimation and maximization.
arXiv preprint arXiv:1808.06670, 2018.
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Deep InfoMax (DIM)

INFOWORD

Tod = Ep(a, s i) |9 (Bij)  go(@iy) —10g Y exp(gu(@i) | guo(Zi5))
:f:-,;:jeg

x ={xr1,r2,...,x7}

Zi:; amasked sequence masked at position i to j

Kong L, d’Autume C M, Ling W, et al. A Mutual Information Maximization Perspective of Language Representation Learning. ICLR 2019.
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Task Loss Function Description
T
LM Liy=- Z log p(xi[x<) Xat = X1, 42,00 5 Xy
=1
MLM Ly =~ Z log p(ﬁlx\m(x)) m(X) and X,,x) denote the masked words from X and the rest
fem(x) words respectively.
J
Seq2Seq MLM Losviv = - Z log p(xflx\xi:j, xm_l) X;:j denotes an masked n-gram span from i to jin x.
—
T ]
PLM Loy = - Z log p(z|z<;) z = perm(X) 1s a permutation of x with random order.
=1
T
DAE Lpag = - Z log p(x,|%, x<) X is randomly perturbed text from x.
t=1
DIM Lo = 5(X;:j, Xi;j) — log Z s(Xi, Xi:j) X;:j denotes an n-gram span from i to j in X, X;;; denotes a
Xi. jEN sentence masked at position i to j, and X;; denotes a randomly-
sampled negative n-gram from corpus.
NSP/SOP Lxspsop = —log p(tlx,y) t = 1if x and y are continuous segments from corpus.
T
RTD Lrmp = - Z log p(v[X) v = 1(X; = x;), X is corrupted from x.
=1

X = [x1, X2, , xr] denotes a sequence.
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CBOW, Skip-Gram [11] ]

—[Non—CQntextual

Contextual? GloVe
{cOmextual —{ ELMo [14], GPT {i5], BERT ]
—(LsT™ —{ LM-LSTM [34], Shared LSTM(5], ELMo [14], CoVe )

—( Transformer Enc.  }—{ BERT [16], SpanBERT [42], XLNet [48], RoBERTa )

Architectures |—
—(Transformer Dec. )—(GPT [15], GPT-2 }

—( Transformer

MASS [40], BART
XNLG [58], mBART

—(Supervised CoVe

ELMo [14], GPT [i5], GPT-2 {57], UniLM j

BERT [16], SpanBERT [42], RoBERTa [42], XLM-R )

XLM
Unsupervised/ Seq2Seq MLM
Self-Supervised PLM XLNet

DAE BART

CBOW-NS [11], ELECTRA j

Task Types  H

MASS [40], T5 j

BERT [16], UniLM J

ALBERT [61], StructBERT j
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PTMs Architecture® [nput Pre-Training Task Corpus Params GLUE*! FT?%
ELMo [14] LSTM Text BiLM WikiText-103 No
GPT [15] Transformer Dec.  Text LM BookCorpus 117M 72.8 Yes
GPT-2 [57] Transformer Dec.  Text LM WebText 117M ~ 1542M No
BERT [16] Transformer Enc.  Text MLM & NSP WikiEn+BookCorpus 110M ~ 340M 81.9"  Yes
InfoWord [54] Transformer Enc.  Text DIM+MLM WikiEn+BookCorpus =BERT 81.1"  Yes
RoBERTza [42] Transformer Enc.  Text MLM BookCorpus+CC- 355M 88.5 Yes
News+OpenWebText+ STORIES
XLNet [48] Two-Stream Text PLM WikiEn+ BookCorpus+Giga5 ~BERT 90.5%  Yes
Transformer Enc. +ClueWeb+Common Crawl
ELECTRA [55] Transformer Enc.  Text RTD+MLM same to XL Net 335M 88.6 Yes
UnilLM [43] Transformer Enc.  Text MLM#% NSP WikiEn+BookCorpus 340M 80.8 Yes
MASS [40] Transformer Text Seq2Seq MLM *Task-dependent Yes
BART [49] Transformer Text DAE same to RoBERTa 110% of BERT 88.4*  Yes
TS5 [41] Transformer Text Seq2Seq MLM Colossal Clean Crawled Corpus (C4) 220M ~ 11B 89.7*  Yes
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Knowledge-Enriched PTMs

Multilingual and Language-Specific PTMs

Multi-Modal PTMs

Domain-Specific and Task-Specific PTMs

Model Compression
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What type of knowledge brings the improvements?
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Language Models Need Knowledge

» PLMs perform poorly on entity recognition

» Contextualized PLMs achieved small improvements on entity & semantic
related tasks compared with non-contextualized methods. (Tenney et al.)

