ATLE EXARTH

(Artificial Intelligence for Text Analytics)

FlZA S AHT AR
(Question Answering and
Dialogue Systems)
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F42 K4 (Syllabus)

Bk (Week) B #f (Date) ™M % (Subject/Topics)
1 2020/03/04 AN I % & X RKRSHREZIN L

(Course Orientation on Artificial Intelligence for Text Analytics)
2 2020/03/11 XA HregHet @ B REZT

(Foundations of Text Analytics: Natural Language Processing; NLP)
3 2020/03/18 Pythong #k3E3 R 3¥

(Python for Natural Language Processing)

4 2020/03/25 R IEFuIE AR ST
(Processing and Understanding Text)

5 2020/04/01 A AEZEHMIAE
(Feature Engineering for Text Representation)

6 2020/04/08 AT E X ASHEEHR
(Case Study on Artificial Intelligence for Text Analytics I)



F42 K4 (Syllabus)

Bk (Week) B #f (Date) ™M % (Subject/Topics)
7 2020/04/15 sy A%#a (Text Classification)
8 2020/04/22 XA FFo XAEHEA

(Text Summarization and Topic Models)
9 2020/04/29 2 ¥ 3% % (Midterm Project Report)
10 2020/05/06 =C A #B4sL & Fu 4~ (Text Similarity and Clustering)
11 2020/05/13 & & pdife i 4 B 52357

(Semantic Analysis and Named Entity Recognition; NER)
12 2020/05/20 15 R 7 #7 (Sentiment Analysis)



F£2 K4 (Syllabus)

# R (Week) B Ej (Date) P % (Subject/Topics)
13 2020/05/27 AT EXRGHBEEHZR
(Case Study on Artificial Intelligence for Text Analytics Il)

14 2020/06/03 REZ EAv@ M o] T ANHEL

(Deep Learning and Universal Sentence-Embedding Models)

15 2020/06/10 PR A %YL 4 %
(Question Answering and Dialogue Systems)

16 2020/06/17 #pK=zk% | (Final Project Presentation I)
17 2020/06/24 H#p K =zk% Il (Final Project Presentation Il)

18 2020/07/01 &7 58 M4k T



Question Answering
and
Dialogue Systems



Outline

* Question Answering

* Dialogue Systems



AIWISFIN
Al Conversational Robo-Advisor

AT EHZEFEHHKBEZA)

First Place, InnoServe Awards 2018

m23m ABESR ik Liked v X\ Following v = # Share

YHERREERTEN

T rmovaine -
ﬂ InnoServe & FRBIFT R T} 44 M shared a post. oo
s November 28 at 2:43 PM - @

{#InnoServe i TS LE(F M RIIEHE L)
28 & HREERANAAEZUAEFE ?
RECMESANMRRESSERE -

InnoServeZ AREIFT

@InnoServe.tca.org

Home AIWISFIN

About
Photos
Welcome
BERED P Om— 200 )
Welcome 28,112 Views
Vitese ﬁﬁiﬁf ,zaa at11:37 AM - @
R RUA— %  CAEREERER? Y
Community ZESR TAIWISFIN, {EM #RESE RARMERES -
info and Ads % SEAL RN A S,
MERRARERESE !

SO : AIWISFIN A TRBHERBISIEA

PIE  FLRTERNEEAREREES Y
PRI JTAR (RREESR)
MIREEN  RREEM

SR : RTR - BEE - TRF - BOX

Pl oE https://ppt.cc/fyc3sx .

https://www.youtube.com/watch?v=sEhmyoTXmGk
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2018 The 23t International ICT
Innovative Services Awards
(InnoServe Awards 2018)

InnoSjerve
Annual ICT application competition held for
university and college students

The largest and the most significant contest in
Taiwan.

More than ten thousand teachers and
students from over one hundred universities

and colleges have participated in the Contest.

https://innoserve.tca.org.tw/award.aspx
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2018 International ICT Innovative Services Awards
(InnoServe Awards 2018)
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IMTKU
Emotional Dialogue System
for
Short Text Conversation

at
NTCIR-14 STC-3 (CECG) Task

NTCIR-14 Conference, June 10-13, 2019, Tokyo, Japan



Tamkang University
TREE Y 2011
IMTKU Textual Entailment System for

Recognizing Inference in Text
at NTCIR-9 RITE

Department of Information Management
Tamkang University, Taiwan

Min-Yuh Day Chun Tu
myday@mail.tku.edu.tw

NTCIR-9 Workshop, December 6-9, 2011, Tokyo, Japan
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Tamkang University
X = Rk 2013
IMTKU Textual Entailment System for

