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What is Natural Language?
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What is Natural Language
Processing (NLP)?

computers using natural language as input and/or output

language —— computer — language

~— understanding -

(NLU) -—— generation -

(NLG)
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How to teach a computer to learn
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Chinese NLP by CKIP
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Chinese Word Segmentation
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Chinese Word Segmentation
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Techniqgue of Word Segmentation

 Word-level approach

 Character-level approach
— Stanford
— JiaBa

 Hybrid-level approach
— CKIP Word Segmentation



Word-level approach

 One technique is Maximum length Word First
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Techniqgue of Word Segmentation

 Word-level approach

e Character-level approach
— Stanford
— JiaBa

 Hybrid-level approach
— CKIP Word Segmentation



Character-level approach

 Character Sequence Labelling
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Syntactic Structures by Syntactic
Parsing

* Provide syntactic structure for a given
sentence

S
.-"--..HH-H_"""'--..
NP VP
T T

DT NN VBD NP
| | | —

The boy ate DT NN
| |

a sandwich



The Information Conveyed by Parse

Trees
(1) Part of speech for each word
NN = noun, VBD = verb(past tense), DT = determiner)

S
.-"--.“I-I-H_"""'--..

NP VP

NP
The boy ate

a sandwich



The Information Conveyed by Parse

Trees
(2) Phrases
NP = noun phrase, VP = verb phrase, S = sentence

DT NN VBD
| | |

The boy ate DT NN
| |

a sandwich



Syntactic Ambiguity
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Syntactic Ambiguity

VP
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all N PP

flights on Tuesday
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on Tuesday

flichts

Example from Michael Collins



Parsing = Structure Disambiguation
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To Locate and Classify Named
Entities (NEs)

The defense secretary Donald Rumsfeld
— _/

\/_/ YT
ORG PER

NE Labels

PER (person)
ORG (organization)




Popular Approaches: Sequential
Labeling NER (Seg-NER)

The defense secretary Donald Rumsfeld
—

—— _/ Seq Labels

~
ORG PER B (begin)

| (inside)
@ O (outside)

The — defense — secretary — Donald — Rumsfeld

! ’ ! ’ ’
0 B-ORG 0 B-PER I-PER



Chiu and Nichols (2016)

We saw paintings of  Picasso Padding P 1 ¢ a s s o Padding
Word [ | [ | [ | [ | Character : : : : : : : : : : :
Embedding | ] . ] ] Embedding —— 11—
Additional | — — — — Additional [ [ [
Word Features ] ] | ] | Char Features ——H HHHHHHH HH—
CNN-extracted || || || || || T~ N N A A NS
Char Features [ — — — — A-Mé
Convolution \ \ \ l J{ J /
Max L\— — ——
B N |

CNN-extracted
Char features

|

TagScores | ||| [I1] LI1] LLI] L1

Best Tag
Sequence O O O O S-PER

J. P. Chiu and E. Nichols. Named Entity Recognition with Bidirectional
LSTM-CNNs. Transactions of the Association for Computational
Linguistics, 4:357-370, 2016.



Motivation

e Our observation

— most NEs are constituents

PER

_ A plausible
[ Constituent ]9 NE candidate

Ungrammatical - Unlikely an NE

[NNPJ [NNP]

The defense secretary Donzﬂd Rumsfeld
—
'

Ungrammatical



Our Idea: NER through labeling
each constituent

none

The defense secretary Donald Rumsfeld



But...

e There are still some inconsistent NE

g

[NNP ] [ NNP ) (NNP 'NNP| [NNP| [ NN]

senator Edward Kenned Taihang Mountain range
PER LOC
Type-1 Type-2

Cross Siblings Cross Branches




Eliminate Type-1:
Constituency Tree Binarization

-

[NNP ] [NNP | [ NNP] NNP| | NP

senator Edward Kennedy senator
- ~ g [NNP ) [NNP |
PER
Edward Kennedy
PER

Type-1
Cross Siblings Consistent

Approach

38



Eliminate Type-2:
Pyramid Construction

Taihang Mountain range Taihang Mountain range
LOC LOC
Type-2

Cross Branches No Inconsistencies

Approach 39



Constituency-Oriented NER

Sentence
V4

{Constituency Graph Generation]

ngs
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Constituency Graph
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Constituent Classification

e Constituent Labelling should be using “inside” and
“outside” information of the target constituent

