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How to question?
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NLP Pipeline

NLP A|AHEIO| HEFEA OFF|El A

+ Ehe TXNE|FH Ao 98 S8 tasks = O|{ 2Lt
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NLP analyses and NLP tasks in parallel line

application

pragmatic analysis polarity, opinion
topics/categories
sentence extraction

semantic analysis
coreference resolution

syntactic analysis
negation, coordination
synonymy, generalization

lexical analysis
syntactic parsing
pp attachment

preprocessing subordinate clauses

morphological analysis

ve 0 ——
T Ngre——"

POS tagging

language detection

tokenization
sentence splitting
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Text Preprocessing

« The task of converting raw text files (HTML, XML, PDF, etc.) into well-defined sequence
of linguistically meaningful units:
- Characters
- Words
- Sentences

« Character encoding
« Language identification

« Text segmentation:
- Segmentation from images, tables, html formats, etc.
- Sentence segmentation
- Paragraph segmentation

15



Character Encoding

HAE NE|o 7t FAEHOl CHA

—

8H| E character sets: ASCII, ISO-8859(F & A0 &)

>
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Q
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1|0
Hel
oot

2-byte character sets: =0{, €20 €2 ELt 2 =A=5 7
Code-switiching: 8t = A QtO|M CrE =Xt Q12 E MO AL = BF
A 7ty 22l 0|8 2 M2 UTF-8 O|LCt.

= =
- MS Windows= $t=0{0f C ol
- 1 20k euc-kr A= ROLt = ZA E MO[X| H=C
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Language ldentification

« =Xt OAY M= LEIX O Z character setOf CHSE HEIEEE 7| E51K|2F IHX| (S

—
— =
87 byte SEO| 2 S Sl 7= olOF SHLF.

»»» import urllib

»»» rawdata = urllib.urlopen('http://vahoo.co.jp/").read()
+»» import chardet

+»»» chardet.detect(rawdata)

{'encoding': 'EUC-IP', 'confidence': 8.99}
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Text Segmentation

. HBEOM HAEL ChSH O Z2|H0|MS E8) A E T
S S8 MAEZ QATSIO HABICL

- A0 MIAES O[OX|Lt HIO|5, Z208 T AN St #2010 =

. EXQ LIt HIMLO 2R H BAES S50t tw o|C

« Example using NLTK library

>>> url = "http://news.bbc.co.uk/2/hi/health/2284783.stm"
>>> html = urlopen(url).read()
>>> html[:60]

‘<ldoctype html public "-//W3C//DTD HTML 4.0 Transitional//EN'

>>> raw = nltk.clean html(html)
>>> tokens = nltk.word tokenize(raw)
>>> tokens

['BBC', 'NEWS', '|', 'Health', '|', 'Blondes', "'", 'to', 'die', 'out', ...]

o=
=

24 oSA 082 Ot

of= JbA|

St

e
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Tokenization

« Typell token T-&

« X0 Mo M THO{Q| type 1 A 7ot O12[F 7tE2[7

1 HH
o

CI Ol token2 LIEIL EM EHO{E 72| 7L
"CHO{, THOY, EHO{" — type Z=: 2, token = 5

= Soll tokenizationO| |2 B2 OH=Z 8%
7|2 A0|=: CHEEL 8 A=

Oz Q20l=: 570, at=0{, 7|0

SUHEE 022 20|=: 2B, =20

Ct.
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Lexical Analysis

CHoj= XG0 BAEO| JbE J|EH Ol 240|1 Ql0jsto] HEfE
A FAE|=X|of thet zo|ct

« Lemmatization: map the word to its root

« Stemming: retain the stem, throw away suffixes

« Parts-of-Speech (POS): word classes
» POS-tagging (BEA 24): 4 TS0 SAF EfAF F 0ot
+ °t=0] ZAr Eid+= EZ M|AO] k2t & OfSHEt. (B LA H] W 3)

017} JE22FH O
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https://docs.google.com/spreadsheets/d/1OGAjUvalBuX-oZvZ_-9tEfYD2gQe7hTGsgUpiiBSXI8/edit#gid=0

oh=0 e~ =4 oA

>»> from konlpy.tag import Kkma
»>»» from konlpy.utils import pprint
»>> kkma = Kkma()