Recognizing Inference in Text
at NTCIR-10 RITE-2

Department of Information Management
Tamkang University, Taiwan

Min-Yuh Day Chun Tu Hou-Cheng Vong  Shih-Wei Wu  Shih-Jhen Huang
myday@mail.tku.edu.tw
NTCIR-10 Conference, June 18-21, 2013, Tokyo, Japan
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IMTKU Textual Entailment System for
Recognizing Inference in Text at NTCIR-11 RITE VAL

Tamkang University 20 14
% K

Min-Yuh Day  Ya-Jung Wang Che-Wei Hsu En-Chun Tu

Huai-Wen Hsu Yu-An Lin Shang-Yu Wu Yu- Hsuan Ta| Cheng-Chia Tsai
NTCIR-11 Conference, December 8-12, 2014, Tokyo, Japan



NTCIR 2 0 1 6

IMTKU Question Answering System for
World History Exams at NTCIR-12 QA Lab2

Department of Information Management
Tamkang University, Taiwan
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Min-Yuh Day Cheng Chla Tsai Wei-Chun Chung Hsiu-Yuan Chang Tzu Jui Sun Yuan- Jle Tsai Jin-Kun Lin Cheng-Hung Lee

Sagacity Technolog

Yu-Ming Guo Yue-Da Lin  Wei-Ming Chen Yun-Da Tsai Cheng- Jhlh Han Y| -Jing Lin Yi-Heng Chiang Ching-Yuan Chien

myday@mail.tku.edu.tw
NTCIR-12 Conference, June 7-10, 2016, Tokyo, Japan
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NTCIR 9 0 17 ¥

IMTKU Question Answering System for
World History Exams at NTCIR-13 QALab-3

Department of Information Management

Tamkang University, Taiwan

Min-Yuh Day  Chao-Yu Chen
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Wanchu Huang  Shi-yaZzheng  I-Hsuan Huang gCh

myday@mail.tku.edu.tw
NTCIR-13 Conference, December 5-8, 2017, Tokyo, Japan

i

Yue-Da Lin Yi-Jing Lin

Min-Chun Kuo
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Tamkang University

Nl 2019 ek %l

IMTKU Emotional Dialogue System for
Short Text Conversation at NTCIR-14 STC-3
(CECG) Task

Department of Information Management
Tamkang University, Taiwan

3 = 5
Min-Yuh Day  Chi-Sheng Hung  Yi-Jun Xie Jhih-Yi Chen Yu-Ling Kuo Jian-Ting Lin

myday@mail.tku.edu.tw
NTCIR-14 Conference, June 10-13, 2019, Tokyo, Japan
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IMTKU System Architecture for NTCIR-13 QALab-3

Question

R | T S

Complex Essay _ Translator |

[ Simole Essa 4-»[ Question Analysis ) .
P ! Stanford

True-or-False |: l 1  CoreNLP |
; Factoid ) — —
f Slot-Filling ‘: [ Document Retrieval I ~ Wikipedia

L LT L L L L Lttt : = - e
i Unique 1! 1 !

Answer Extraction ]

l !

[ Answer Generation

! !

Answer
(XML)

NTCIR-13 Conference, December 5-8, 2017, Tokyo, Japan L

Word Embedding ]
Wiki Word2Vec




System Architecture of

Intelligent Dialogue and Question Answering System

User Question Input
' \ L 2 ’ : Deep Learning )
RNN (D i N _ TensorFlow
LSTM @ Dl In.tentlon ﬂ Question Analysis )
GRU L Detection ) Python
— 1| l l ONITK
(- )
AIME [ Document Retrieval DIEIEELE
AIML KB Dialogue KB
g Engine ) 1 1
‘ IR
~ [ Answer Extraction ]
T Real Time
Cloud Dialogue
Resource
AP [ Answer ] [ Answer I l Deep Learning ]
4 Generation Validation
System l

Response 1\L

Answer

Generator

18



IMTKU Emotional Dialogue
System Architecture

3

Emotion
Classification
Model

NTCIR-14 Conference, June 10-13, 2019, Tokyo, Japan 19



The system architecture of
IMTKU retrieval-based model for NTCIR-14 STC-3

Retrieval-Based Model

1

Segmentation : Building
I D Index
QP i_ — — — Retrieval Model
s N\ e \ 1 ( \
'l Keyword Distinct | 1 . Word2Vec
I Solr | Emotion .
1| Boolean p—> . > Result = . * Similarity
| Matching "1 Matching .
 L_Query | Data | : Ranking
o e STT— I l

>[ qutioh ] Retrieval-
Classification Based

Response

NTCIR-14 Conference, June 10-13, 2019, Tokyo, Japan 20



The system architecture of
IMTKU generation-based model for NTCIR-14 STC-3
Generation-Based Model

Training Data

Building
Word Index

Word
Embedding

!
Training Data ]
Seq2seq model |

Generative Model

[ Emotion Matching ]

: |
: l

: l

l l : .