The defense secretary Donald Rumsfeld



Bottom-Up Top-Down

senator Edward Kennedy

F Y
senator I Edward I Kennedy

42



BRNN Output Layer

e For each node i, given
— Left sibling /
— Right sibling r
_ Hx = Hbot,x +H
e Compute

top,x

— Predicted class probability distribution
O; = Softmax((H;||H/||H,) Wout + bout)



Seqg-Recurrent vs. Constituency-
Oriented BRNN

93% Consistency 97% Consistency
CoNLL 2003 OntoNotes 5.0
Model Precision Recall F1 Precision Recall F1l
Bi-Recurrent - - - 85.7 86.5 86.10
Chiu and Nichols (2016) 91.4 91.9 91.62 - - 86.41
BRNN(-CNN) 90.2 87.7 88.91 88.0 86.5 87.21

Peng-Hsuan Li, Ruo-Ping Dong, Yu-SiangWang, Ju-Chieh Chou and Wei-Yun Ma. 2017. Leveraging
Linguistic Structures for Named Entity Recognition with Bidirectional Recursive Neural Networks.
EMNLP 2017.
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 http://learn.iis.sinica.edu.tw:9187

— Deep Semantic Analysis

— Comprehensive Sentiment Analysis
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chat

INP UT intent() greeting
inform thanks
search_makeup search_item react aboutYou
. skin_bad
ask_property help_decision
FE0 i o B bl g ] i e YR A A
slot_parse()
update_and_search()
answer() compare() candidate_action()
praise() P
ask_slot() recommend_slot() recommend()

s Architecture get_feedback()
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Syntactic Structures by Syntactic Parsing
Named Entity Recognition with Syntactic Structures

Knowledge Graph for Chinese Common Sense
— E-HowNet (EEFA14E)



[EF 148 (E-HowNet)
o TR A OSSR SRS AT AIAE o [ SN

(HowNet)HJEEEE A - R’ bt 5els ~T L/ NGH e R Y

JUE 2l RRELRI A IS - DI B R i 3R - T

il A Eefit S R AR R
Ex: T % def:{InstitutePlace | 25 F:domain={industrial | T_},

telic={produce | #i&:location={~}}}

E%Z%%Dél%l(E-HowNet) TR

g 2 .
- R (L7 5iE) AT/ domain -
— ¥ A i location

2 R - 22 X _\
— % k=& S

17



WilF—2&
SLErE L A

gE_L
¥

y&:patient={~}D}}

Entity=
7

Relationzs]
t

;?é%%ﬂé% - {humanl A :predication={ or({ill}5 &&:theme={~} },{doctor/&Z

=Y

/e



E-HowNet4[135 4~ 5 (Ontology)

ySIES ZIN
{physical |7} (SR act|17#/1} i
Hanimatelﬁfr@}%ﬁ et - {ActSpecific| B ) o

- {AnimalHuman |

| | F{AIterSpeafchE“” YA

|
| [ {human[ L} - {AlterState | E5{RAE) B {55k
| | F{animal|&t} ™ PO - {AlterPhysical | 2 K&} %1, e.g.
| ]| t{lbeas':lf%i o N\ - {AlterStateNormal | 255 8l |
I D e N - {CauseToLive| 7%} & I A |
| | | F{InsectWorm|§§atlerﬂf\~ - |—{MakeL|vmg|n$_&,:}3’g_tm
| || |- {fish| £} ) L {ProvideFor | L&} 3; M& |
|+ {plant | &7}

