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HELLO!

| am Jaemin Cho

e Vision & Learning Lab @ SNU
e NLP /ML /Generative Model
e Looking for Ph.D. / Research programs

You can find me at:

heythisischo@gmail.com
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Tobay WE WILL COVER

Introduction to NLP

Chatbot Components

Pipelining

Serving



WHY?

Introduction to NLP
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T O .

Chatbot Components

o MEAAAHRA A

Pipelining / Tuning
o 2L FHRAESLIZ HAZ S| (sklearn.pipeline)
o HAsSEs2I fAHM OIXXIA AlEHED!

m Vectorizer, Tokenizer, Classifier S N2 2 WA

m  Hyperparameter Search

Serving
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INTRODUCTION TO NLP

NLP Applications
Libraries
Corpus



NATURAL LANGUAGE PROCESSING (NLP)

Computer
Science

Artificial
Intelligence



NAaTURAL LANGUAGE DATA

“tensorflow.org” (2015)



X

NAaTURAL LANGUAGE DATA

Sequence of symbols
o 2L EAH, AL E==A S8l LIE
o PC'E*HILP LhSok E e

o A2 s

=> s;ar_'—T‘_ 21 I X (Language Modeling)

s
o Oldetiless=22
o, H I AEE ISRt
o thecatplayspiano

=> The cat plays piano (Spocing)
BRUEEed = a6 = Ul =

NP VP

Det N V NP

the cat plays N

piano




NAaTURAL LANGUAGE DATA

X 2= GolErel 2GR
o AU HEXclE RolA= UIZ2H Tensor S EHZ BH= X OF &
m ME 2 GO0l Z0[0l SH Padding ol =0 OF & ... 7777
m Bucketing

Use PaddingFIFOQueue:

tf.train.batch(..., dynamic pad=True)

Use N + 1 Queues with conditional enqueueing:
tf.contrib.training.bucket by sequence_length(..., dynamic_pad=True

“Sequence Models and the RNN API” (TensorFlow Dev Summit 2017)



X Many-to-One

NLP MODELS

o A HH=Z 0FHA HAE =>0HLES &t

=
o AXBH =

X Many-to-Many
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o HAHHZ O0FHAEEAE > &
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NLP APPLICATION — SENTIMENT ANALYSIS

Z8/FH =4

X

Naive Bayes e o
SVM |
Random Forest .
CNN St 2
Recurrent NN

Recursive NN

XXX XXX

any other kind of

intelligent humaor

“Recursive Deep Models for Semantic Compositionality over a Sentiment Treebank” (2013)



NLP APPLICATION — QUESTION ANSWERING

N OlECI-
= — = &

Retrieval Model
o Random Forest
o SVM
o CNN

Generative Model
o RNN
o Transformer




NLP APPLICATION — MACHINE TRANSLATION

X A B

[} [

X Seq2Seq + Attention
o RNN-RNN
o CNN-RNN
o CNN-CNN
o Transformer
m self-attention

“openmt.net” (2016)



WHY 1S NLP HARD?
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KoreaN TexT DaTta

YEX (ZHA)

o N3 ZWHA/JKAIST2HA

|
LIIILICIOH/ LIRRII EX
Naver sentiment movie corpus
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o  SNS (Facebook, Twitter, Instagram)
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http://webcache.googleusercontent.com/search?q=cache:r8yE5uuz5UwJ:www.cubs.or.kr/korean/bbs/download.asp%3Fbbs_code%3Dutil_bbs70%26bbs_number%3D57%26fld%3Dfileurl+&cd=6&hl=en&ct=clnk&gl=kr
https://github.com/datanada/Awesome-Korean-NLP

ENGLISH QA DaTta

bAbl Task 1: Single Supporting Fact Task 2: Two Supporting Facts
Mary went to the bathroom. John is in the playground.
O HOIAS John moved to the hallway. John picked up the football.
Mary travelled to the office. Bob went to the kitchen.
o 20JH task Where is Mary? A:office Where is the football? A:playground
o EF E'I- %:l 2':_ J_,';I- /l! Task 19: Path Finding Task 20: Agent’s Motivations

The kitchen is north of the hallway. John is hungry.