>>> pprint(kkma.pos(u'2F 2 10= & #:HES, WO M A2

[(2F, NNG),
(21, NNG),
(EJ ]x:]:
(&=, NNG),
(23, NNG),
(JJ' SP}J
(M, nNG),
(M MAL, NNG),
(2, JKM),
(2™, Mag),
(25, NNG),
(£, IKO),
(ZIChEt, NNG),
(&hHl 3l , MaG),
(!, SF),

(", EMO)]

SIS FHBAHE 180))

i

application

pragmatic analysis polarity, opinion
topics/categories

sentence extraction
semantic analysis

coreference resolution
syntactic analysis

negation, coordination
synonymy, generalization

lexical analysis

syntactic parsing
pp attachment

preprocessing subordinate clauses

morphological analysis

POS tagging

language detection

tokenization
sentence splitting

21



Sol4g
. HEf4 S0l Wato|=Xo|ct
Case A:

Q: What are they doing in the kitchen?
A: They are cooking apples. (POS-tag: verb-ing)

Case B:
Q: What kind of apples are those?

A: They are cooking apples. (POS-tag: adj)
« O] X|{(unknown words) &4
o XA O|N= AXL} LZR0{7} T ST

0] U

« AR B Eoh HEh &~ QUL
- J2¢ BaAM=2 E40|= E0[oHK| 2 Ef Z& &2 O A TEC



Syntactic Analysis

POS Eff 1Mo Af{Ee 2= ZHO| OfEA #+d&=X|Z Olaigd + BICt.
O|X| 22|l= &% (grammar)O| E 25}ILC},

 Constituency: TFO{ & EH2 OrX| StLE| FRXEH FE| QL (e.g., Ol=t O{AtC{St W, CHoHE
A MY 2 2 7| &)

« Grammatical relations: =& L0 A THO{Qr EFO{7F M2 Si= A (0L 20 24 5)
 Dependency relations: SA/2|0| SE S Soll SAIA A S XLt
« "The ham sadwitch next to the man studies computer science”

. 9 2HOIM HEE DS TES UL £RU

1

=
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Grammar-based approach

Context-free grammars
« Noam Chomsky (1956)0i
+ CFG= THA2l Zghat o
« ZChterminal) 7|2 Bt =
- H[ZEHnon-terminal) 7|2 B 7|2 =2 AH FetZ 7t2| 710t
+ CFG= =38 72 & ZNotAL F2E28H 285 dddt=0 Ar&E = ULt
=

. Eol2ELDINME

Olofl g2l &

my
ot
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Example of CFG (Jurafsky & Martin, 2008):

Rules

NP

Nominal

VP

PP

NP VP

Pronoun
Proper-Noun
Det Nominal
Nominal Noun
Noun

Verb

Verb NP
Verb NP PP
Verb PP

Preposition NP

I + want a morning flight

|

Los Angeles

a + flight
morning + flight
flights

do

want + a flight

leave + Boston + in the morning
leaving + on Thursday

from + Los Angeles

25



Example of CFG (Jurafsky & Martin, 2008):

Lexicon

Noun
Verb
Adjective

Pronoun
Proper-Noun

Determiner
Preposition
Conjunction

|

l

l

l

l

|

l

flights | breeze | trip | morning | ...

is | prefer| like | need | want | fly
cheapest | non — stop | first | latest
| other | direct | ...

me| I| you| it| ...

Alaska | Baltimore | Los Angeles

| Chicago | United | American | ...
the | a| an| this| these| that | ...
from| to| on| near| ...

and | or| but| ...

26



Example of CFG (Jurafsky & Martin, 2008):
Parse Trees

| prefer a morning flight.

