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I ALTENLPIUERYBI BN ;

1. Sentiment Analysis
® Hasan M S et al.( [EEE,2020) Truth or Lie: Pre-emptive Detection of Fake News in

Different Lanqguages Through Entropy-based Active Learning and Multi-model Neural

Ensemble.

2. Knowledge graph
® (S.Seoetal IEEE 2021) Active Learning for Knowledge Graph Schema Expansion

3.Speech and audio
® Abdelwahab et al. (IEEE, 2014) Active learning for speech emotion recognition using

deep neural network. ‘
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Bag of Word Sentence Pre-trained Graph-Structured
Words Embedding Matrix Language Model Representations
The Bagof Words Regresentation E-::— s ey

Statistical Recurrent Convolutional
Approaches Neural Networks | | Neural Networks

Graph

Neural Networks |
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Transformers




I | Graph Construction | | ~ Static Graph Construction |
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T -I Dependency Graph ]

! -I Constituency Graph I

o AMRGraph |

» Dynamic Graph Construction [+ Node Embedding-Based Similarity Metric Learning |

Structure-aware Similarity Metric Leaming

+| Hybrid Graph Construction |
MRS [GNN forBombgmowGragh || Swic OraphModel |
i L 4 Dynamic GraphModel |
| GNN for Multi-relational Graph | -4  Typical GNN based Model |
1 Transformerbased Model |
\ 4 +| GNN for Heterogenous Graph [— 4 Meta-path based Model |
Encoder-decoder | [ B ooy 1 R-GNNbasedModel |

fe 4 W12

| 'i Graph-to-Tree |

, -I Graph-to-Graph ]

F L

HRDEARR:
O© ERITEE
® BFRRFES
O ETER/RISEs- LRt

-

10



GNN

i« 88 12

GNN7ENLPSUEHINIAS :
© BAAESER

O 7IESIFETERR

O MAD3E

O IHEEEER

© RIS

1IN

© SCURHHEY
O 15 NG ARET
© ...

U

Application Task Evaluation References
Neural Bastings et al. (2017); Beck et al. (2018): Cai and Lam (2020c)
Machine BLEU Guo ot al. (2019c); Marcheggiani et al. (2018); Shaw et al. {2018)
Translation Song et al. {20019); Xiao et al. (2019); Xu et al. (2020c); Yin et al. (2020}
Xu et al. (2020a); Wang ct al. (201%¢); Li et al. (3020b)
i Fernandes et al. (2019); Wang i al. {2020a)
NLG Sarumarization RLVGR Cui et al. (2020b); Jia ct al. :'_%uzm: Zhao et al. (2020a)
Jin et al. (2020b); Yasunaga et al. (2017); LeClair et al. {2020)
Bai et al. (2020 Jin and Gildea (2020}, Xu et al. (2018a)
Swrucmral-data . Beck et al. (201£): Cai and Lam (2020b); Zhu et al. (20019c)
1o Text BLEL, METECOR Cai and Lam {202ik): Ribeiro et al. (20019b); Song et al. {2020)
Wang et al. (2020F). Yao et al. (2018); Zhang et al. {2020d)
MNatoral CQuestion BLEU, METEDR, Chen et al. (2020g); Liu et al. (201%b); Pan et al. (2020)
Gencration ROUGE Wang ct al. (2020d); Sachan ct al. {(3020); Su et al. (2020)
De Can et al. {2008). Cao et al. (2019%); Chen et al_ (2020d)
Machine Reading Qiu et al (2019); Schlichtkrull et al. (2018); Tang et al. (2020c)
Comprehension F3 Bxact Makch Tu et al. (20190); Song et al. (2018b)
Fang et al. {2020b); Zheng and Kordjamshidi { 2020)
MRC and QA Knowledge Base FI, Accuracy Feng et al. (2020b); Sorokin and Gurevych (2018b)
Question Answering ! Santoro et al. {20017); Yasunaga et al. (2021)
Open foman, Hi@1, F1 Han ct al_ (2020); Sun et al. (2019b, 2018a)
Cestion Answering
Community