» BPE tokenization breaks entities

The native language of Jean Mara ##is is French.

» Surface form-based reasoning

original E-BERT- E-BERT- ERNIE Know-

BERT replace concat Bert
Jean Marais ! French A French French french french
Daniel Ceccaldi Italian French French french italian
Orane Demazis Albanian French French french french
Sylvia Lopez Spanish French Spanish  spanish  spanish

Annick Alane English F renc nglis 18 . .
‘g'—‘* BER eoh Ao 7 [ Ceccaldi (as an entity) at all. It
just think Daniel Ceccaldi looks like an Italian name.

E-BERT: Efficient-Yet-Effective Entity Embeddings for BERT. hitps://arxiv.oro/abs/1911.03681
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Injecting Knowledge into Pre-

» Injecting entity embeddings
» ERNIE, KnowBERT, K-BERT

» The entity embeddings are NOT

Jointly learned along with PLM
Contextualized

» Knowledge as supervision
» WKLM

EBEEH5 (EEXE)

raining

-
i n
e fcalcy
i
Aggregat
K-Encoder Mx [ Information Fusion ]
0| G -
(€D
] ! ' ' —
DO®E - @
s ] [y weet]
[ Multi-Head Attention J [ Multi-Head Al n J
T-Encoder Nx 1 f 1 i f 1 1
wrote blow 1962 Bob Dylan Blowin’ in the Wind

Bob Dylan wrote Blowin’in the Wind in 1962

(a) Model Achitecture (b) Aggregator

ERNIE: Enhanced Language Representation with Informative Entities
https://arxiv.org/abs/1905.07129

=

(]

Prince_(musician)
Prince_Motor_Company
Prince,_West_Virginia

Purple_Rain_(album)
Purple_Rain_(film)
Purple_Rain_(song)

=

Rain_(entertainer)
Rain_(Beatles_song)
Rain_(1932_film)

S

Prince Rain

s 3 se

Knowledge Enhanced Contextual Word Representations
https://arxiv.org/abs/1909.04164



https://arxiv.org/abs/1905.07129
https://arxiv.org/abs/1909.04164

Representation in Language and Knowledge

Combine the success of both sides -- CoLAKE

A
GPT-3 CoKE, PathCon CoLAKE
T BERT, XLNet RotatE ERNIE, KnowBERT
2019 ——
ELMo, GPT ConvE \
CoVe Semi-contextualized
2017 ——
ComplEx Wikipedia2vec
DistMult
2015 ——
GloVe JointEmb
word2vec TransE
2013
C it

RRSEHS (S EA) &



1>

CoLAKE: Filuy/l " BRE L TERTR

» Why?
» Different facts should be accessed to help understand different sentences.
» What?

» Word-knowledge graph is a unified data structure to integrate language
context and knowledge context

{ Knowledge context : : .
i ; vec(Harry_Potter) ! O Wordinode . Entity node
H : __ Semi-contextua lized i
@ : Joint Models : . Relation node ' Anchor node
: (ERNIE, KnowBERT) |
! i Li
H Potter
! : enemy of
oth
arry
ter
Lord
ldemor

(b)

Tianxiang Sun, Yunfan Shao, Xipeng Qiu, Qipeng Guo, Yaru Hu, Xuanjing Huang, Zheng Zhang, CoLAKE: Contextualized Language
and Knowledge Embedding, COLING 2020, hitps://arxiv.org/abs/2010.00309
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Word-knowledge Graph

Wl‘KIF‘I'.,DIﬁ ,”- 0 pﬂirtr; \\\ Word Gl'aph
........... it ottar b N |
Harry Potter points his ! + (with mention

wand at Lord Voldemort. A ! Lora \J 1words replaced)

. —> voldemort 1
spell is released ... | 1
ML Z : 2)
! 1
: 1
1
Harry Potter |II |I I : 5 3 !
Lord Voldemort \ 4 K
WIKIDATA N e m e ————— ‘ Concat
R .— """""""" f-'-'-'-‘. """ N
[ . «<— Triplet — '
| : Knowledge
| Harry Subgraphs

IPotter
I

O Word node

____________________________________

RRSEHS (S EA) "



Model Architecture

» Modify Transformer for word-knowledge graph

Word-knowledge graph is a

positional heterogeneous graph.