S

TN

NP VP

N

Pro verp NP
|

prefer pet Nom
| N

a Nom Noun

| |
Noun flight

morning

/

[s [Np [Pro 1) [vp [v prefer] [np [per @l [Nom [N morning] [y, [n flight]]]]]]

27



Grammar-based approach

Dependency grammar
« CFG= phrase structure grammar% 2t
=c| ¢

« Dependency grammar= O|2t=
- O|EY ERI2 2= 0 EH o{&0| EEf

< ROOT> main:

[ S
gave
subj:

%&

attr:

| S
address

pnct:

28



Application of Dependency Grammar

P
P
P
P
>

{ "Barack', "4, 'nsubj:pass’)
{"Obama"', "1", "flat")
{"was", '4", "aux:pass')
{"born’, "8°, "root’)

{("in", '8", '
{"Hawaii', "4", "obl")
(".", "4", "punct')

import stanza

stanza.download( 'en") # This downloads the English models for the neural pipeline

nlp = stanza.Pipeline('en’) # This sets up a default neural pipeline in English
doc = nlp("Barack Obama was born in Hawaii. He was elected president in 2888.")
doc.sentences[8].print_dependencies()

application

polarity, opinion
topics/categories
sentence extraction

pragmatic analysis

semantic analysis

coreference resolution

syntactic analysis

negation, coordination
synonymy, generalization

case’)

lexical analysis
syntactic parsing
pp attachment
subordinate clauses

preprocessing

morphological analysis
POS tagging

language detection

tokenization
sentence splitting

29



Semantic Analysis

- 21019 2ofO|F Oli5t7| /IS M= 02| 7|zt O 7|27t 7t2|7|= T
RUO{OF THLY.
+ R07t 7kEI71E a2 AoiHO|X| Bt
» SAZH2 O] A0 =S oL
« H|QIO{E MA XA
+ 55 g4
- 2XH X4
. MZA ol CHAEDN O BAESO Chst XAl
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Syntax-Semantics Pipeline

Syntactic Analysis

Syntactic Structures

SEIMENTGETEE

Meaning
Representations

31



Representation of Meaning

oloje| &

oloje |

JaF A=2f 2A0| Hiet 7|2 =2 O|F LIt

MA|12| AtEli(a state of affairs)2| FHAFOf| A

“The student has a notebook”

Possessing:

Possessor: Student dx,y Possessing(x) A Possessor(student, x)

PossessThing: Notebook APossessThing(y.x) A Notebook(y)

32



Representation of Meaning

"The student has a notebook
Possessing:
Possessor: Student

PossessThing: Notebook

dx.,y Possessing(x) N\ Possessor(student, x)

APossessThing(y. x) A Notebook(y)

Possessing

/N

POSSESSOr

-

Student

possessThing

SN

Notebook

33



Methods of Meaning Representation

« First-order Logic (FOL)
« Description Logic

« Semantic Networks, Frames

34



First-order Logic (FOL)

First Order Logic (FOL) and First Order Predicate Calculus (FOPC) consist of terms:
« Constants: a constant refers to exactly one object in the world Prof_Kim, SNU

« Functions: functions are single argument predicates; they are also terms in that they
refer to unique objects

LocationOf(SNU)
« Variables: variables allow us to make assertions and to draw inferences
... and relations between terms:
« Predicates: refer to relations that hold between objects
Teaches(Prof Kim, Al)

Professor(Prof_Kim) (can be used to express class membership)

35



FOL example of Jurafsky & Martin (2008)

Formula — AtomicFormula
Formula Connective Formula

|
| Quantifier Variable, ... Formula
| = Formula

|

(Formula)
AtomicFormula — Predicate(Term,...)

Term — Function(Term,...)
| Constant

| Variable

Connective — N| V| =

Quantifier — Y| 3

Constant — A | VegetarianFood | Maharani- - -
Variable — x| y| ---

Predicate — Serves | Near| ---

Function — LocationOf | CuisineOf | ---



Description Logic

« Subset of FOL
. AIME {EQ39| 0|2H

0%t

A}

. JNEXIQt HFEE A ME|E 2E ZX|(ontologies)E EPISH=0| A QICH

Vx KoreanRestaurant(x) —
Restaurant(x) A (dy Serves(x,y) A\ KoreanFood(y))

KoreanRestaurant C_ Restaurant 1 dhasCuisine.Korean

37



Semantic Networks

Vertebra Cat > Fur
has is 3 has
' Is a
Animal < ol Mammal <= Bear
IS a
IS an
Whale