{

- {inanimate | f&4E 4/}

NaturalThing | &A%}
artifact| A T4}
- {clothing | 747}
- {edible | Fe4
|
|

|

|

| | {food|&AH} patien
| | L{drinks| &R

| I {medicine | % 29;%1

| L {planting | tH} E’\]_Fﬁi
{CauseToGrow | {5\ &

—{
-y - {metabolize | {{:z5}}

|
<L
["| F{fosterlﬁ]%} = N8t
|L
|
| | F {digest|H{L}

- {absorb | L}
— {eat|IZ}
-
-

{drink| 15}

|
|
]
| I {feed|EE}

|

|

1]

1]}
AR | BT



TN

‘ ﬁ N
L R SRk A 4%
1. FZE[R (entity) K&
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PHES A def:{human| A_:predication={study |2

F.agent={~},location={foreign | ¥}[]},domain={education | Zi §}}}

3 EETERAAREMR
J i def:{ill | fE H&:manner={serious| gz & }} SEFRAE - EREEEA

AT def:{illlr}]% i :duration={Timelong| & pF ¥ }} e AEE
s T def:{ill | }ﬁj it :cause={tired | J& Z_}}

2 J def{ill] it :aspect={Vgoingon | i& & }}

18 def:{ill| T it :frequency={again| & }}

1. HEREEREAHERREZR
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A T
2% Jea R

JL

@)E\ - [
o  FARMESE defl: {5\ |watermelon} 1. wR S

e EHAFEEFTER def2:{fruit| /K&E:
predication={contain | &1 5;:
content={liquid | J#&:
quantity={many| %41},
theme={~}}}

R 2. BAMEE - {33
e defl:{J1|dog: source={][. 5% | Beijing}} LA R (L R S5 ST
o def2: {livestock|¥£5: =

telic={Z5%7 | MindTheHouse: ;u . - .
agent:{"'}}’ %ﬁ%ﬁ%/fb N /%Wi
source={]l 5% | Beijing}}
o def3:{livestock |5 telic={TakeCare | H&}:}:

patient={family| 7zz}, 3. S BRAESEEER
agent={~}},
source ={capital | [E{Z][:

name={"J1677"},

location={China | [},
quantifier={definite | ©$5}}}



Chinese NLU by CKIP

<7 SR 2247 (ckipsvr.iis.sinica.edu.tw)

7 EHT 4% (parser.iis.sinica.edu.tw)

S CaL TR
(wordsketch.ling.sinica.edu.tw)
B4R F £%7% (ehownet.iis.sinica.edu.tw)
B 7M1 %457 (learn.iis.sinica.edu.tw:9187)
BHaya 2.4 (deep.iis.sinica.edu.tw:9001)

WM Ktzs A

(learn.iis.sinica.edu.tw/~dgreyl1116/chatbot-demo/)
i EEE2EE (ckip.iis.sinica.edu.tw:8080/license/)



http://ehownet.iis.sinica.edu.tw/
http://ehownet.iis.sinica.edu.tw/

E-HowNet) 21 M E

ER A A AR 2. 0 5 L PR CEmE MR orEsmmEEae | e | e |
4| E- TopNode
(=) Collapse ‘& WIKI @) 55 - = entity |47
- + event| S
BN | EESX | FH | ER - object|fifE [ S, B, 4% |

2 thing| 8% [ THEY , RA , 7R, 8, B, B85 B, 3% ]

st il 5 physical 9 [ 9% , 95 , e, Ee |
5 animate|45 [ &9 , &vie | Aae | wiE  Ee | swle | s |
U B - AnimalHuman [
g 5 humanl A [ A, AR, AEL, AT, B FUEE , E BW2E B &, F ]
Y18 taxonomy 5 animallgt [ FEEE S , HEL, B8, &8, BT |
4 Word (4) + beast|#Ef [ £8 , &) , B |
i o lvestock |8 [ O, %% , 5% , & , &%, B, &8 ]

=

4 birdE[ B, BR, B8, B, &, 88, &84 ]
- InsectWorm|55 [ # , BT , &K , 3, &6, &, 5T , 87, 88 ]
* faa [worm [ 4555 |