The bathroom is west of the bedroom. John goes to the kitchen.

The den is east of the hallway. John grabbed the apple there.

The office is south of the bedroom. Daniel is hungry.

How do you go from den to kitchen? A: west, north Where does Daniel g kitchen

How do you go from office to bathroom? A: north, wes Why did John go to the kitchen? A hungry

SQUAD

AEHTHCE [HE D Airport
S . .

© — = JH = H = A The Stanford Question Answering Dataset

AL &
o == SH

= = An girport is an aerodrome with facilities for flights to take off and land. Airports What is an aerodome with facilities for flights to take off and land?
© Xl o / T X‘” => %I- often have facilities to store and maintain aircraft, and a control tower. An airpert airport
ccessible open space
O Xl o = 0“ %F O | 9,&' (=]} suchias A, for & plane-to What is an aerially accessible open space that includes at least one active
ak ad, e t utility buildings such as control surface such as a runway or a helipad?

(1 = T ”» O Jer { SR

© DEI = Il j | T X‘” : landing area

services, gifport aprons, air traffic control centres, passenger facilities such as

restaurants and lounges, and emergency services. . .
What is an airport?

aerodrome with facilities for flights to take off and land




ENGLISH QA DaTa

X  ParlAl

| 8t framework

©
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and

X Malluba

©

o AP0 =t

o NewsQA
m  =ASESE =
o Frames

m A A SAI E2E JtAI 1D =S {2l 026k D] (Goal-oriented)


https://github.com/facebookresearch/ParlAI
https://rajpurkar.github.io/SQuAD-explorer/
https://arxiv.org/abs/1502.05698
http://www.msmarco.org/
https://www.microsoft.com/en-us/research/publication/mctest-challenge-dataset-open-domain-machine-comprehension-text/
https://www.microsoft.com/en-us/download/details.aspx?id=52419
http://www.aclweb.org/anthology/D13-1160
https://arxiv.org/abs/1506.02075
https://arxiv.org/abs/1606.03126
https://arxiv.org/abs/1506.03340
https://arxiv.org/abs/1511.02301
https://arxiv.org/abs/1610.00956
https://arxiv.org/abs/1605.07683
https://arxiv.org/abs/1506.08909
http://opus.lingfil.uu.se/OpenSubtitles.php
https://www.cs.cornell.edu/~cristian/Cornell_Movie-Dialogs_Corpus.html
http://visualqa.org/
https://arxiv.org/abs/1611.08669
http://cs.stanford.edu/people/jcjohns/clevr/
https://datasets.maluuba.com/

Z2.

CHATBOT LMPLEMENTATION

Tokenizer
Feature extractor
Classification
Answer



SCHEMA

C

Sentence

)

v

Tokenization / Vectorization

Level-1 Classifier

Level-2 Classifier 1

Business Intent 1

Business Intent

Business Intent 2

Generation Module 1

Generation Module 2

Non-Business Intent 1

Non-Business

Level-2 Classifier 2

Non-Business Intent 2

Y

Generation Module 3 Generation Module 4

( Response

)
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VECTORIZATION
AEH EZZ2 NS MIIAE AMS (==cAH) S 0|ollE 5= A2

ADE ZFREI0loHE = U= EE(=HE) 2 U0 =0{0F 5t 2
dFHS 4= R2|Jt 0lof e == U= SHEHZ CHAl B RO &
@ codifying €) decodifying
Hi=gt 20|22 AISE=HE=
Feature engineering Q = Tree ' (Tree = ”

@)
o Encoding

o Embedding

o  Knowledge representation
@)

@)

9
Latent (hidden) Variable
Machine Understanding . sandingmoe message .




TOKENIZATION
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SEPEIE

ZIH 2& 20/ Hotld

W) U= ALE H=OH L=

(@)