. . f .
Sl lives in =~ Water Aln

38



Problem of Semantic Analysis

Compositionality: =& 2| 2|0|= 42452 o022 F-dE L

S de Likin g(e) A Liker(e, F {cm(r()) A Liked (e, F mfca)

/\ ; ;

NP ~

ProperNoun Verb - © ProperNoun

’ |
|
I

Franco likes Frasca

39



Example: sentiment analysis

Stanford Sentiment Treebank

(=)

The movie

Wds

great

40


http://nlp.stanford.edu:8080/sentiment/rntnDemo.html

Word Senses

sk Crofol o|Oji Watoy et I Zatd 4 Utk

—

e Bank: =87|& vs. &7} vs. & A

I'I
I'n
n

cC o 35
=1 L—

o HO|: AFS|A [H O] vs. AFHA [H O]

* Bright: 8f& vs.
o AR A= X vs. 25

+ ot=0l= SHAtHV|= CHEXT EE2 €2 SoAM Zdot 350207 ELt.

o| oju| |

41



Word Sense Disambiguation

- Eto| 9|Oje| Ctold 2 CHEE2| NLP X0 R
« EFO] AFM XtE: WordNet

- S HAEQ9 HOE

- =3 BHo| Q0|7 Ef = HAE

e WordNet AHE 0| |

>>> from nltk.corpus import wordnet
>>> wi1 = wordnet.synset('ship.n.01" )
>>> w2 = wordnet.synset('boat.n.01" )
>>> print(wl.wup_similarity(w2))

0.9090909090909091

= XA 2[OfC}.
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Semantic Role Labeling (SRL)

. 22Ol ZH =0{0f Tt o|0| Y (semantic role)= Ats2 2 It

o> M
o
Ofm
=2

- =79| PropBank®?} Z2 labeled datag X| =5t

« PropBank

Frameset agree.01

Arg(0: Agreer

Argl: Proposition

Arg2: Other entity agreeing

Exl: [Argo The group] agreed [ gy it wouldn’t make an offer unless it had
Georgia Gulf’s consent].

Ex2: [ArgM-Tmp Usually] [Argo John] agrees [5rg2 With Mary] [org) On ev-

erything].
fall.01 “move downward”
Argl: Logical subject, patient, thing falling
Arg2: Extent, amount fallen
Arg3: start point
Argd: end point, end state of argl
ArgM-LOC: medium
Exl: [Arg1 Sales] fell [Argq to $251.2 million] [Arg3 from $278.7 million].
ExXI: [Arg1 The average junk bond] fell [Arg2 by 4.2%] [ArgM-TMP 1 Octo-

ber].



Coreference Resolution

- B 22 ZHOA AHEE 22 HHEE2 59 X[A|ES
- 80{=:
+ Mentions: {™ entityE 7t2|7|= A0 EH
« Entities (referents): X|A| =l CHAF XHA|
o Coreference: =& 0|49 mention0| Z2 CHAS X[A|E
Ct.
 Anaphora: H0A A=E CHOf Chet XA 7S BTt
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Mention Types

 Indefinite noun phrases: a guy
« Definite noun phrases: the man
« Proper names: John, South Korea, the United States
* Pronouns
« Personal pronouns: |, you, he, she, it
« Possessive pronouns: mine, yours, his, her
« Reflexive Pronouns: myself, yourself, himself

- Demonstrative pronouns: that, these, those

45



Tools

« Annotated Corpora
« MUC-6, MUC-7 (Message Understanding Conference) — through LDC
« ACE 2002 - ACE 2005 (Automatic Content Extraction) — through LDC

« OntoNotes 4.0 (CoNLL Shared Task 2011), OntoNotes 5.0 (CoNNL Shared Task 2012 —
Arabic, Chinese, English) — through LDC

« 2b2/VA 2011 (medical domain)
« SemEval 2010 (Catalan, Dutch, English, German, Italian, Spanish) — through LDC
* Genia (documents about molecular biology)

« Open sourced system

« Stanford system: https://nlp.stanford.edu/software/dcoref.shtml

46



application

pragmatic analysis polarity, opinion
topics/categories
sentence extraction
semantic analysis

coreference resolution

syntactic analysis
negation, coordination
synonymy, generalization

lexical analysis
syntactic parsing
pp attachment

preprocessing subordinate clauses

morphological analysis

Se 00 Moy

POS tagging

language detection

tokenization
sentence splitting

47



Dialogue Systems: Final Art

Automatic

Natural
Language
Understanding

[TURN (“left")]

Grammar
& Lexicon

A4

Dialogue
Manager

[turn leff]
Speech >
Hemgln ition
Text-to-Speech
b I Synthesis P
b [OK!]