Taxcnomy (1) o Floectle [ 7R, FHE TS & ) —— . a
Categary (0) gt |dragonfly [ T , v [N, s, ) | B e
dkaalfirefly [ 7, #kas , EAEA ] g Nab
+ bE|bee [ FRAFHE , folME , BT BHE EHE ¥ s dragonfly
- S |butterfly [ 4%, EiE | JBIE , BHE , BUR | pvent Frame:
filmoth [ & , Fdh , 8, BT , 0%, B, 3 cmen {8 dragonfly}
+ |cicada [ 51T , BhiE | 4REE 45, 49AE , 45, 4E st
185 |walkingstick [ 77ERS: | P,
+ i |grasshopper [ 45%kE | ¥FIE , W , BUF , ST :
¥ Sk |spider [ 8 , hBE , OOBE | SIS, 4R0E ] BEREE +wormsg&insects
UEE |cricket [ MREE , 2T , o, WHEL B, 552 Bt {InsectWorm | :predication={fly|F:theme={~}},predication=

EiF |scorpion [ §8 , & , &BF , & ] {eat|r% :patient={InsectWorm| £} agent={~}}}

858 | mantis [ 4% | g6 WordNet 5&h#EE: | {dragonfly.n.01}



E-HowNet'E

I W

va)

i

/!

EENEIRAREE. FE LT (AN EEEEG=07 HEREEHRSEES)

«| = TopNode
= entity| 2%
H event|Zi
- state|sras
# PhysicalState| #7244
= MentalState| #7374
= FeelingByGood|$#&

(=) Collzpse @) SHEd -
Hiigh | TERA | ERDERAED

Go

G- AtEase|E0 [ E0 . Hb , £, 7R, 8%, LF ]
T| joyfullER [ E8 , 8, 42  E . 8., 82 850  ER .. 98, BE , 1%, TE . §
?| satisfied|®mE [ “r:'ﬁ? wmE,UE, UE, &¥ , EE, 28, ER ., LEEER, TF, HE ]
# FeelNoQualms|&ig [ EifEly , E2&4 , £ ]
- [ shameless|ig= [ EE , #EE , FER, BE |, ERE, EEEE
= FeellngByBadljgﬁ

- uneasy|F3% [ FFE , FHEE , &6, BEEE , B, £TFE , 18, BR  BEFE . &
# unsatlsfledlﬂﬁ [ 7%, 7R, @EEE , LEFH , SEEE ]
7| upset|EWE [ BE , B . B, =8, %, BEFE ., ﬂ%ﬁ , EBA L, EM, BE, BL, BE LB
¥ osadlEM [ 2, &, ELRER, B, 80, BE, EE L EE B, ﬂﬁ B8]
o sorrowful |FEE [ 7€ , 888 , B0 = B, ﬁfﬁé 6 H%  EE BL, BE L E R
wfear|ztg [ 2, ;EE;EE;%H B, ER,.E, BT, BE, Fo, EE B,
:,'E'fﬁxLF”ﬁ @, e, 8L, £ ﬁiE,LF”EEE]
# surprise|&E [ B, B, 25, BEE , £8, By, BEE, 28, B2 |
&) worried|Ez [ ?E’L CJEECEL LB CERCEECECEE B EESERER IO
w-angry|EE [ &K BE ., £R, £H ., F,r CELCEBE,BE, BE, B 2R, ‘Ex.
CE]

disheartened| 0 [ 4% , IF ; IFT'-} R R, RO, BR,EE, 0KES  KELR
W orepent|BE [ 2%, R, 8. &8, B, BE, &8, 85 ]
- shy|Z® [ AF , & %E;Eﬁ 2, 2, BLEF , B, B2 |
- embarrassed| &2 [ E*ﬁ , B, B, AEER O, BEEE , 8, BEXFE ]
# disappointed|&:2 [ £¥ , EX , ME , 78, £%, 0F ]
- #iiflashamed [ 505 , iR , 25 , R, WX, T8, 2R, ], ZF8L ., BR, B8 ]



Reference on E-HowNet

Keh-Jiann Chen, Shu-Ling Huang, Yueh-Yin Shih, Yi-Jun Chen, 2005,
Extended-HowNet- A Representational Framework for Concepts,
Ontologies and Lexical Resources IJCNLP-05 Workshop

Shu-Ling Huang, You-Shan Chung, Keh-Jiann Chen., 2008, E-HowNet: the
Expansion of HowNet, The First National HowNet Workshop

Su-Chu Lin, Shu-Ling Huang, You-Shan Chung and Keh-Jiann Chen, 2013,
The Lexical Knowledge and semantic representation of E-HowNet,
Contemporary Linguistics, Vol.15, No.2, pp. 177-194.