(@)
(@)
(@)

Li= =1/ AR S
Batch_size=2
Vocob_size =6
[Lie AIIE ®E
EE= %%OP% Ot==
=[[1,2,3],
[1.4,5,6]]

=2/9

I BIAE ALE

Z 00l OIXI Xl Zot=

TOKENIZATION
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SEPEE

ZIH 2& 20/ Hotld

Ol) L= AtIHE HE

(@)

(@)
(@)
(@)

<pad>=0/Lt=

Batch_size=2
Vocob_size =
[Lt= ALDIE

BR= 3% =

=>[[1,2,3,0],
[1,4,5,6]]
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TOKENIZATION

ol OF &



TOKENIZATION
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TOKENIZATION

=0 e T = | = = )
=
=

o El Dol =ReEelil] SiEE-R A=
o ZHOLICOI =& A 20I/U= B2
@ Of M| b & S 0fACHE JHE BHOll, TR | K N R 02 . |

EREE = - | 24 )

H 3

o HHe= strsplit() 22
I=2..
m S FES A (Regular Expression)

e import re / from nltk.tokenize import regexp
m SHA=4D

e from konlpy.tag import Mecab, Twitter
m KoNLPy = S H0A M B2 Ch2Fer &0 & AMEX0E HH oA 2 LILH.
o XI=HQI AIEX AN =IHE S8 tokenizer 140/ E 2R

=1 =

rol
r0

(@)


https://github.com/lovit/soynlp

TOKENIZATION

import re

executed in 21ms, finished 09:44:09 2017-08-19

» def korean filter(text):
text = re.sub(r'[*7|-& +]', # O HfE0f OfFE= 252
', # O/EZ ofAEILC. (XIYHEIZICE)
text)
return text

executed in 24ms, finished 09:44:09 2017-08-19

korean filter('This is English J2|1 0|7 §21').split()
executed in 58ms, finished 09:44:09 2017-08-19
[rlalﬂll volydll |@%|]

KoNLPy

from konlpy.tag import Twitter
executed in 101ms, finished 09:42:23 2017-08-19

twitter = Twitter()
executed in 284ms, finished 09:42:23 2017-08-19

twitter.pos('This is English 2|1 O|A
executed in 1.35s, finished 09:42:25 2017-08-19
[('This', 'Alpha'),
('is', 'Alpha'),
('English’', 'Alpha’),
('J2|12', 'Conjunction'),
'"Noun'),
'Noun'),
'Punctuation’) ]

et




TOKENIZATION

X E0lAdCYgHMI|/ESEHE & N CH= JHE LU A .

o= AME0 {32

S H &, http://hikostat.kr/2282 (2014)



TOKENIZATION

E|O‘|Mj| /S F§ H Dl—jc(j USe) SeEEs B mxﬂ @*"”'
o APl : == |
B ANCH S AL |
m Daum

gl M=z

o CRF

m Pycrfsuite

[ J

o LSTM

n (TensorFlow)
o LSTM-CRF

=

|

o ex)0|2&ELEHN
=>0[/BE2/BZE/NE/BUHNE/NCH/ =0 2 <0 £


http://blog.theeluwin.kr/post/147587579528/python-crfsuite%EB%A5%BC-%EC%82%AC%EC%9A%A9%ED%95%B4%EC%84%9C-%ED%95%9C%EA%B5%AD%EC%96%B4-%EC%9E%90%EB%8F%99-%EB%9D%84%EC%96%B4%EC%93%B0%EA%B8%B0%EB%A5%BC-%ED%95%99%EC%8A%B5%ED%95%B4%EB%B3%B4%EC%9E%90
https://github.com/dsindex/segm-lstm
https://arxiv.org/abs/1508.01991
http://pytorch.org/tutorials/beginner/nlp/advanced_tutorial.html