Question Answering

nDCG. Precision

Hu et al. (20190, 2020b)

Dialog State Tracking Accuracy Chen et al. (200 8b, 2020a)
n % Dialog Response BLEU, METEDR, 2
Dialog Sysiems Bt ROUGE Hu et al. (2019d)
Next Utierance Selection Recall@K Liu et al_ {2021 c)
i Chen et al. (2020¢); Defferrard et al. (2006); Henaff et al. (2015)
Text Classific. Ace
R TR e Huang et al. (2019); Hu et al. (2020c); Liu et al. {2020}
Text Matching Accuracy. Fl Chen et al. (2001 Tc); Liu et al. {2019a)

Topic Modeling

Topic Coherence Score

Long et al. (20200 Yang et al. (2020); Zhou et al. (2020a); Zho et al. (2018)

Zhang and Qhan {2020}, Pouran Ben Veyseh et al. (2020)
Chen et al. (2020¢); Tang et al. (2020a)

s Acomacy.H Sun et al. {2019); Wang et al. (2020bj); Zhang et al. {2019a)
Ghosal et al. {2020); Huang and Carley (201%)
Enowledge Malaviya et al. (2020); Nathani et al. (201%a); Teru et al. (2020)
Graph Bansal et al. (2019): Schlichtkrull et al. (2018); Shang et al_ {2019)
) Completion o Wang et al. (2019a,g); Zhang et al. (2020g)
Knawledge Graph Knowlcdge el Can et al. (2019:); Li et al. (2019); Sun et al. (2020a}
Giraph Wang et al. (2018, 2020h0); Ye et al. (2019)
Alignment Xu et al. {20192}, Wu et al. (2019a)
Named Entity Luo and Zhao (2020); Ding et al. (200%b); Gui et al. (2019}
Recognition Jin et al. (201%); Sui et al_ (2019)

Information Extraction

Relation Extraction

Joimt Learning Models

Precision, Recall. F1

Qu et al. (2020); Zeng et al_ {2020): Sahu et al. (2019
Guo et al. (2019h); Zha et al. (2019a)

Fu et al. (2019); Luan et al. (2019): Sun et al. (2019a)

Syntax-related

D and Rehbein (2020); Ji et al. (2019 Yang and Deng (20240}

Parsing : Accuracy Bai et al. (2020}, Zhou et al. (20206b)
* Semantics-related

e Shao et al. (20120); Bogin et al. (30192.h)
Math Word Li et al. (2020a); Lee et al. (2020); Wu et al. (2020b)

Problem Solving Zhang et al. {2020b): Ferrcira and Freitas {2020)

Reasoning Nmt;.r:fll:lr_:;iuugu Accuracy Kapanipathi et al. (2020); Wang et al. (20191)
e Zhou et al. (2018a); Lin et al. (2019b.)

Reasoning

Semantic Role Labelling

Precision, Recall,
Fl

Marcheggiani and Titov {2020); Xia et al. (2000); Zhang et al. (2020a)
Li et al. {2018c); Marcheggiani and Titow (2017); Fei et al {2020)
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ACL 2019---Coherent comment generation for chinese articles with a graph-to-sequence

model
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l- Translation (BREF)

LTS PRURR, B Rp MRS THIRR.

Dictionary of translations
; Translation model
T 1) L A 3

Training
Translation
Translation modeal

(a) Example-based {b) Generative
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ol BEEES: ERAXEE, DAMERELEE