!

Position
Embedding

A 4

Type
Embedding

\ 4

Masked
Self-Attention

EBEEH5 (EEXE)

wand Lily Potter enemy of
I I t

MLP MLP MLP

Output Er(asl Wrﬁ,’:@rmmwr his Wﬁmsxnr at Wﬁoﬁ‘:ﬁhr[sm 1 | MASK] ” “ ”G,m”y l![msx]|
i “\\\\,V\“?»ﬁ, \\\\_,,/ :
Transformer Masked Multi-Head Self-Attention & FFN (x N)
Encoder
ZZg 7

rmr:ﬁrmr : wrmsar a wmrlseﬂrmrmnrmmM:

22 e ) B [IE& T T T 1]
Embeddlngs m pomts][ his [MASK] at | Mother E

,+++++ + + +

%Wwwwwwwwwwwwww

A T ST T T I R T S S T S T

Position

Embeddings | - 2 || 3 a || 5 || 6 7 2 3 2 3 2

Word Graph (with mention words replaced) Knowledge Graph



Pre-Training Objective

» Masked Language Model (MLM) on word-knowledge graph
» Masking word nodes

Learn linguistic knowledge
» Masking entity nodes

Anchor nodes masked — Learn to align the two spaces
Entity nodes masked — Learn contextualized entity embeddings

» Masking relation nodes

Relation between anchor nodes — Learn to do relation extraction
Otherwise — Learn contextualized relation embeddings

EBEEH5 (EEXE) 79



Some Detalls

» Mixed CPU-GPU training

Indexed entity

embeddings
asynchronously (- N o222 [ GPU #1 Training Process
update
CPU «-227 | GPU #2 Training Process
Entity Embeddings «—---Y | GPU #3 Training Process
X ) 22227 | GPU #4 Training Process
gradients

» Negative sampling

» Sample negative entities from the 3/4 powered entity distribution.
» Alignment of the two spaces

» Discard neighbors of anchor nodes in 50% of time.

» Replace mention words with anchor nodes.
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Contextualized Representation

: Language Knowledge

Joint Models Objective  Contextualized?  Objective = Contextualized?
N textual Wang et al. (2014) Skip-Gram X TransE X
on-contextua Yamada et al. (2016) Skip-Gram X Skip-Gram X
ERNIE (Zhang et al., 2019) MLM v TransE™ X
Semi-contextualized = KnowBERT (Peters et al., 2019) MLM v - X
KEPLER (Wang et al., 2019¢) MLM v TransE X
Contextualized CoLAKE (Ours) MLM v MLM v
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Experiments

» Knowledge-driven tasks
» Entity typing
» Relation extraction
» Knowledge probing tasks
» LAMA
» LAMA-UHN
» Language understanding tasks
» GLUE
» Synthetic graph task
» Word-knowledge graph completion
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Experiments

» Knowledge-driven tasks

Open Entity FewRel
Model P R F P R F
BERT (Devlin et al., 2019) 76.4 71.0 73.6 | 85.0 85.1 849
RoBERTa (Liu et al., 2019) 774 73.6 754 | 854 854 853
ERNIE (Zhang et al., 2019) 784 729 756 | 885 8384 883
KnowBERT (Peters et al., 2019) | 78.6 73.7 76.1 - - -
KEPLER (Wang et al., 2019¢) 77.8 74.6 76.2 - - -
E-BERT (Porner et al., 2019) - E - 88.6 88.5 88.5
CoLAKE (Ours) | 770 7577 76.4 | 90.6 90.6 90.5

» Knowledge probing tasks

Pre-trained Models

Corpus ELMo ELMo05.5B BERT RoBERTa CoLAKE K-Adapter®
LAMA-Google-RE 2.2 3.1 11.4 5.3 9.5 7.0
LAMA-UHN-Google-RE 2.3 2.7 5.7 2.2 4.9 3.7
LAMA-T-REx 0.2 0.3 32.5 24.7 28.8 29.1
LAMA-UHN-T-REx 0.2 0.2 23.3 17.0 20.4 23.0
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Experiments

» Language understanding tasks

Model MNLI (m/mm) QQP QNLI SST-2 CoLA STS-B MRPC RTE | AVG.