TOKENIZATION

o2= HO 22 VocabularyJt el AHE &l X B
OOV (out-of-vocabulary; 11240| St&0HAl 22

old}I X
=R

FREE e i = = L Lt

(@)

E2 HUHE AESUS M) SH 20 2 &3

o i / 2l [ = OtH K| /2 = Ot X / OHHH X

2| (Character-level)

2|

MNIEIS/2)/OH/BIX/S

S22 2XE 010l ZSE 20017 20 IS/2S B2/ (A + F+0 =) AR
2o Yss =2

ALEZ S22 EME 222 (Subword)
o  Byte-pair encoding (BPE)

m / [OFHKXI /= [ 2

Hybrid
o Wordvector= Char vector=2 & &l XA

m  Z 2 /NN,CNN,LSTM

o QIZOIHK =2 += +0tH Xl =2 + = +(0OH+B{+X])



TOKENIZATION

X  Tokenization + VectorizationO| Continuous Spacelil A & 0| = O X| !
o StHE BX R&t H0{etE Token==2 LM = =

cats bat+s = bats

e W




TOKENIZATION
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VECTORIZATION
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VECTORIZATION TECHNIQUES

X  Count-based representation (& BIE S Al)

o TE=IDE=>“Z=sElC BB = el SOaP + S AR==E Pt O = S A

m Scikit-Learn

m (from sklearnfeature_extraction.text import TfidfVectorizer)

=

X  Distributed representation (22 S 2 Al)

o Neural Probabilistic Language Model =>“E 24 £ 0 Z0tA =2 X"

m  PyTorch (nn.Embedding)
m TensorFlow (tf.nn.embedding_lookup)
o  Skip-gram / CBoW / FastText =>“Et({ 2| 2| 0|

L O 0H
e I

Of eks 28 = 0H

m  Gensim (from gensim.models import word2vec)

m FastText

X Combined
o GloVe=>"= Lt S KotLII = CF A AF”

m  SpaCy / glove-python



EMBEDDING MATRIX

10000+ &0 x 1000+ X A
=>st&5ole O @i 2
=> pretrained 20| 0| &



https://github.com/Kyubyong/wordvectors
https://github.com/Kyubyong/wordvectors

VECTORIZATION

Word-embedding2 -1 St0{Jt ({E &0 =210l 20l 2Zot=XI0l ek 2 & E LI

Cetd 2O S$Ho It £

HE=5X.2 @ 9. 1. Normal word vector
: 2. Morphological word vector




VECTORIZATION

< Sentence >

0.25,0.5,-0.41,0.30,-0.12, 0.65, ...........,0,0,0,2,0,0,0, 3,0, 0, ..., 0.24,0.35,0 1, 1,1

Word Embeddings Keywords (& &t =& H 2) Custom Features



SCHEMA

C

Sentence

)

v

Level-1 Classifier

Classification

Level-2 Classifier 1

Business Intent 1

Business Intent

Business Intent 2

Generation Module 1

Generation Module 2

Non-Business Intent 1

Non-Business

Level-2 Classifier 2

Non-Business Intent 2

Y

Generation Module 3 Generation Module 4

( Response

)




CLASSIFICATION

HAEE HHEIZ &Z HEMULELD X L.
OlAl Ol B E JHA ) E2 UHES & ddolioF & B0

Ot Hl & RNN J| Bt Generative model 2 HE WM AFE0H)|0ll= 258t &0| Z&LUICH
o. S SU =N
o B IR
o =HOol ¥H LS HSHWAX =&tCh
o Ll ZN0 o ES

ANz 30N X0l= HE2 Oteli2 20| CHE S A - efLICE.

o MO Ot = s o RS R niEe
o Q2N ol Al oI O =R O /O (Intent) = ol LIE A& (25 =HI)
o 2t Intent 2] answer moduleS O| ol Al CHE M A