Yueh-Yin Shih, Wei-Yun Ma, Extended HowNet 2.0 — An Entity-Relation
Common-Sense Representation Model, LREC 2018
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Introduction to Word
Representation



Word Representations

e Dictionary-based Word Representation
(Discrete Word Representation)

FE: DAROEE

Sl'HE: Nab

== EH: butterfly

Y e [OA0tE | butterfly:

EEA: {InsectWorm|g&:predication={fly|#f:theme={~}}}



Is there other ways to represent a

word?
In vector space terms, this is a vector with one 1 and a lot of zeroes

[c0o0000000010000]
Dimensionality: 20K (speech) — 50K (PTB) — 500K (big vocab) — 13M (Google 1T)

We call this a “one-hot” representation. Its problem:

motel [0 000000006061 060600] AND
hotel [ooo0o000100060000] =2 ©

Adapted slides from "Deep Learning for NLP(without Magic)"
of Socher and Manning



Continuous Word Representations

o A word Is represented as a dense vector

- 0.234 7

0.283
—0.435

0.485
—0.934

BHiE = [—0.384
0.234

0.548
—0.834

0.437
L 0.483




Continuous Word Representations

e Word embedding captures the word meaning
and project the meaning into a semantic

vector space

Adapted picture from "Deep Learning for NLP(without Magic)"
of Socher and Manning



Word2vec

INPUT PROJECTION OUTPUT

e
2 \

e By

Continuous Bag-of-Words
(CBOW)

Wikl ECSE

INPUT PROJECTION  OUTPUT

P
% EY
BASSE >
\
N\ —
\ it il
\ L
\\
s
Skip-gram

(Mikolov et.al, Workshop at ICLR 2013)



Skip-gram using softmax

e The objective of the Skip-gram
model is to maximize the INPUT PROJECTION  OUTPUT
average log probability |

w(t-2)
g . .
T Z Z 1(..lgjl{tt‘f_+j‘“'£ ) /

0 w(t-1)
t=1 —c<j3<ec,7#£0 /

w(t) 1 -
 The basic Skip-gram formulation w(t+1)
defines p(wt+j |wt) using the N
softmax function: 4 w2)
exp (11;,0 f'.wf) -
p(wolwy) = ' The probability is also used

i ZH_I exp z‘_L.Tt*u_-I on training. But so many calculations!
(Mikolov et.al, NIPS 2013) w—=



Skip-gram using Negative sampling
 We define Negative sampling
(NEG) by the objective

INPUT PROJECTION  OUTPUT

L‘
. r T E : . r T
1("]% U( I"LL'{_‘J Vwj ) il E'?.L‘q' ~ Pp (w) |:1U'g ET(_ I"LL'i Vw )j|

/ w(t-2)
i=1 /4 w(t-1)
N
N
\\
\\
<4

k is the number of negative samples wit) >

w(t+1)

 The sigmoid function

-{:F(:I;) — l - g e w(t+2)

< The function is also used
on training.
So little calculations!