Natural
Language
Generation

S
[{acknowledge}]
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Brief History of NLP

“"AF2HS AFO|Of| O|Z40| M 7| A E|H =27} ‘AASIA|CHEID 2HSHA|
g 200|3, 1Y 7t 22X sz ¥ & WA © ot

Leibniz (1646-1716)
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Turing Machine

Tape of infinite length

A

-

X3

Tape Symbols

~. R/W head

Behavior Table

State\Symbol| 0 1 X Y B
S0 LXR)| - ~ [s3,YR)| -
sl (s1,0,R)|(s2,Y,L) — (s1,Y,R) —
52 (s2,0,L.) — (s0,X,R)|(s2,Y,L) —
53 — — — (s3,Y,L)|(s4,B,R)
54 — — — — —
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Formal Language Theory

OO X
—TH= o
S
. QEOE} O| 23} A AT
. QEOEl| EY 982 £X g9

O|shCy
« Ol 54l Chomsky= A0 A
O got= 22 MAIRCH

Automata theory

/
(Combinational logic

Finite-state machine
\ /
Pushdown automaton
\ /
Turing Machine
e /
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Push

State\lnput Push
On Left
Off Right
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ot=0] <A #7|E

Digits = {8, &, 0|, o1, AL, 2, 5, & &, 7
Jarisu = {&(101), B8(10%), H(103), BH(10%), &H(108), =(101?), ..}

» S = AxE(10%) + 2 x=(10%)
o Af T UEMBE= (XM (10%) + LxH(102)) x 2H(10%)

= 00N = A2 Ol FHE= O|He| AtEHZ XAE o= -= 2L

AT = —

EE

(jarisu) = 2 x 10! x 10*
(jarisu) = 2 x 10% x 104

jarisu) X

F-.D-

(
B (jarisu) x



0z 0>

rat rat

Digits = {¥,
Jarisu = {&i(10

Digit

o ol M, M, 2,8, K, E, 7

), B4(102), *+(1o3), I3*(104), 4 (108), Z(101?), ..

Digit Jiq < Je g € (R M,

S

1= 1Z

e e
=

‘ Jarisu

Jarisu

TS
. ojptA

.}

I‘l)&] € (|_, =, &=

=)
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Digits = {¥,
Jarisu = {&i(10

o ol M, M, 2,8, K, E, 7

), B4(102), *+(1o3), I3*(104), 4 (108), Z(101?), ..
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The Two Camps: 1957-1970
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Various Paradigms: 1970-1983
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Empiricism and Finite-State Models Redux:1983-1993

o 28d A4S
- IBM EOFA SHE AL 2HEX 54014 2o 435
« Data-driven BtHo| M&
- L[IE 9oz 25| 2ol &
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The Field Comes Together: 1994-1999

. Data-driven BtEH1} 2tE7|H B S 0| CHM|S =238|7| A&t

 POS-taggig, dependency parsing, reference resolution, &3tA 2| & 2 £ G0N SEH
StA S S Y EHS| 7| A|EHSH
= o= —1 1

- |
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The Rise of Machine Learning: 2000-present

- E2 3R Y HO|H=0| =0 F
-+ QAH S A[CHE[ 7HE 0 274 CHEF 2| UKt =7t A B2 7tsor &

« Penn Treebank, Prague Dependency Treebank, Porpbank, Penn Discourse Treebank,
Timebank etc.