BEIFESZIAR Transformer's Decoder, GPT, GPT-2
s
FRGRAREEICPM CBOW, Skip-Gram
Rkl BRESIEEIAE EIFAEIEE] MLM BERT, Span-BERT, ERNIE
Lo BRESE
AE+AR PLM XL-NET
EEtaEE
E %’gig AE+iif&E -—{Supervised j—[‘— MT -;‘—iiéuVe @]
—( 1M }—{ELMo (T, GPT (15}, GPT-2 58], UniLM )
SEEE N ERL | | Pre-Training }» BERT [16]. SpanBERT [47], RoBERT: [#3], XLM-R j
o | Tasks
XSzl — —( MM 1 TLM —{xLM )
A MARE ELECTRA, WKLM B :
| || Unsupervised/ } Seq2Seq MLM | { MASS [11. T5 j
Self-Supervised _( PLM ) Iz XLNet _j
RSSO NSP, SOP, InfoWord —{ DAE —{BART 50] )
—_— RTD |—{ CBOW-NS (11}, ELECTRA 56 |
gttt R ERX bl 2 .
—( o1 ) NSP —{ BERT [I6], UniLM )
. e e SOP |—{ ALBERT [63]. StructBERT )
BREIth) )G+ e EEl4k
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Operation Element Original Text Corrupted Text
one token Jane will move to New York . Jane will [Z] to New York .
Mask two tokens Jane will move to New York. Janewill [Z] [Z] New York .
one entity Jane will move to New York . Jane will moveto [2] .
one token Jane will move to New York .  Jane will move [X] New York .
Replace two tokens Jane will move to New York. Jane will move [(X] [Y] York.
one entity Jane will move to New York . Jane will moveto [X] .
Delete one token Jane w#H move 1o New York . Jane move to New York .
two token Jane wl-meve to New York .  Jane to New York .
Permute token Jane will move to New York . New York . Jane will move to
Rotate none Jane will move to New York . to New York . Jane will move

Concatenation

two languages  Jane will move to New York .

Jane will move to New York . [ /s] i 3]41£Y .

Table 4: Detailed examples for different noising operations.

Fil# 2

Generator

Discriminator

Autoencoder T — Decoder

explidt

Reconstruction
— Loss
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Task Loss Function Description
T
LM Ly = _Z]‘Dg Plx|X<y) Koy = X)X, 000, X
=1
MLM Ly = — Z log p[,ﬂxwm) m(X) and X, yx; denote the masked words from x and the rest
iemix) words respectively.
i
Seq2Seq MLM Lsasmim = — Z log p(x,ixm ;o X |) X;.; denotes an masked n-gram span from i to j in x.
I=i
T
PLM Loy =— Z log p(z/|z) z = perni(x) is a permutation of x with random order.
=1
T
DAE Lpag = - Z log plx %, X4) i 1s randomly perturbed text from x.
=1
DIM Lo = s(Xij, X ;) — log Z s(Ri j, Xi: ) X;.; denotes an n-gram span from i to jin X, X;.; denotes a
Xj N sentence masked at position i to j, and X;.; denotes a randomly-
sampled negative n-gram from corpus.
NSP/SOP Lspsor = — log plrx, ¥) t = 1 if x and ¥ are continuous segments from corpus.
T
RTD Lem = - Z log piy:|X) vr = 13 = x¢), X is corrupted from x.
=1
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Task-Specifc Model |

t
Contextual
Embeddings h, h hy h, hj hg hr
t

o ot t t t t 1
@ .S _ Contextual Encoder

This s a super long Ter
.{‘! S ' +ot 4+ttt
{ sl ; Nacomtetl B B B Bl Bl B B
Name Notation Example Description
Input T I love this movie. One or multiple texts
Output Yy ++ (very positive) Output label or text
A function that converts the input into a
Prompting . . specific form by inserting the input  and
: x X] Overall, it was a [Z] movie. A
Function Foromp () [%] (2] adding a slot [Z] where answer z may
be filled later.
: ; ; ; A text where [X] is instantiated by input
Prompt x’ I love this movie. Overall, it was a [Z] movie. [X] y np

ax but answer slot [Z] is not.

Filled Prompt fﬁu{:r,’, z) I love this movie. Overall, it was a bad movie. A prompt where slot [2] is filled with
any answer.
Answered

Prompt

A prompt where slot [Z] is filled with a

fan(x’, z")  Ilove this movie. Overall, it was a good movie.
true answer.