: Word2Vec Similarity | 1 . Generation-Based
: Ranking : Response

l - —
_____________ J

NTCIR-14 Conference, June 10-13, 2019, Tokyo, Japan 21



The system architecture of
IMTKU emotion classification model for NTCIR-14 STC-3

Emotion Classification Model

Training

r Dataset

Emotion
Classification

Corpus

\./ .

Testing
Dataset

r N
MLP
LSTM
BiLSTM
\ l J
( N
Emotion
Classification
Model
g J

Emotion
Prediction

NTCIR-14 Conference, June 10-13, 2019, Tokyo, Japan

—

22



The system architecture of
IMTKU Response Ranking for NTCIR-14 STC-3

( ) 4 ) ( ) 4 )
STC3 Se frr:tlann?c?’iion Stop 1.9 million data Vector of
Corpus = ¢ . > Words =»{Word2Vec=—>{_ .. . —»| Corpus
using (300 dimensions)
Jieba Removal
\./ . J \ J \ J . J \/-

NTCIR-14 Conference, June 10-13, 2019, Tokyo, Japan 23



NTCIR

Short Text Conversation Task
(STC-3)
Chinese Emotional Conversation
Generation (CECG) Subtask

http://coai.cs.tsinghua.edu.cn/hml/challenge.htmi



http://coai.cs.tsinghua.edu.cn/hml/challenge.html

NTCIR Short Text Conversation
STC-1, STC-2, STC-3
| |Japanese |Chinese |English |

NTCIR-12 STC-1 Twitter, Weibo,
22 active Retrieval Retrieval
participants Single-turn,
NTCIR-13 STC-2 Yahoo! News, Weibo, Non
27 active Retrieval+ Retrieval+ task-oriented
participants Generation Generation B
NTCIR-14 STC-3 Weibo,
Generation
Chinese Emotional Conversation for given
Generation (CECG) subtask amotion
categories - Multi-turn,
: : | task-oriented
Dialogue Quality (DQ) and Nugget Weibo+English translations, (helpdesk)
Detection (ND) subtasks distribution estimation for -

subjective annotations

https://waseda.app.box.com/v/ISTC3atNTCIR-14
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Chatbots: Evolution of Ul/UX

Paradigm

Platform
Examples

Applications
Examples

UI/UX

S/w Dev

Desktop
DOS, Windows, Mac OS

Clients
Excel, PPT, Lotus

Native Screens

Client-side

Browser
Mosaic, Explorer, Chrome

Website
Yahoo, Amazon

Web Pages

Server-side

mid - 00s
Smartphone

Mobile OS
iOS, Android

Apps
Angry Birds, Instagram

Native Mobile Screens

Client-side

mid - 10s

®

i
]
i

)
.|ci

’
i

HIY

T — - -
e W

1
|
i

i
I

-y T

i
f
1

'l
#
|

Messaging Apps
WhatsApp, Messenger, Slack

Bots
Weather, Travel

Message

Server-side

Source: https://bbvaopen4u.com/en/actualidad/want-know-how-build-conversational-chatbot-here-are-some-tools
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Al Dialogue
System



Dialogue Subtasks

Browse > Natural Language Processing > Dialogue

Dialogue subtasks

Task-Oriented

Dialogue i
G ) Dialogue
eneration
Systems &3
Dialogue Generation Dialogue State Visual Dialog Task-Oriented Goal-Oriented Dialog
Tracking Dialogue Systems
I~2 9O |leaderboards I 3 leaderboards
35 papers with code B SHEERRRoNYs 28 papers with code 15 papers with code
30 papers with code 20 papers with code
Short-Text
Conversation
Dialogue Management Dialogue Short-Text Goal-Oriented Task-Completion
Understanding Conversation Dialogue Systems Dialogue Policy
Learning
10 papers with code
6 papers with code 5 papers with code 3 papers with code

2 papers with code

https://paperswithcode.com/area/natural-language-processing/dialogue 28


https://paperswithcode.com/area/natural-language-processing/dialogue

Chatbot

Dialogue System
Intelligent Agent



Chatbot

FLIGHT BOT ]

n Let’s look for tickets!