RoBERTa 87.5/87.3 919 928 94.8 63.6 91.2 90.2 78.7 | 86.4
KEPLER 87.21/86.5 915 924 94.4 62.3 89.4 89.3 70.8 | 84.9
CoLAKE 87.4/87.2 920 924 94.6 63.4 90.8 90.9 779 | 86.3

» Synthetic graph task
» Word-knowledge graph completion

EREEHE (EBEXE) 84



Experiments

» Results on word-knowledge graph completion

» COLAKE is essentially a pre-trained inductive GNN which simultaneously models
structural knowledge and text semantics.

Model MR | MRR HITS@]l HITS@3 HITS@I10
Transductive setting
TransE (Bordes et al., 2013) 1597  67.30 60.28 70.96 79.75
DistMult (Yang et al., 2015) 27.09  60.56 48.66 69.69 79.61
ComplEx (Trouillon et al., 2016)  26.73  61.09 49.80 70.64 79.78
RotatE (Sun et al., 2019) 3036  70.90 64.74 74.89 81.05
CoLAKE 2.03 82.48 72.14 92.19 98.58
Inductive setting
DKRL (Xie et al., 2016) 168.21  8.18 5.03 7.28 14.13
CoLAKE 31.01  28.10 15.69 30.28 58.05
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Multilingual and Language-Specific PTMs

» Cross-Lingual Language Understanding (XLU)

A A 4 p
| Transformer |
2 A A 4 4 A A A A 4 4 A
ombocaings |18 | [masq| | a | [seat| [masq| [nave| | a | [wasq| | bs) | [mASK| |[relax| | and |
+ + + + + + + + + +
embosaings L0 | L] L2 (s (o] s [e] [z [&] (o] [o] [n]
+ + + = + + + + + + +
bonimgs Len | [en | [en | [en | [en | [len | [en | [en | [en | [en | [en | [een |
Modeling (TLW)~"
A A A A
| Transformer |
% A ‘s A 1T 8 i A 1 T i T
Z:’T:‘S: - | vsl | | the | I[MASK]I i[MASK]l | bluel | vst | | val | |[MASK]| lrideaux| Iétaientl maskt| | ps |
+ +
hasio |°||1|12]|3||4||5||°||1||2||3||4||5|
+ +
e R |°"| |°"| |°"| |°"| |°"| |°"| |f'| |ff| |"| |f'| Lo | e |

XLM — Enhancing BERT for Cross-lingual Language Model
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Multilingual and Language-Specific PTMs

, i 1
Encoder ——-[ Attention | >[ Decoder
It T T T T F T r 1 1t 1T T T 1
%] G (] ) ) (8] B Bs 0N NN .

MASS: Masked Sequence to Sequence Pre-training for Language Generation
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Multilingual and Language-Specific PTMs

[ encoder pecoder ]
660 63 60 00 63 G2 62 DooLLOOD

(a) Masked language modeling in BERT (£ = 1)

)06 )6 0626 ) )
r 1T T T 7T T T 1
Encoder Decoder

DooLLOLD S TACA EA CATA LA €8

(b) Standard language modeling (kK = m)
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VL-BERT

Masked Language Modeling  Masked Rol Classification _[ Fully Connected W

with Visual Clues with Linguistic Clues ¥
. B Appearance
bottle [Cat] Feature
4 4 Geometry
[ Visual-Linguistic BERT ] Embedding
t t ) (N, S M | £ .
woken  [“1ci6) | kitten || arink || from || mask || isep1 || ima) || ima) || enpy | | | Fastien) RONN
Embedding ; . - T + : + : : Regions of
Visual Feature & F w i -~ - 7 ey Interest
Embedding | 11 = 11 11 2 : 4 |- / M i L

Segment E —~ = 5 r + + + K
Embedding | A A A ALl A A c c c *l
Sequence + + + + + + + + + r )6__
Position 1 2 3 4 l 5 6 ri 7 8
Embedding - —— — — 3
Caption Image Regions Image

Su W, Zhu X, Cao Y, et al. VL-BERT: Pre-training of generic visual-linguistic representations. 2019. hitps://arxiv.org/abs/1908.08530
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VideoBERT

RS AFISIRIAE/IBERTHYAIN . [RIRTMaskiallL AN Elf&RIR

(£3) ) () ) (o) (o) o) o) O )

T1 10 1" 12 13 T14
NS

e VideoBERT e

lEsz ra || o || WII £, || o || £ || Eu ||E<.>||E,Mm||e<.>||e<.>||em|

i = Season the steak with | | Carefully place the steak || Flip the steak to the
salt and pepper. to the pan. other side.