CLASSIFICATION

X O b EaE ==
o Tree-based models
m Decision Tree / Random Forest / Gradient Boosting
m Scikit-learn / Xgboost
o Neural Networks
m Fully Connected NN/ CNN /RNN
m PyTorch/TensorFlow
TF-IOF
Support Vector Machines (SVM)
Naive Bayes
Latent Dirichlet Allocation (LDA)

O- - 10 PECOMaNE



CLASSIFICATION

X X

2 8l 0] L S e O S S classification =g scikit-learn
= #\  algorithm cheat-sheet
HE 2= MOFENNR? m— (starr) 8

o =il of= =NPRE RS .
BROIESE= = L : e ol . [ >50 ) regression
e D Text Ry vonavs ,

X  Scikit-Learn cheet-sheet
f

Vg we 4 —
/[ - -
{ labeled L 4 / e

Spmml woRKING o ,
Clnstenng - data i - should be WORKING,
=7 s s important
o= / a - NO RidgeRegression
' &

“, mm\bE( of SVR(kernel=linear)
: categories /
known o

clustering

oy LLE
WORKING

dimensionality
f s ;
structure | reduction
4

http://scikit-learn.org/stable/tutorial/machine_learning_map/index.html



CLASSIFICATION

X  Decision Tree
Ovire = S

Dependent variable: PLAY

Play 9
Don't Play 5
o - HdSEas
OUTLOOK ?
m =M
b |
u =
5 sunny overcast
m OIS0 =X /
3 Play - Play 4 Play 3
) 4 Custom feature £ct&8 MA Ji= Don't Play @ Don't Play 0 Don't Play 2
oy BROLE D ST
FOPEIS p i WINDY ?
Feature Engineering ol OF £ ... \
FALSE
o ex) \
m e . - -
=X C} = Play 2 Play 0 Play Play 3
N — = = O-I l’l- LI- Don't Play 0 Don't Play 3 Don't Play 2 Don't Play 0




CLASSIFICATION

X  Random Forest
o 2 Decision Tree => Overfitting

Instance

o nJH2| Decision Tree A A

o 2 Tree = Trainingdatall YRLECZ S5 _ .
m F8F,.S=06lE 0000000 doobobde 006060'¢d0
Tree-2 [ree-n
o QFHDQU=F LA
m Treel Ct=Z & & (majority-voting) Class-A Class-B Class-B

Majority-Voting | .
o KagglelGilAl €2 M0l 2 inuu—nt,—unng




CLASSIFICATION

X  Gradient Boosting
o QELEEZE &43t= Random Forest

Integraticn of outputs

— ity M %)

o []H Tree= & HHOUNA = 01| AT st
HES0H JIISXE AN F0 &5

8

Joi

l=>Lt¢gl

(=

0y
ML

O

o KagoletiiA 22l X0|l= 22

X XogBoostct= &ME ctOIE It US



TF-IDF

X  Similarity score: Term-Frequency * Inverse Document Frequency

X AULNE=

o X2MNAN =0=2 X === 080 8F MEHSF L Intent labeling= of =3

o ex)
WA EZ1LH EXot2A 20 HE N ol OF otLER 7" =>‘Intent 01 S XA E
AHE2 2N HELDANHR 777 "= Intent 02: LI S AHE
JH A= 3“AEEH BHES R = Intent 03: L

X Idea

o WNHUHH SHL= === Cf Hl=otLt

o MZER0 SHLH U HSHZE 22 S & b8t 22 & & (Intent 01~ Intent 03)

o =Hlol =2 &HE Tllli= tHEol)

o  ex)

|
o
=
A
[0
_>d
2
e
Sl
Pu!
g
tl>
0>
ic
[



TF-IDF

X  Term-Frequency / Inverse Document Frequency

X AULNE=

o ANZMA =02 JH EE== 080l 85 XN & ol

| & ol & 12 Intent labeling0] & US
o ex)
WA E=Z 1M EXot AN 20 HE A ol OF StLER 77 =>Intent 01: £ AHAHE
DIHE22“H USEDANHLRITIT "= Intent 02: LIS A S
WA EZ 3N EE BHES R =>Intent 03: T’
X Idea
o JNAHUH SHLL= 22=2 C Hl=xotLt
o MZEE0 SHLLH IAH SHBE 22 S IA =&t 22 A (Intent 01~ Intent 03)
o =ZTHlol =2 HE <= thE ol
o  ex)
m S 22:H 6] EXol ] ASLICH” = Intent 01 EXHAMER



Tip: &
|

TF-

~

P Qs = she =P =0 = (T

Dot product = Cosine similarity

H 222 Yz B S?