@ New York

Seatle
Sept 15
Sept 19
2 Adults

Is this info correct?

| have found 17 results @
[

Type your message here... >

O




Dialogue System

Automatic Speech
Recognizer

Natural Language
Interpreter

Dialogue State

Tracker

\

Text-To-Speech
Synthesizer

Natural Language
Generator

Dialogue
Response
Selection

Dialogue System

31



Overall Architecture of
Intelligent Chatbot

Knowledge Base
( Source content)
+
Data Storage
- ( Analytics and interaction History )

[ PRESENTATION LAYER ] Messaging [ MACHINE LEARNING LAYER ]
User Backend NLP + NLU +Decision Engine
Interface

A

NLG

P

32



Can
machines

think?

(Alan Turing ,1950)




Chatbot

“online human-computer
dialog system
with
natural language.”



Chatbot Conversation Framework

Conversations

Chatbot Conversation Framework

General Al
[Hardest]

oWl |mpossible
Domain

Rules-Based

Closed :
[Easiest]

Domain

Retrieval- Generative-
Based Based

Responses

35



Interaction

Chatbots

Bot Maturity Model

Customers want to have simpler means to interact with businesses and
get faster response to a question or complaint.

Level 1 >

Level2 ) Level 3 >

One Channel
\ J

\One Language

Human to bot

| tuman ) SRS < B28B )
. Handoff Ilstenln ) conversation

(Simple Q&A)

Multi Bot-to-bot
\_channel A interaction
Multi \ person J

Case

Line based Conversation Procecs
intelligence m:sed interaction

State < Mood )
— API transactions
( Training of conversation
C ) NLP model Event AP! intelligent
listening / producing queries

=

ST E
API queries iNKS Tor more
s :

Intelligence

Source: https://www.capgemini.com/2017/04/how-can-chatbots-meet-expectations-introducing-the-bot-maturity/

Integration

36



From
E-Commerce
to
Conversational Commerce:
Chatbots
and
Virtual Assistants



Conversational Commerce:
eBay Al Chatbots

00000 ATAT 7 1:31 PM @ 79 76% m.>

eBay ShopBot >
< Home Typically replies instantly Manage

I'm looking for adidas stan smith

in white

Which gender are you looking

ebay  for?

Sure, I've got a few options for
ebay  those.

Best Value # 16 sold

Trend
$63.71 was $74 - ADIDAS WOMEN'S $99.9¢
STAN SMITH OG WHITE GREEN White
B24105 shopb|

shopbot.ebay.com

View item

ol
( A
|O ) )

}‘((:
&
©

38



Hotel Chatbot

BookHotel ®&----------- Intents

An intent performs an action in
response to natural language user

® 0 D input

I'd like to book a hotel  © - Utterances
Spoken or typed phrases that
Sure, which city? nvaoke your intent
New York City Slots

Slots are input data required to
fulfill the intent

What date are you leaving?

November 30th, 2016

Are you sure you want to
book the hotel in NYC?

Thank you. The reservation
went through successfully

®------ Fulfillment
Fulfillment mechanism for your intent

Source: https://sdtimes.com/amazon/guest-view-capitalize-amazon-lex-available-general-public/ 39



H&M'’s Chatbot on Kik

| g ) - ) 5 ) $
o o ’ ¢ === y O e ] O =

eseee MChatbot ¥ 16:20 7% gaxmm ’ esese MCratbot ¥ 1% T AN ’ eesee MegaFon ¥ 16:23 70 B3%mm } sssse MChatbot ¥ 16:25 T E2%

{ Hasap H&M Oyt < Hasap H&M ot < Hasap H&M Oyt < Hazap H&M oyt
3 Ceroams @ 12:54 PM ' Great! Time to learn . ) :
! - ' your taste with a few | Here's an outfit with a |

Hi . ! Welcome to H&M #M  “either or" questions... jeans. How do you feel
#M  on Kik . ° ) y’ML about this?

| | Which do you prefer, 1 | |

Let's get to know your #M  or2?
style with a few quick ° <
/I.Mo questions! i 4
v \
Do you want to see /IMO $96.96

men's or women's
Mllo clothing?