Now let it rest and enjoy
elicious steak.

i i Cut the cabbage into Put cabbage in the wok || Add soy s: and ... Put on a plate the dish is
pieces. d stir fry. then keep snr frymg now ready to be served.

lllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllll
------

< 2
lllllllllllllllllllllllll

--------------------------

llllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllll

Sun C, Myers A, Vondrick C, et al. VideoBERT: A joint model for video and language representation learning. Proceedings of the IEEE
International Conference on Computer Vision. 2019.
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OpenAl DALL-E

\37"
B ‘JQJ

SRERY
a1
o L) ¢ (‘(_//’f'm'n U{ ‘>;

6.

(a) a tapir made of accordion. (b) an illustration of a baby (c) a neon sign that reads (d) the exact same cat on the
a tapir with the texture of an hedgehog 1in a christmas “backprop”. a neon sign that top as a sketch on the bottom
accordion. sweater walking a dog reads “backprop”. backprop

neon sign

Zero-Shot Text-to-Image Generation
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OpenAl CLIP

1. Contrastive pre-training

pepper the Text
aussie pup Encoder 1 l L l

T T T3 Tn
— Il I, T, I,-Tz I' T3 I, TN
— I I Ty Iyl 1Ty I, Ty
Image
Encadar - I3 IzTy 1Ty Izl I3 Ty
— Iy IyT IyTy IyTy 0 Iydy

Zero-Shot Text-to-Image Generation
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» Model pruning
» removes less important parameters
» Weight Quantization
» uses fewer bits to represent the parameters
» Parameter sharing
» Knowledge distillation

» trains a smaller student model that learns from intermediate outputs from the
original model

» Module replacing

EREEME (EBEXE) 95



TinyBERT

Transformer Layer: C)
Embedding Layer: D
Prediction Layer:
Layer Number: N > M
Hidden Size: d > d’

Teacher (BERT)
1 Student (TinyBERT)
. . ’ i
N ; Transformer

(:)E M

Distillation

Td

& Text Input

Transformer-layer Distillation

’ Attngygg | !
] i ) o \

N ] i \
! Attention Matrices
! (Rheadtl 'l)

]

1

Attention Matrices

head=*l+l 3
(R ) ]
\

Hidn,
: \ "
‘\

Hidden States !
(R"?) 7

\ Hidden States
% (R"%

™

Teacher Layer Student Layer

Xiaogi Jiao, Yichun Yin, Lifeng Shang, Xin Jiang, Xiao Chen, Linlin Li, Fang Wang, Qun Liu, TinyBERT: Distilling BERT for Natural

Language Understanding, https://arxiv.org/abs/1909.10351
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Method Type #Layer Loss Function® Speed Up Params Source PTM  GLUE?
BERTpAsE Rageline 12 Lyvim + Lnsp 110M 79.6
BERT arce [16] 24 Lvim + Lnsp 340M 81.9
Q-BERT o 12 HAWQ + GWQ - BERTgAsE ~ 99% BERT®
Quantization