0.5+

(Mikolov et.al, NIPS 2013)



1.5

0.5

Country and Capital Vectors Projected by PCA

(Mikolov et.al, NIPS 2013)

I I I
China«
*Beijing

B Russias

Japarnx
i Moscow

Turkey Ankara “Tokyo

Pr.::lan_ck . . _ .
Dimensional Sentiment Analysis for Chinese
- Germangy, .o cas
France “Warsaw
wBerlin
- ltaly< Paris
w -=Athens
Greece«
. Spain Rome
i ~ AMadrid
Portugal {4 isbon
| | ] | | | |

-2 -1.5 -1 -0.5 0 0.5 1 1.5




Introduction to Chatbot



ChatbotHYI/RE

Task Completion
Social Chat (chit-chat)
Negotiation

Game



Task Completion
o SERRBAIGEIRIVIETS, Ex: Google# FH]

Go gle = B 7 Ue}
oy i B R 2R i [ B ERIE IE

g7 15,200,000 1E4E5 (HE=05RET - 0.63 1)

=H /R

FEE B fER =R



SEAIRTE I, Ex: QAR 5152

Task Completion

S5 OEBERT
L.

CTEC BANK

| =R
RiEmEREN=? [ N
08:33:32
ﬁ%; FESHARBHNT  BEECETRORS :
083334 1 ERITEE
2 ERE
3.E58
4 EE
prueEey o N
08:34:28
fé} SEHTERIEM  B2E FF09:00~15:30 » BRIEER
0g:3430 A TTHRE -

% 4

(9al |
=

(%]

NCRREEL T HRREEZE :
1. BNEEeBEA

mUHEEE [ N

NC . AREEXRIREIE » FERTESRLEERIE



THRREES /O

08:35:14

o BHF~ N CRABRENES  Barall S5 A20=L
B EAENC » Bl SR EE S/ \CRAEE AR~

Lt

RBERENELAET [ N
08:45:26

O = ma A0 B MANE—SaEnEE (2 LELTHE
2a

1. EFE=500

). RIBFEBN

3. EEFESH

« g A BB 7 MRS

08:45:28




Social Bot

* WK Ex: (/oK

ETARIR... X TR RPREE
§ , HSUARBIBCIRE , BN
tﬂﬁ%’ﬁﬁgaﬁ. .« M

=

S (RRYEEANL SR

R | LUS B ﬁ

BN T

wt,

"-": j‘t.

-

XTHE, . . ilREFHNES
EVRABRNE , SRAR
BIMEE | fRRERE AR AR R AR
AR 2

Conen 1§

K EREAE MR AR B

PRE ST 2 7K TR ﬂ

HR— S EE[eRR)

E... AT

b

oIt exo BEHEE | FH(]

{F=3X exo 12

ygd |, IXELE EXO B9E
, ABAT, [EEEh

IRARBURIX A M

FBMIET ? (vl

X exo

(Slide from fEHH)




ChatbotHyZErEES s

User
WREEEIMHAFK
A RS

Semantic Frame

* Language Understanding (LU)
. inform

price_description=cheap,

swimming=True

)

F'cﬁ fﬁ T% _H,?c__z
4700 7

Semantic Frame
B
confirm

swimming=True
(.

" request
request_for=pricehigh
.

* Natural Language
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Intention Prediction

\ o Machine
AEEHM LA Learnin Inform

WA B :
: Model

Machine

KE T Learning Complain

Model

Machine

78 X BRUE A Learning ask

Model




Training for Intention “Inform”

\ o Machine
PEREE A Learnin Inform
) SAAEO ks
; Model
Machine
LEEEHIIREE Learning Inform
Model
Machine
s YN Learning Inform
Model
Machine
i e T A BN A 5 Learning Inform

Model



Semantic frame: Intention + Slot
Filling

Machine

WEHEE M EH et inform
AN ER & price=cheap
Model .
swimming pool=true
Machine
KET Learning complain
Model price=expensive
Machine
ERERUE I Learning ask

Model Asked item=Location




Dialog Management
SR EREREE
¢

BIIRER




ChatbotiE 5 4= i 7758

o {EHH Y 5~ (Canned Text)
FAMEMN Y 4= 5k (Template-based Generation)
F 5 HEEVEY )7 7E (Retrieval-based Approach)
RIZFEFR T 2 UETTEE S 4 ik (Generation-
based Approach via Semantic Frame)

¥ ER s KRS AT TEE = 42 i (Generation-
based Approach via Sequence-to-Sequence

Model)
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