MIHYTY HA3AA

FY1if you like
something, tap on the
#M  item . toshopit!

e’m

#H
Great, lets get started!! = LA Looks great s
M TR #M $110.96
5 - Awesome! Would you
Which of the following Coolio! What's your A Try again like to s!\op’thns, share it
A#M  best describes you? A4 thoughts on these two? Al orsaveit? &
+ < == + - 1 + T 7] + . T



Uber’s Chatbot on Facebook’s Messenger

~

L PR T

Requested uberX
© Dolores Park

© 222 Market 51 San Francisco CA

Hi Sarah, we'll let you know
when your driver is on the way!

Your Uber &5 on the way. Michael
(4.9 stars) will arive in 2 minutes
in & Toyota Prius, license plate
FAC3BOK.

Call Driver

f\

/

Uber’s chatbot on Facebook’s messenger
- one main benefit: it loads much faster than the Uber app

41



Savings Bot

. . \ .
g a L
eeeus NETWORK ) =Y W00 . oo NETWORK 13 PV 100 - o NETWORX M 100N -
« Back SAVINGSBOT & Back SAVINGSBOT & Back SAVINGSBOT
good to see you'! What can | b
help you with taday?
Sweet!

“A penny saved
is a penny earned.”

DO you wani me 10 turm on
my auto-save feature?

fovasome’ What are you saving
for this time?

New Ride

$9,500

VIEW CREDIT OPTIONS | ASK BUDGETBOT

.

/'\

—

How much do you want 1o save?

Ok, how soon do you want this
new naea?

Alnght! I've checked your
spending habits and I'll transfer a
fow dollars into thes account avery
week

OK I | send you updates every

once in a while to lat your know
how you're doing?

No, thanks. Sure

7\

- -

42



Mastercard Makes Commerce More Conversational

/ .
’ L J
] ceeo ATAT T 216 PM 3 100% mm—
< Home Mastercard KAI> Manage

How much did | spend on
Uber in September?

Let's see. You spent
$343.30. | searched for:
Merchant: Uber

Date: between 09/01/2016
and 09/30/2016

. Sr—

Shall | break that down?

How about October

Let's see. You spent $197.32.
| searched for:

Merchant: Uber

Date: between 10/01/2016
and 10/31/2016

Want to see the
@ transactions?

. mastercard

/-\
—

e 0 ATAT ¥ 216 PM 1 100% .

< Home MasLecCaCEAD Manage

How much did | spend on
restaurants in Sept

Let’s see. You spent
$649.32. | searched for:
Category: restaurants
Date: between 09/01/2016
and 09/30/2016

Want to see the
transactions?

J

Show my offers

Go Greek with a Three-Course
Lunch for Two at Kefi

Savor flavors of the Mediterranean
with a 3 course lunch at Manhattan's

ginal

~
——

POWERED BY

Kasisto

0o ATAT ¥ 216 PM £ 100% I

< Home

Mastercard KAl > Manage

What benefits do | get with
my MasterCard

Price Protection Zero |
i you find the same thing at a lower Have
price, Price Protection reimburses financi
price differe card

LEARN MORE

What is Masterpass

Let's see. MasterPass by
MasterCard is a digital wallet
service. In other words,
instead of taking out your
card, you can tap your phone
to pay. For online shopping,

Mantatnnne starne vneir

7
—

Source: https://newsroom.mastercard.com/press-releases/mastercard-makes-commerce-more-conversational-with-launch-of-chatbots-for-banks-and-merchants/
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Bot Life Cycle
and Platform
Ecosystem



The Bot Lifecycle

Spec' ¢
<
Primote The Scmi

Lifecycle
JE)* of a bot f’
X

Publish \ E‘“ 1 De

Deploy
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The bot platform ecosystem
and the emerging giants

Nearly every large software company has announced some sort of bot strategy in the last year. Here's
alook at a handful of leading platforms that developers might use to send messages, interpret natural
language, and deploy bots, with the emerging bot-ecosystem giants highlighted.