QS8BERT [90] 12 DQ + QAT - BERTgAsE ~ 99% BERT
ALBERT?® Param. Sharing 12 Lvim + Lsop x5.6 ~ 0.3 12 ~ 235M 89.4 (ensemble)
DistilBERT 6 Lxp.ce+Cosgp+ Lvmim x1.63 66M BERTgAsE 77.0 (dev)
TinyBERTY? 4 MSE:mbed +MSE in + MSEqign + Lxp-cE x9.4 14.5M BERTgAsE 76.5
BERT-PKD [147] 3~6 Lxpce+PTkp+ Lrask x3.73 ~ 1.64 457~ 67 M BERTgAsE 76.0 ~ 80.6¢
PD Distillation 6 Lxpce+Lrask+ Lvim x2.0 67.5M BERTgAsE 81.2%
MobileBERT149] 24 FMT+AT+PKT+ Lkp-ce+LMmLm x4.0 25.3M BERTsrge  79.7
MiniLM [93] 6 AT+AR x1.99 66M BERTgAsE 81.0°
DualTrain® T150] 12 Dual Projection+Lyim - 1.8 ~ 19.2M BERTgAsE 75.8 ~ 81.9¢
BERT-of-Theseus Module Replacing 6 LTask x1.94 66M BERTgAsE 78.6
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- ERNIE(THU) [62], KnowBERT [63], K-BERT
‘[ Knowledge-Enriched .
SentiLR [65], KEPLER [66], WKLM
XLU mBERT [16], Unicoder [67], XLM [45], XLM-R [60], MultiFit J
L . —(Mu]tilingual
eal‘nlng XLG MASS [40], mBART [59], XNLG J
Ta.S kS _(L Specifi ERNIE(Baidu) [69], BERT-wwm-Chinese [70], NEZHA [71], ZEN
anguage- ECINC
guage-sp ) BERTje [73], CamemBERT [74], FlauBERT [75], RobBERT

VIiLBERT [77], LXMERT (78],
VisualBERT [79], B2T2 [80], VL-BERT

Extensions I—

— Multi-Modal VideoBERT [82], CBT )

Architectu Data
res Typ es — Domain-Specific | SentiLR [65, BioBERT [85], SCiBERT [86], PatentBERT )

CompressingBERT )

Q-BERT (89], Q8BERT )

—(Model Compression )—

DistiIBERT [91], TinyBERT [92], MiniLM j
— Module Replacing—{ BERT-of-Theseus )
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Transfer Learning

Knowledge
Transfer
[ Source Model ] I > [ Target Model ]

Source Dataset Target Dataset

sequential transfer learning
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» ZESHET, BREESEENE
» Fine-tuning with extra adaptation modules

Output

A

METHOD PARAMS MNLI-(M/MM) QQP QNLI SST-2 CoLA STS-B MRPC RTE Av.
| 392K 363K 108k 67K 8.5K 5.7 3.5k 2.5K
SA; PAL, BERT-BASE 8 x 84.6/83.4 89.2/71.2  90.1 93.5 52.1 85.8 84.8/88.9 66.4 | 79.6
i g SHARED 1.00x 84.0/83.4 88.9/70.8  89.3 93.4 51.2 83.6 81.3/86.7 76.6 | 79.9
Top PROJ. ATTN. 1.10x 84.0/83.2 88.8/71.2  89.7 93.2 47.1 85.3 83.1/87.5 75.5 | 79.6
‘ PALS (204) 1.13x 84.3/83.5 89.2/71.5  90.0 92.6 51.2 85.8 84.6/88.7 76.0 | 80.4
% "
SA, PAL,
A >
Input

BERT and PALs: Projected Attention Layers for Efficient Adaptation in Multi-Task Learning, https://arxiv.org/abs/1902.02671
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Single-Task
> . .
_ Fine-Tuning

‘ —--»| Further | A
BERT ... *[Pre-training},_m_
™" Multi-Task

Fine-Tuning

Multi-stage Transfer

Chi Sun, Xipeng Qiu, Yige Xu, Xuanjing Huang, How to Fine-Tune BERT for Text Classification?, CCL 2019, Best Paper Award,
https://arxiv.org/abs/1905.05583
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» In-Domain and Cross-Domain Further Pre-Training

Domain sentiment \ question topic
Dataset IMDb Yelp P. Yelp F. TREC Yah. A. AG’s News DBPedia
IMDb 4.37 2.18 29.60 2.60 22.39 5.24 0.68
Yelp P. 5.24 1.92 29.37 2.00 22.38 5.14 0.65
Yelp E. 5.18 1.94 29.42 2.40 22.33 5.43 0.65
all sentiment 4.88 1.87 29.25 3.00 22.35 5.34 0.67
TREC 5.65 2.09 29.35 3.20 22.17 5.12 0.66
Yah. A. 5.52 2.08 29.31 1.80 22.38 5.16 0.67
all question 5.68 2.14 29.52 2.20 21.86 5.21 0.68
AG’s News 5.97 2.15 29.38 2.00 22.32 4.80 0.68
DBPedia 5.80 2.13 29.47 2.60 22.30 5.13 0.68
all topic 5.85 2.20 29.68 2.60 22.28 4.88 0.65
all 5.18 1.97 29.20 2.80 21.94 5.08 0.67
w/o pretrain 5.40 2.28 30.06 2.80 22.42 5.25 0.71
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Further Pre-Training on BERT Large