. IO [O|EHEZR QS| X|E &t AN ZSE0| EHANMOZ SIS Hh3|S} 7| A|EHSH

« SVM, Logistic regression, Graphical Bayesian models, Neural network models
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The Reign of Deep Learning: 2006-present

. SEQ0{E Q09I GPU =2 EHM (Nvidia CUDA)
- AZELQIOH QoI MFY OfF|E

o _-I! - =
« H|X|E(unsupervised) HHEE MXI = HHECE [HRE

+ O|HX|= Ctget 7|Aete SEE S ofLtRAE ¢
E

* Pretrained embedding methods
« Autoregressive, VAE methods
« Transfer learning, self-supervised learning methods
. MZEZ Z3t5tE (deep reinforcement learning) & E S&
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102 (Language Models)
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N-Gram Models: 21X =

ufly o

Unigrams, Bigrams, Trigrams,

e.g., Bigrams:

.... N-grams

. S = Lbs OfXM BEE b
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(X, &5
il

N-Gram 232 ot Eto{o] =tE= 11 0|

. PEICHLI= Of M7 BE2) - PEICH(LE

4_|_|__| N-Gram £

« Katz's back-off trigram model
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Bengio et al (2003)2| H| It
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Vector Space Models of Words (word embeddings)

Word-Context matrix

¢ |G G
- 1 0

.« HIE 37 23 (Vector Space Models)2 Distributional hypothesis@t 70| &
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word\context the cat COW s running
the 100 15 13 10 8
cow 13 0 100 7 1
IS 10 9 7 100 35
running 8 6 1 35 100
is A
10 cat (15, 9)
cow (13, 7)

A 4

10

15 the
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Neural Probabilistic Language Model
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i-th output = P(w; = i | context)

softmax
L X | Cee 200 )
N
. \
most| computation here \
\
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(e e  — .. 0) (e e
Table . Matrix C
lOOk—ll ﬁ-.- --------------
in C P shared pmametels
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n C m | direct | mix | train. test.
MLPI1 5 60 | vyes no 182 268
MLP2 5 60 [ vyes | yes 257
MLP3 5 60 | ves no 201 310
MLP4 5 60 | ves yes 272
MLP5 5 30 | ves no 209 279
MLP6 5 30 | ves yes 259
MLP7 3 30 | ves no 210 293
MLPS8 3 30 | vyes | ves 270
MLP9 5 30 no no 175 : 276
MLP10 5 30 | no yes 2 252
Del. Int. 3 31 35 336
Kneser-Ney back-off | 3 334 | 323
Kneser-Ney back-off | 4 332 | 321
Kneser-Ney back-off | 5 332 | 321
class-based back-off | 3 150 348 | 334
class-based back-oftf | 3 | 200 354 | 340
class-based back-off [ 3 [ 500 326 | 312
class-based back-off | 3 | 1000 335 | 319
class-based back-off | 3 [ 2000 343 | 326
class-based back-off [ 4 [ 500 327 | 312
class-based back-off | 5 | 500 327 | 312




Word2Vec

o
w2 HiES 25t ASAMBL L4l logistic classifications = & WL

2 L12|F(with Skip-gram):

Treat the target word and a neighboring context word as positive examples.
Randomly sample other words in the lexicon to get negative samples.
Use logistic regression to train a classifier to distinguish those two cases.

Use the regression weights as the embeddings.
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GLoVe
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Recurrent Neural Network

 Recurrent Neural Network (RNN)7} XFEHO| X{2| 1
« RNNZ2 Ctot SOl [|O|E{0f| CHSH CFot HiAl

one to one many to one

QIE

many to many
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Long-Short Term Memory (LSTM)
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Gated Recurrent Unit (GRU)

OI'

+ GRUZ LSTM1t wAleh OFO|L|O| & Sofl &AE| O| 2HA S et
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Encoder-Decoder Model

- Sutsever et al (2014)0A| Seq2Seq 20| A|A| =
- O] AEol B2 F=2 LSTM 2= O[3 7| ARG 5= A SIAAH =2

ne
0jo

W X Y v4 <EO0S>
A A A A A
> > e > —— > >
T T T 7'y 7'y 7y 7'y Y
A B C <EOS> w X Y z