Answer z “good”, “fantastic”, “boring” A token, phrase, or sentence that fills [Z ]




Generate Options

Try an example

Learn more in the docs.

Length to generate @
@ 100

D Start at beginning @

Advanced Settings »

Generate Text




RAEd: Bii+NEB

Left-to-

Right LM GPT [139]; GPT-2 [140]; GPT-3 [16]

Pre-trained
Models §3

Prompt En-
gineering §4

Prompting
Method

[ Answer En- |
T gineering §5

Learning §6

Prompt-based
Training
Strategies §7

|| Multi-Prompt | | |

Masked LM
Prefix LM

Encoder-
Decoder

BERT [32]; RoBERTa [105]

UniLMI [35]; UniLM2 [6]

TS5 [141]; MASS [162]; BART [94]

LAMA [133]; TemplateNER [29]

Prefix-Tuning [96];
PromptTuning [91]
Human Effort

Hand-crafted LAMA [133]; GPT-3 [16]

Discrete AdvTrigger [177]; AutoPrompt [159]

Continuous

\— LAMA [133]; WARP [55]

Automated

Prefix-Tuning [96];
PromptTuning [91]

Token

—— | ———
Shape { Span — PET-GLUE [154]; X-FACTR [66]

{__Sentence )‘— GPT-3 [16]; Prefix-Tuning [96]

{Human Effon}D Hand-crafted j—  PET-TC [153]; PET-GLUE [154]

{ Automated }{ Discrete }—  AutoPrompt [159]; LM-BFF [46]
" Co } WARP [55]
[ Prompt | LPAQA [68]; PET-
Ensemble TC [153]; BARTScore [193]
| [ Prompt | GPT-3 [16]; KATE [100];
Augmentation LM-BFF [46]
Prompt
Composition | IR [t
| ifcme bod TemplateNER [29]
composition
Prompt -
Y Shzrisg — Example Fig. 5

BERT [32]; RoBERTa [105]

Promptless
Fine-tuning
Tuning-free
Prompting

GPT-3 [16]; BARTScore [193]

Prefix-Tuning [96]; WARP [55]

Parameter
Updating

Fixed-prompt
LM Tuning
Prompt+LM
Tuning

T5 [141]; PET-TC [154]

P-Tuning [103]; PTR [56]

Few/zero-
shot

Full-data

Training _
Sample Size GPT-3 [16]; PET-TC [153]

PTR [56]; AdaPrompt [21]
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Generate Options

Learn more in the docs.

Length to generate @

® 100

D Start at beginning @

Advanced Settings »

Tom: | graduated from the experimental high school attached to beijing
normal university. And | am studying in Beijing Institution of Technology
Tony: Which is your university?

Tom: In
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Predefined CL
(Sec.4.1,4.2)

CL Methods
(Sec.4)

Automatic CL
(Sec.4.3)

2 e (E-El‘\
[Tralﬁ.ﬁn
J?—'—] #m?’ws..Em'
le'ﬁc:ult-,I Tminlng
Measurer  Sored hadular r, Sample
data batch @
Curmicesium Dessign
A A
(" ®))
et Training loss @1 as difficully  Epocht
. i '
Self Fsasgi Iée.lalrmng | ool —{m—zj
e N8 3 5 !
Maasurer 53::;1 ‘Schedular h;;ﬂnﬁ';{ Trainar
Curriceturn Diesign
Transfer Teacher
(Sec.4.3.2)
RL Teacher
(Sec.4.3.3)
Rainforcement Leaming Epacht
| | Student feedback @
Difficulty | Training
D‘[herﬂutﬂmatic CL Measurer  Sarted mhl’ | Sampla |
dala batch @
(Sec.4.3.4) 4 R DX P
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ol XREESE

IEie{kiE: (5 Teacher-StudentizEy,

Teachert=BIE#RNet-T, HRANRERE, RIFMAXEBREXI ALY .