Test error rates (%) on five text classification datasets

Model IMDb YelpP. YelpE. AG DBP
ULMEFIT 4.60 2.16 2998 5.01 0.80

BERTBASE 5.40 2.28 30.06 5.25 0.71
+ ITPT 4.37 1.92 2942 480 0.68
BERTLArRGE | 4.86 2.04 29.25 486 0.62
+ ITPT 4.21 1.81 28.62 4.66 0.61

Current SOTA results!
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» Hing: (label) BBEENXERRT, BEA)(single sentence)sy2E[a)disg i /4]
XJ(sentence-pair)55L,
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Chi Sun, Luyao Huang, Xipeng Qiu, Utilizing BERT for Aspect-Based Sentiment Analysis via Constructing Auxiliary Sentence, NAACL
2019,
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TABSA :Aspect-Based Sentiment Analysis

Food ©
Drinks

Service
Staff

Comfort ©)
Location ©
Value
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what do you think of the safety of location?

location - safety
(location, safety) the polarity of the aspect safety of location is positive
Target  Aspect the polarity of the aspect safety of location is negative
the polarity of the aspect safety of location is none
4. NLI-B:
location - safety - positive
location - safety - negative

location - safety - none
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» SentihoodZ{IEEE !

Aspect Sentiment
Model Acc. F1  AUC  Acc. AUC
LR (Saeidi et al., 2016) - 393 924 87.5 905

LSTM-Final (Saeidi et al., 2016) - 68.9 89.8 82.0 854
LSTM-Loc (Saeidi et al., 2016) - 69.3 89.7 81.9 83.9
LSTM+TA+SA (Maet al., 2018) 66.4 76.7 - 86.8 -

SenticLSTM (Ma et al., 2018) 67.4 78.2 - 89.3 -

Dmu-Entnet (Liu et al., 2018) 73.5 785 944 91.0 94.8
BERT-single 7377 81.0 964 855 84.2
BERT-pair-QA-M 794 864 970 93.6 964
BERT-pair-NLI-M 783 87.0 975 92.1 96.5
BERT-pair-QA-B 79.2 879 97.1 93.3 97.0
BERT-pair-NLI-B 798 875 96.6 928 96.9
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SemEval 2014 {FE489F(F553F04 Models 4-way 3-way Binary
XRCE 78.1 - -
NRC-Canada 82.9 - -
Models P R F1 LSTM - 82.0 88.3
ATAE-LSTM - 840  89.9
XRCE 83.23 81.37 82.29
NRC-Canada 01.04 86.24 88.58 BERT-single 837 869 933

BERT-pair-QA-M  85.2 89.3 95.4
BERT-pair-NLI-M  85.1 88.7 94.4
BERT-pair-QA-B 85.9 89.9 95.6
BERT-pair-NLI-B  84.6 88.7 95.1

BERT-single 9278 89.07 90.89
BERT-pair-QA-M  92.87 90.24 91.54
BERT-pair-NLI-M  93.15 90.24 91.67
BERT-pair-QA-B 93.04 89.95 9147

BERT-pair-NLI-B  93.57 90.83 92.18 SRS RAR M K TS

FESEBIENFHAESS
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BERTvorE(2;0) = »  BERT(x;0))

k=1
(a) Voted BERT
g, b e e
4-[ Average ]—’ y BERTAV(}(:E;Q) BERT (z; — Zek

(b) Averaged BERT k,-_1
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Self-Ensemble and Self-Distillation

time step time step time step time step
t—3 t—2 t—1 t
X

student
model

[ BERT | BERT f---of BERT f--o-of BERT ]
B | _ /6?\

teacher 5'%"‘“-&_‘,;—-""'#;
—{ Average |—2—~ MSE(9,0) CE(Y,y)

model

Self-Distillation-Averaged (SDA)