General Al agents with platforms
Developer access available now or announced

' G O O V

Siri Alexa/Echo Cortana Viv
Apple Google Amazon Microsoft Viv Labs
Messaging platforms

L0~ I O @
iMessage Messenger WhatsApp Slack WeChat Kik

Apple Facebook Facebook Tencent
Allo Telegram Twilio Line Skype
Google Naver Microsoft

46



Bot frameworks and deployment platforms

& AUTOMAT ()

) N/

12

Wit.ai BotKit Chatfuel Automat Bot Framework
Facebook Howdy Microsoft
. 0000 .
< > e . </>
o ®
° .. .. ... . LJ
Api.ai Pandorabots MindMeld Gupshup Sequel

Google



DESIGNED BY

N GIFUENTES Bots Landscape VE| Profiles

Bots with traction

. Communication/
. @ { th \ Pwsonal [ I Virtual agents/ A Pr od ‘." Ityl nm ' mw
— Stan Customer service

e weas owes

cpeEEE -ND-@o~| DED:-DE« > &

M e— - ——— -

—SF DB~ “<‘II%W©EOHMIWME

- — v~ — .. —— e —

NE& - Ym0

Connectors/

Al Tools: Natural Language Processing,
Shared Services

Machine Learning, Speech & Voice Recognition

E@oB -EERSACCE - Lo zEOEE—
tes@O | -EES E-e/'DRsw-TvEDENL:
= nemro- HAE:EHE: o7 ~f
Bot Discovery e e R
Bot Discovery fr
@ @ ? g g Bot developer frameworks and tools
1 O DE*EE7 »9ed« oo
—— B CIE. 2 wol + ME » =0 ¢ BEE
Analytics
B Ansivic Messaging

-:‘! ____ ‘é ag-? kik- Alloca..




. Messenger Bot Landscape

Food

The Wine Pairer Plum  Pescetarian Kitchen  Hungry Foodie
Fitmeal Entrée Chatobook Make My Sushi Voome

ﬁ"‘
£ )

Y

Communication

Tangowork Typeform Anony Tarjimly Refugio Rescue Messe Match
Sensay LangLearnBot Chat Club Lingio Translate Decodemoji  U-Report Global Twiggo

<

kS
‘° r"w |.__.|

May 2017

Utilities

Poncho Calcbot DotCom Server Monsitor
A 2
@' ﬁ B
X
English Dictionary Youtube Search Idea Bot QRobot Instant Translator

Personal

M Operator Swelly AskVoila

0] o Ja-

kea Build  Selectionnist Bud Light Bot Ask Gary Vee Gick Visabot

1
.=. G
—

Analytics

SISENSE Stockflare  Pagelnsights DAM

C _J
:4_ DaM ‘ @
SISENSE = J

BuzzlLogger Trading Bot

Travel

Grindbase KLM British Airways  Space Explorer  AustrianAlrines

SnapTravel Kayak Ticketbot Rapido

Skyscanner

o -JKlo

Entertainment

Spotify Kim Kardashian  La Bringue 50 Cent Loquilo Fiel  LindsayLohan  Maroon 5
e - 1
5 m L
MTV News Axwell Alngrosso  RedBull TV SantaBot Star Wars Bot Citron Pokébot

HAEEE e

Design

ColoretoBot  Connie Digital AWNWARDS Mr. Norman Graphic Design  SnapBot

=) N o

News

CNN Digg wsJ Reddit Bot

-. Tl vis) i B

R
The Guardian France Info  Chatbots Mag VentureBeat

B

Al Jazeera

Hacker News Wired

@ 08

Developer Tools | Education

Genius Kimch
HackerOne Wiredelta
Robbie Zilly MemoryzerBot Ainstein

=)
et
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How to Build Chatbots

\
@ DATABASE @ APls
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Chatbot Frameworks
and Al Services

* Bot Frameworks
— Botkit
— Microsoft Bot Framework
—Rasa NLU
* Al Services
— Wit.ai
—api.ai
—LUIS.ai
—IBM Watson

51



Chatbot Frameworks

Comparison Table of Most Prominent Bot Frameworks

. Microsoft Bot
Botkit @ Framework NLU

Bullt-in Integration with messaging platforms ®
NLP support but possible to integrate but have close bonds

with middlewares with LUSai
Out-of-bo bots ready to be deployed ® ®
Programming Language JavaScript (Node) JavaScript (Node), C# Python

Created by ActiveWizards
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Comparison of Most Prominent Al Services
wit.ai

Free of charge

Text and Speech processing

Machine Leamning Modeling

Intents used as trait
entities, actions

Support for Intents, Entities, Actions

are combined
operations
Pre-bulld entitles for easy parsing
of numbers, temperature, date, etc.
®

Integration to messaging platforms web service AP

includes SDKs for Python,
Nodejs, Rust, C, Ruby, 105,
Android, Windows Phone

Support of SDKs

but has paid
enterprise version

Intents is the main

prediction mechanism.