Studentt=BYiEFRNet-S, A/WWIRIREL, FEHFEERIEMAXERREXT MY,



al EMRETE

soft target:

fEsoftmaxEFSIN "“BE" ST, {FsoftmaxZEHIETHZEINTEE, =R
BIEE NS, FEUHFRA “soft target”

soft targetPEEREE /N, Net-SEIFTEERFIEEANEL, FEAILUER
EalIEIE,

G
[ Z exp(z},«/T)




ol XREESE

S
1. JIGH—NAKEE (BDNet-T)

2. fxtransfer set EFIFNet-TXIHEARE XTI AYsoft target

3. fttransfer set EXg/JVEEY (BINet-S) #1714, IRKRREEIEREPD, —EboHlGsoft
target, 53— Hl&hard target

4. {RENet-S, Kigsoft targetZis



Zhao S, R Gupta, Song VY, et al. Extremely Small BERT Models from Mixed-
Vocabulary Training[J]. 2019.
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{E48 BERT SAFSELRM T2 2RR M)
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L PILZAIFBMFIE ( (Intriguing properties of neural networks) )
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ZIC SO T B A B S AR MR A AT S



o 22 (W)

—FhHRIRINE IILRRYYS L RIEMESSE (Fast Gradient Sign Method, FGSM)

The Fast Gradient Sign Method

J(%,0) = J(x,0) + (& — ) Vo J(x).
Maximize
J(,0) + (2 — =) Vo J(x)
subject to
||& — |0 < €

= & = x + esign (VgJ(x)).
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BA IR IERIFE:

1. 2BulgER, BEAIIE SR AEN)IGEF A LB RUER —SB 0 I,

2. (220)IIEM%s, 3)|IGMEHME—EEE, SRTERR—EEREINFFEMERETEREL, (BiX
BN & SE0)ERERFIER T, E50)IZMBRI75ED N A mFr s =,

3. PgImLs, EANEREEEAYIER MERTIMIMESHITEE, EPSREMEI— MO TVEERK
TXITMZE—GAN,  RFD AT NPT I
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7:: R

I RS0 || G TS AN E R,

Zhang Y, Gan Z, Carin L. Generating Text via Adversarial Training.



o AR

TS, REMNBEERFRIDER. Am, FIRIEGIRBIGK, EEI%
MANEGITE, HEMESSEHERANRABIER, B, XFEXIHEMLES
HEENSIRITOT, RISEEREE e RERE



o AR

A FFFIERIEN :

ARt R A RN AE R ASSREFERRAYEE.

1. HEERT, BENFGEEERETHIN (if-thenfilll) , EERTLAFEREEMN,

2. FIIEMRRIANENIZEE SESHEXRNGEANR (BAREESHER) .



o AR

AR IERIEE R

. BAUEEEK, BTHENESHINAERIISEAZIORM,. eI LAmEfE
/;%LJEE(BE ﬁ*izé_\gf.%j]ﬂ__rae

2. BEMEREXR, HPaEEIAMLAN BEEN,

3. BIFRERGE. BTSRRI, BIATIREEERNMRE, FEEKREEEG—
TERYETERE, AT E THERE S ERILL.



o FIRRREE

MIERS RIPILERIMEENRERE -
1. #&0, MUEARERE: If P, then Q
2. #, FRENEMIEMER. SHBRMATIEIER
3. wa0, FRIERERE: WERAREIARE

4. ), BIEFGFWFAER: BUGF=r-ERERm



o AR

SRR AP LS R E TN FFRTERERE :

1. Ez0, ANE/RERE: WIENML, BeTssCIiAIfRRRlLt

2, Fzf), RENEMIEUMER: MWEAFRHLRA BRI TR

3. X1, FRIFAMRRE: AIMBRIEIEN, BE55ENaEE

4. X7, BIFFHEFNER: BREESHIIMNG, REMASFIEERNRIZEH TGN



 FIRRREE

MNF:

XTRN N TR R e

Karpathy A, JohnsonJ, Li FF. Visualizing and Understanding Recurrent Networks[J].
2015.
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I o mememess, 2SmEnETs.
O MBI ERR, SSETIER,
O EENVTENEE, S EE




i EEE

I EFEFINEFIRE

Source task

Iil.l[l]ilill

Target task

domain

l Model A | Model B

Knowledge

BumiZ 2 uHe 53



‘_.-—-—————u——m-——-u———u———-‘—-—-“‘

fe 4 W12

U

Tiger

L4
-’

o ———

QUERY1

HuskyV

QUERY2

N

54



QUERY

Squirrel
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JLFE X Meta Learning, & X R%EE%3], Bllearn to learn, BRWEXMI ANRXFZ3 6877 11
HHEER . Meta Learningf BEBREERI—MFEF I HEE, EHATUAERRDE “FiRHIZA

R S AR S

~ ! '
Task 1 = Train i 'fé‘ | Test ; E

Training S et dog
Tasks : |

o

rask2 Tain W L st @ D

= 0 apple oange | apple orange

Testing Tasks  Traig @ O

car



-l TTFES

EFXFNLP R &, Joi I BN A AT Loy oy BL R 28
(i) F—REAFTRETTFE, = HAMGE, MAHTH A
O K — D RMEN RS
O Attentive task-agnostic meta-learning for few-shot text classification
O K — DA N — S
© Diverse few-shot text classification with multiple metrics

O Induction networks for few-shot text classification

(i) ARIHBRITEFE N, =3 HAR R, RN T R #3193
O Meta-learning for low-resource neural machine translation

© Learning to few-shot learn across diverse natural language classification tasks



= SE5YS

Z(E55F3 (multi task learning) : FEFRRBES /1 BinEllossERFEINRES(ESFES.

¥~ g -{ o | — i
s ] g | e ] [ gaegma - wr ] me

h

BAEmA | BiAk

fihlk | —{ il

BESFES ZESFS
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BERBSIESEIRERH: hard parameter sharingfllsoft parameter sharing

Task Al [Task B [Task C] Task-

- i T specific Task Al Task B Task C
[ | | layers G - | i
‘\-\.\_“_\_ F Y I
_ f T 1
| 1
T = T ; T . Constrained
ISha'””"d . i : layers
; layers | 1

hard parameter sharing soft parameter sharing
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ZE5FS

RITESIERVEERMESS, Rk, A Z R — D s, BUMBAES TR, B
St AT PUEE A I & & AR BIAE 55, ORI IS 28 4 o 45 R
H B3 s 2 B AR R J5 Al 2 BB 25 A 19 SR JF W) E B AE TR BRIt b

LA BT 55 2R AN T
related tasks (B MHKRMEHES)
Adversarial (IHifES)
Hints (78 faEm RIAEST)
Focusing attention
Quantization smoothing (BN FIF)
Predicting inputs (TRIUHIN)
using the futue to predict the present (FRFRHMILE)
Representation learning (FRx%¥>])
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R MT-DNN{=8Y
Multi-task deep neural networks for natural language understanding

Pe(c|X) Sim(Xy, X3) P.(R|P,H) Rel(Q, 4)
(e.g., probability of (e.g., semantic {e.g., probability of {e.g., relevance score
labeling text X by ¢) similarity between X logic relationship R of candidate answer A

and X5 ) between P and H) given query @)

Task specific N . * \ T : T T ; MT'DNNﬁﬂ%éT ﬁi’g%ﬂﬁg (NLU> ,ff%:
L | smgesinenee | Palrwise Text | PairwiseText | Pairwise i‘ /;TJ ﬁ %
Classification Similarity Classification Ranking
Cemiiem | | Eatha | | ek e ‘ e PR SCAS 9 3R
S S =1
L,: context embedding vectors, one for each token. *H 9% ‘I.i ﬁls )A?—’
f

Transformer Encoder (contextual embedding layers)

Shared T
layers
1;: input embedding vectors, one each token.