&i‘” =E g2lae s

Xt& =Vocabulary size
k

= term-frequency (TF)
*04 EITH 2= 0l &0l LEE
2

14| “=2=a3a=aaaaasaas

Log-frequency weighting

OFF &= Ol EREEREES

L= TS
A Al logE F &t

STH 2 A =k-BTH 012 B P2

IDF

E 2 2t=0 M Cosine similarity Hl &t

Jt&E Cosine similarity Jt
it vector)

[0
2
>
|O

2 =87 =

LIod HE
"= =" B 0HOH Ol

== ) aSi=]

e = | — ey

& Bl & =document-frequency (IOF)
= 25 Y A= ZQ5IK XS > UHE



TF-IDF

Document 1 Document 2 tf("this",dl) — = =09

1
Term @ Term Count Term | Term Count ?

this 1 this 1 tf("this”,dy) = = ~ 0.14

is 1
2
another | 2 idf("this", D) = Iog(E) =0

sample 1 example 3

tfidf(“this”,d;) =0.2x 0=10
tfidf("this",dy) = 0.14 x 0 =0

https://en.wikipedia.org/wiki/Tf-idf



TF-IDF

Document 1 Document 2

tf("example”,d;) = — =0

Term @ Term Count Term | Term Count
this 1 this 1 tf("example”,dy) =
IS 1

2
another | 2 idf("example”, D) = 10g(i) = 0.301
example 3

~ (0.429

Y
5
L]
7

tfidf("example”, d;) = tf("example”, d;) x idf("example”, D) = 0 x 0.301 = 0
tfidf (" example”, dy) = tf("example”, dy) x idf("example”, D) = 0.429 x 0.301 ~ 0.13

https://en.wikipedia.org/wiki/Tf-idf
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Docement: ( DB =2y 2 2)

do coment. | = answer L

TR T z
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TF-IDF vs CNN

= Ol L} &KX 2F.
=l 0l Ote!) n-gram TF-IDFE2 20| 22 OI0IE M= 84501 O ESLILH
Otch HEE E‘_TLHjP O|XEC= OIOIE I B2 A 228 Held 2 MEAMR

elE (=5

(7
glg

—_— B Depth Pooling AG Sogou DBP. YelpP. YelpF. Yah.A. Amz. F. Amz. P.
Data st #lrain #lest #Classes  Chassfication Task Convolution 10.17 422 1.64 501 37.63 2810 3852  4.94

) . . — KMaxPooling 983 3.58 156 527 3804 2824 39.19 569
AG's news 120k 7.6k English news categorization MaxPooling 917 370 135 488 3673 2760 3795 470

Sogou news 430k 60k Chinese news calegonization Convolution 9.29 394 142 496 3610 2735 3750  4.53
DBPedia 560k 70k Ontology classification KMaxPooling 939 3.51 1.61 505 3741 2825 3881 543

Yelp Review Full 650k SOk Sentimem ana]ysis Convolution 9.36  3.61 1.36  4.35 35.28 2717 37.58 4.28

KMaxPooling 8.67 3.18 141 463 37.00 27.16 38.39 4.94

| " r - 10 olace ;
Yahoo! Answers 1400k 60k Topic classfication MaxPooling 8.73 336 129 428 3574 2657 37.00 431

Amazon Review Full 3000k 650k Sentiment analysis —_————————
Method n-TFIDF n-TFIDF n-TFIDF ngrams Conv  ConvtRNN  Conv  Conv

Amazon Review Polarity - 3600k 400k Sentiment analysis Autor [Zhang] [Zhang] (Zhang] [Zhang] [Zhang] [Xiao] [Zhang] [Zhang]
- —————————————— Eror  7.64 281 131 436 3795 2826  4043° 493
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3.