Figure 1: Our model reads an input sentence “ABC™ and produces “WXYZ" as the output sentence. The
model stops making predictions after outputting the end-of-sentence token. Note that the LSTM reads the
input sentence in reverse, because doing so introduces many short term dependencies in the data that make the
optimization problem much easier.
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RNN Eo=|0| |—7(|_—|

« Generating Text with Recurrent Neural Networks (Sutskever et al, 2011)

« Skip-Thought Vectors (Kiros et al, 2015)

« Neural Machine Translation by Jointly Learning to Align and Translate (Bahdanau et al,

2015) — Attention LS S%

- Deep contextualized word representations (Peters et al, 2018) — ELMO &%&
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Transformer: "Attention is All you Need”

Output
Probabilities
Linear
kS
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Forward
Concat
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Forward N ] ] |
| SE— Linear Linear Linear
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Multi-Head Multi-Head Q K V
Attention Attention o i g
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1 1 [Vaswani et al 2017]
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Transformer-based approach

« Transformer 7|49t S10{E2HO| &
 BERT (Devlin et al, 2018)
« GPT-2 (Radford et al, 2019)

| A

° E
E
HSS

= &0ofl deep contextuahzed pretrained embeddings & &0l CF& ok XA X2
Xe|ot= & ol 22| mM ALt

|-Jo

« Transfer learning
« Down-stream tasks

. 9l HTYL w3 oo 2L

= SorotA =Lt
= 284 MA)

 Byte-pair encoding (Y EfA EA
S NLP Lo Z=2rel 2R -d HA)

« Multi-task learning (=X
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ULMFiT

GPT
Transformer Bidirectional LM
. " / Larger model
ELECTRA - Use GAN for masklng_; More data
o =
Cross-lingual BERT : Defi
GPT-2 SIENSe » Grover

Multi-task

XLM
. +Knowledge Graph Cross<modal
UDily \iTDNN
MASS Permutation LM
UniLM Transformer-XL

Knowledge |distillation VideoBERT

CBT
ViLBERT
ERNIE VisualBERT
(Tsinghua) B2T2
XLNet Unicoder-VL
RoBERTa Neural entity linker LXMBERT
VL-BERT
UNITER

MT-DNNgp
ERNIE (Baidu)

BERT-wwm
SpanBERT

KnowBert

By Xiaozhi Wang & Zhengyan Zhang @ THUNLP
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“You know nothing, Jon Snow”

Ygritte, Game of Thrones
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Rebooting Al (Marcus & Davis, 2019)

Tesla driver dies in first fatal crash while Against a bright spring sky, the car’s sensors system failed to distinguish a

using autopilot mode large white 18-wheel truck and trailer crossing the highway, Tesla said. The
car attempted to drive full speed under the trailer, “with the bottom of the

E‘;ﬁf;?gﬁ?,iﬁ';:ﬁ; n &Z’,ﬁiﬁg};ﬁ:ﬁgg&'{ﬁ?“ﬁm trailer impacting the windshield of the Model $”, Tesla said in a blogpost.

A police report in the Levy County Journal said the top of the vehicle “was
torn off by the force of the collision”. The truck driver, Frank Baressi, 62, of
Tampa, Florida, was uninjured, the Journal reported.

America’s National Highway Traffic Safety Administration (NHTSA) has
opened an inquiry into the accident.

Brown owned a technology company called Nexu Innovations and was a
Tesla enthusiast who posted videos of his car on autopilot on YouTube. One
video showed his car avoiding a collision on a highway, racking up 1m views
after it was tweeted by Tesla CEO Elon Musk.

A Joshua Brown, the first person to die in a self-driving car accident. Photograph: Facebook
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Deep Neural Connectome
Deep neuroethology of a virtual rodent (ICLR, 2020)
OpenAl Microscope project

Graph Neural Networks
The Logical Expressiveness of Graph Neural Networks (ICLR, 2020)
Neuro-Symbolic approach

Neural Symbolic Reader: Scalable Integration of Distributed and Symbolic
Representations for Reading Comprehension (ICLR, 2020)

Distillation, Pruning and Quantization
DistilBERT (ArXiv, 2019)

93


https://openai.com/blog/microscope/
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