'y

Lexicon Encoder (word, position and segment)

i

X: asentence or a pair of sentences
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Life Long Learning=Continuous Learning
=Incremental Learning

| cansolve |can solve | can solve
task 1. tasks 1&2. tasks 1&2&:3.

- - @GO
H + He
25 W 25 W 24
Learnlng Learnlng Learning

Task 1 Task 2 Task 3



Task 1

This is “0”.

Task 2

This is “0”.

Learning #va., - Learning
Task 1 7}:; ) -, ? Pt Task2
1.00 z 1.00 - 97%

0.95 y L 0.95
90%
0.90 0.90
S . Forget!!!
0.80 0.80 80%
0.75 0.75 -
Task 1 Task 2 Task 1 Task 2
1.00 98%
Learning 0.95 p——
Task 1 %g 0.90 :
! 0.85
Learning ? Lt 080 I
Task 2 . 075

Task 1 Task 2




2l 2555

QA tasks: f8E—ERXN A, IRIBENAFKEIZ 0T,

Task 5:Three Argument
Relations

There are 20 QA tasks in

Mary gave the cake to Fred.

Fred gave the cake to Bill. bADbi Ccorpus.

Jeff was given the milk by Bill. Train a QA model

Who gave the cake to Fred? through the 20 tasks.
A:Mary

Who did Fred give the cake to?

A-Rill
. D




Tl R¥EHESIE Catastrophic Forgetting

75

KIS VHEIT

L

10 ) 104 #» I o
% p !
08 08 - p L .
06 a8 | A J
04 . S
0.4 1
0.2 1
0.2
0.0 se s eeeeeoeoeeeoe
1234567850URBUSEIBL SRR ERERRTRERI PSR R
o s .
FRIFHOR S > 20MESS EIRTE S 20/MES

Task SHYAERA=E Task 1-20B9/EREER
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2EFIMZAESFIIIEL

Using all the data for training Computation issue

A

Training Data Training Data  Training Data

for Task 1 for Task 999 for Task 1000
\_ =il ______._,__..«’ e 4‘;
ki -
Always keep the data Storage issue

Multi-task traininga] LABRSKMEMERIAE, (BREEMEIEESENE—EIZ%, B=aE
EE8 O EF#E=SIE.

=AMulti-task traininge] LULEEFSZ1MES, {BEARZLife Long LearningdIERZHEIRTT .
BEE#HM HLife Long LearningfJupper bound,




SJHEEFIRIRILL

| can do task 2 because |

Transfer Learning: have learned task 1

4+- fine-tune +. (Wel:jon’t care \;'lugetheli( )
. . - machine can still do task 1.
Y d 1 rd |
‘Learning - Learning 7
- Task1l Task 2

. _ Eventhough I have learned
Life-long Learning: {35k 2 | do not forget task 1.

Transfer Learning B X F#r{ESAY5ERkE R, miLife Long Learning
BREIBESS oA,




~ml MRCiE%2 (Machine Reading Comprehension)

MRC{ER =7t

[ A = within a cloud ]

e

SEUS—ENLP{ESSEIRAQAIESS, MIMMMRCIEZS TFREAR:
1.NER #5 &R 51

2.Relation Extraction XZ3HEY

3.Text Classification X493

4.Co-reference i5;EH%

BumiZ 2ia#e 68



=l MRCIEZE

O ERR: WNfEiESiEquery

EpkqueryfisiE:
1FIEN.

2 EX R RPNA RN FERARMIERE, ARRERCFES
IR EHITHL.




=1 MRCIEZE

XHFRIRES :

1. 75X questionstRE & T5I04IR, IXEEEIRAATTIASEHS
it SRR R R, x

X: at the Chinese embnss_\' in France......

.

Q: find all geographical regions, such as a government, a populace, and a

geographic location. (Annotation Guidelines)

2 .Stk BiENEESD
3.MEAREIEED
4. REH
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Thanks for your listening
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