Domains of entities,
intents and actions

also has facility for
deploying to heroku.
Paid environment

C# Xamarin, Python,
Node,js, 105, Android,
Windows Phone

LUIS.ai

it &5 in beta
and has transaction limits

with use of Cortana

integrated to Azure

enables building with Web
Service AP|, Microsoft Bot
Framework integration

IBM Watson
30 days trial

then priced
for enterprise use

possible via API

Proprietary language
“AlchemylLanguage”

Created by ActiveWizards
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Transformer (Attention is All You Need)
(Vaswani et al., 2017)

( iR
Add & Norm

Output
Probabilities

Linear

Feed
Forward
r ~\
_ .
Add & Norm Mult-Head
Feed Attention
Forward g I W Nx
i -
Nix
f-.' Add & Norm l Mesked
Multi-Head Multi-Head
Attention Attention
S I (SN S S
\_ J \_ _J)
Positional A Positional
Encodin D & i
coding Encoding
Input Output
Embedding Embedding
Inputs Outputs
(shifted right)
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BERT: Pre-training of Deep Bidirectional
Transformers for Language Understanding

BERT (Bidirectional Encoder Representations from Transformers)

Overall pre-training and fine-tuning procedures

Ksp
=

Mask LM
*

for BERT

Start/End Spax

v )G )] - ()

Ce )] o)) - (W]
leemfl & |- [ 8| Eeem ]| & |- [&]
e mm O L o
@m [TokN ][ [SEP) ][Tolﬂ ] [TokM]
l_'_l

Masked Sentence A

. 2
Unlabeled Sentence A and B Pair

Masked Sentence B

Pre-training

00—

BERT
EE e [Eamn (e ][]

- oo | [Lsem J[wer ] [ ]
EE. EIEE.- G

Question Paragraph
*
Question Answer Pair

Fine-Tuning




BERT: Pre-training of Deep Bidirectional
Transformers for Language Understanding
BERT (Bidirectional Encoder Representations from Transformers)

BERT input representation

Vi / h 4 D 4 N / B 4 N / / BN
Input [CLS] 1 my dog is ( cute ] [SEP] he [ likes ][ play ] ##ing ] [SEP]
Token
Embeddings E[CLS] Emy Edog Eis Ecute E[SEP] Ehe EIikes Eplay EMing E[SEP]
-+ + + + + -+ + + + -+ +
Segment
Embeddings EA EA EA EA EA EA EB EB EB EB EB
+ + + + + + + + + + +
Position
Embeddings Eo El E2 E3 E4 ES E6 E7 E8 E9 Elo




BERT, OpenAl GPT, ELMo

BERT (Ours)

OpenAl GPT
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Class
Label

BERT

el ]-

B B

Ey

G G JL ™ I S I S

ﬁ_

Sentence 1

Sentence 2

(a) Sentence Pair Classification Tasks:
MNLI, QQP, QNLI, STS-B, MRPC,
RTE, SWAG

Start/End Span

BERT

(e[ & |-

LE ][ e L& ][]

T

sl Tt:k l

L - L)

—
I_'_I

Question Paragraph

(c) Question Answering Tasks:
SQuAD v1.1

Fine-tuning BERT on Different Tasks

Class
Label
—
=] -

BERT

E

(cLs) E, E,
/I_I\ LT L
[CLS] Tok 1 Tok 2
]
l

Single Sentence

E,

(b) Single Sentence Classification Tasks:

SST-2, CoLA
(0] B-PER (0]
* & <
BERT
E|<:|.sl E, E, Ey

1 r 1

B Ea e e

Single Sentence

(d) Single Sentence Tagging Tasks:
CoNLL-2003 NER
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Fine-tuning BERT on
Question Answering (QA)

Start/End Span

EBEER M

BERT
E[CLS] E‘I =T EN E[SEP] E =TT EM'
. = - e .
I | O e O | |
[ | |
I I
Question Paragraph

(c) Question Answering Tasks:
SQuAD v1.1
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Fine-tuning BERT on Dialogue
Intent Detection (ID; Classification)

Class
Label

=l
(e L= )L =]J - = ]

[CLS] Tok 1 Tok 2

Single Sentence

(b) Single Sentence Classification Tasks:
SST-2, CoLA
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Fine-tuning BERT on Dialogue
Slot Filling (SF)

B-PER .