PIPELINING / TUNING

Scikit-Learn J| B2 &5 2 &
Tokenizer: & # X &4 [ HE A 24 D]
Feature Extraction: TF-IDF
Classification: Logistic Regression / SVM
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TIME TO GET YOUR HANDS DIRTY!

LICH!


https://github.com/j-min/fastcampus_dl_nlp_chatbot/tree/master/Day_01

4.

SERVING

RlasieZiBhe It 2 = =
ngrok = S ¢t http £ 2



KakKaoTaLk Bor

OlMl stsAl2l REZ 2EH/REE &

Flask J| &t

Ngrok

o Z A2 URL A D|
Ngrok_ms‘roll.sh

o ngorok &X| AHEE
Run.py

o, . JFS A BiEcel S
Sentiment_engine.pkl

o NTEE ZN/EXN mct D4l

Sentiment.py

o /LW BH Y BehA

AN HE BHe SRS BHS0f SAICH

v BB katalk_bot

ngrok
B3 ngrok_install.sh
= run.py
¥) sentiment_engine.pkl
® sentiment.py



KakKaoTaLk Bor

Mol LEH|ELIAS b RiL|Ch

RSS2

ZmN

P
é < zajrzip

#exzael



https://center-pf.kakao.com/login

KakKaoTaLk Bor
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flask_demo - of2E
By @flask_demo
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KakKaoTaLk Bor

X ANl ad
X  python run.py

jmin@Jaemins-MacB ~/workspace/fastcampus_chatbot/Day @1/katalk bot
~ python run.py
*¥ Running on http://0.0.0.0:5000/ (Press CTRL+C to quit)
127.0.0.1 - - [13/Sep/2017 18:28:15] "DELETE /friend/test HTTP/1.1" 200 -
127.0.0.1 - - [13/Sep/2017 18:28:16] "POST /friend HTTP/1.1" 200 -
127.0.0.1 - - [13/Sep/2017 18:28:17] "DELETE /chat_room/test HTTP/1.1" 200 -

127.0.0.1 - - [13/Sep/2017 18:28:17] "GET /keyboard HTTP/1.1" 200 -
[
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ngrok &!

Ooll

= A

KakKaoTaLk BoT

ngrok by @inconshreveable

Session Status
Version

Region

Web Interface
Forwarding
Forwarding

Connections

online

2.2.8

United States (us)

http://127.0.0.1:4040
http://1d@ala37.ngrok.io| -> localhost:5000
https://1d@ala37.ngrok.io -> localhost:5000

o opn rEl k5 p50 p9o
0 ] 0.00 0.00 0.00 0.00


http://xxxx.ngrok.io

X X

norok2 32| url =
APIEHIAE

H3les OIS

KakKaoTaLk Bor

2510 LIDI K & ol

Required*
keyboard OK
{"type":"buttons","buttons":["MEf1" " ME42"]}

APIHAE
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SKT %' Q©@ E.al 5% 6:41 PM

& demobot

Plus Friends

NGy fastcampus_demo_bot
fastcampus dem @demobot

0_bot

Q'demobot'
X View more results including emoticons
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REVIEW

Dataset

o  Korean: Sejong / Wiki / Namu / Naver movie sentiment
Tokenization

o  Whitespace

o Regular expression

o POS-tagger => Noun / Verb only
Vectorization

o N-gram

o TF-IDF

o CBOW/Skip-gram

o Word2Vec/Glove

o  Character embedding

o  Byte-pair encoding
Classification

o Tree-based models

o  Neural Networks



THANKS!

Any questions?