Yige Xu, Xipeng Qiu, Ligao Zhou, Xuanjing Huang. Improving BERT Fine-Tuning via Self-Ensemble and Self-Distillation,
https://arxiv.org/abs/2002.10345
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AG’s : MNLI
Model IMDb News DBPedia YelpP. YelpE Avg. A SNLI (m/mm) | Avg. A
Test Error Rate (%) Accuracy (%)
ULMFiT [Howard and Ruder, 2018] | 4.60 5.01 0.80 2.16 2998 / / / /
BERTgBAsE [Sun et al., 2019]* 540 5.25 0.71 2.28 30.06 / / / /
BERTBASE 580 5.71 0.71 2.25 30.37 - 90.7 84.6/83.3 -
BERTvorE (K = 4) 5.60 541 0.67 2.03 29.44 | 5.44% 91.2 85.3/84.4 | 5.50%
BERT ava (K = 4) 5.68 5.53 0.68 2.03 30.03 | 4.07% 90.8 85.1/84.2 | 3.24%
BERTsE (ours) | 582  5.59 0.65 2.19 30.48 | 2.50% || 90.8 84.2/83.3 | -0.51%

BERTspv (ours) 535 5.38 0.68 205 2988 | 5.65%
BERTspa (ours) 529 5.29 0.68 2.04 2988 | 6.26%

91.2 85.3/84.3 | 5.30%
91.2 85.0/84.3 | 4.65%
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» Pre-trained Languge Model (PLM) 13L&
» https://github.com/thunlp/PLMpapers

» HuggingFaceF /& Transformers
» https://github.com/huggingface/transformers
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Upper Bound of PTMs
GPT-3
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The Bitter Lesson

Rich Sutton
March 13, 2019

The biggest lesson that can be read from 70 years of Al research is that general methods
that leverage computation are ultimately the most effective, and by a large margin.

This is a big lesson. As a field, we still have not thoroughly learned it, as we are
continuing to make the same kind of mistakes. To see this, and to effectively resist it, we
have to understand the appeal of these mistakes. We have to learn the bitter lesson that
building in how we think we think does not work in the long run. The bitter lesson is
based on the historical observations that

1) Al researchers have often tried to build knowledge into their agents,

2) this always helps in the short term, and is personally satisfying to the researcher, but
3) in the long run it plateaus and even inhibits further progress, and

4) breakthrough progress eventually arrives by an opposing approach based on scaling
computation by search and learning.

The eventual success is tinged with bitterness, and often incompletely digested, because
it is success over a favored, human-centric approach.


http://www.incompleteideas.net/IncIdeas/BitterLesson.html

Architecture of PTMs

» The transformer has been proved to be an effective architecture for pre-
training.

» computation complexity

most of current PTMs cannot deal with the sequence longer than 512 tokens.

» Searching for more efficient model architecture for PTMs is important to
capture longer-range contextual information.

» neural architecture search (NAS)
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Knowledge Transfer Beyond Fine-tuning

» Currently, fine-tuning is the dominant method to transfer PTMs'
knowledge to downstream tasks.

» parameter inefficiency

» Mining knowledge from PTMs can be more flexible, such as
» feature extraction
» knowledge distillation
» data augmentation
» using PTMs as external knowledge
» Retrieval Augmented Generation
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Interpretability and Reliability of PTMs

» Explainable artificial intelligence (XAl)

» Attack
» PTMs are also vulnerable to adversarial attacks.

» The studies of adversarial attacks against PTMs help us understand their
capabilities by fully exposing their vulnerabilities.

» Defense

» Adversarial defenses for PTMs are also promising, which improve the
robustness of PTMs and make them immune against adversarial attack.
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BERT-Attack

Generateﬂ sample

deal with sub-words :““;'.j.[';;;';;.';;' 3 il toimm —  find one substitute
D o'l' top-K predlc*tlong ....
" H HEN Advantages:
[] H ﬂ . effective
Cey T  context-aware generation of
= Target model substitutes
oo DoOo0 IR BIC
not mask the Wogtﬂ/ sum‘—v—’ﬂ_m g N
Input [ ][o] - o] - ] 0] Iterate

Figure 1: One step of our replacement strategy.

Linyang Li, Ruotian Ma, Qipeng Guo, Xiangyang Xue, Xipeng Qiu, BERT-ATTACK: Adversarial Attack Against BERT Using BERT,
EMNLP2020. hitps://arxiv.org/abs/2004.09984
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Summary

( )
Architectures
\_ _J
( )
Learning Tasks
\_ _J
|  BTAS
Knowledge Transfer 1 = (A
\_ _J
( )
Reliability ,f{]' f g%
\_ _J
( )
Model Compression
\_ _J
( )
Beyond Text
\_ _J
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