-
[CLS] Tok 1 Tok 2

Single Sentence

(d) Single Sentence Tagging Tasks:
CoNLL-2003 NER
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Pre-trained Language Model (PLM)

Semi-supervised Sequence Learning

context2Vec
‘ Pre-trained seq2seq
e
ULMFiT ELMo
GPT
Multiiingual Transformer Bidirectional LM
Larger model

MultiFiT More data

Cross-lingual Defense

» Grover

UDify i1 DNN

MASS Permutation LM
Knowledge |distillation UniLM IS et )
VideoBERT
CBT
MEDNNen ViLBERT .
ERNIE VisualBERT ERNIE (Baidu)
(Tsinghua) B2T2
XL Net i BERT-wwm
SpanbEREY Neural [entity linker Ynicoder-VL
RoBERTa et ty LXMERT
VL-BERT
Kmowhert UNITER By Siozhi Wang & Zhengyan Zhang @THUNLP

https://github.com/thunlp/PLMpapers 62
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Turing Natural Language Generation
(T-NLG)

17.5b 1 7b T;';tlf

15b

12.5b

MegatronLM
10b 8.3b

MegatronLM
83b

>

7.5b NVIDIA.

GPT-2

BERT-Large  '*oP ROBERTa
340m 2. w

25b g -390M BisHIBERT

Ai2 rr-y
® T e 1B bl £) m
A' i Goegle A Transformer_—¢~ ] (> a, 66
|2 mer_—g o [
OpenAl o - ﬁ XLM 665m  RoBERTa Vet
355m DistilBERT

5b

BERT-Large

ELMo GPT __— a65m
340m ____—
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https://www.microsoft.com/en-us/research/blog/turing-nlg-a-17-billion-parameter-language-model-by-microsoft/

¥ Transformers Transformers

State-of-the-art Natural Language Processing
for TensorFlow 2.0 and PyTorch

* Transformers
— pytorch-transformers

— pytorch-pretrained-bert
* provides state-of-the-art general-purpose architectures

— (BERT, GPT-2, RoBERTa, XLM, DistilBert, XLNet, CTRL...)

— for Natural Language Understanding (NLU) and
Natural Language Generation (NLG)
with over 32+ pretrained models

in 100+ languages

and deep interoperability between
TensorFlow 2.0 and

PyTorch.

https://github.com/huggingface/transformers
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Transfer Learning
in Natural Language Processing

Source: Sebastian Ruder, Matthew E. Peters, Swabha Swayamdipta, and Thomas Wolf (2019), "Transfer learning in
natural language processing." In Proceedings of the 2019 Conference of the North American Chapter of the
Association for Computational Linguistics: Tutorials, pp. 15-18.
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NLP Benchmark Datasets

Dataset

Link

Machine Translation

WMT 2014 EN-DE
WMT 2014 EN-FR

http://www-lium.univ-lemans.fr/~schwenk/cslm_joint_paper/

CNN/DM https://cs.nyu.edu/~kcho/DMQA/
T e —— Newsroom https://summari.e;s/ . _
DUC https://www-nlpir.nist.gov/projects/duc/data.html
Gigaword https://catalog.ldc.upenn.edu/LDC2012T21
ARC http://data.allenai.org/arc/
CliCR http://aclweb.org/anthology/N18-1140
CNN/DM https://cs.nyu.edu/~kcho/DMQA/
Reading Comprehension NewsQA https://dataser.ma?uuba.com/NestA
Question Answering RACE http://wvufw.qlzhe)ge.corp/data/RACE_leaderboard
Question Generation SQuAD https://rajpurkar.github.io/SQuAD-explorer/
Story Cloze Test http://aclweb.org/anthology/W17-0906.pdf
NarativeQA https://github.com/deepmind/narrativeqa
Quasar https://github.com/bdhingra/quasar
SearchQA https://github.com/nyu-dl/SearchQA

Semantic Parsing

AMR parsing
ATIS (SQL Parsing)
WikiSQL (SQL Parsing)

https://amr.isi.edu/index.html
https://github.com/jkkummerfeld/text2sql-data/tree/master/data
https://github.com/salesforce/WikiSQL

Sentiment Analysis

IMDB Reviews
SST
Yelp Reviews
Subjectivity Dataset

http://ai.stanford.edu/~amaas/data/sentiment/
https://nlp.stanford.edu/sentiment/index.html
https://www.yelp.com/dataset/challenge
http://www.cs.cornell.edu/people/pabo/movie-review-data/

Text Classification

AG News
DBpedia
TREC
20 NewsGroup

http://www.di.unipi.it/~gulli/AG_corpus_of_news_articles.html
https://wiki.dbpedia.org/Datasets

https://trec.nist.gov/data.html
http://qwone.com/~jason/20Newsgroups/

SNLI Corpus

https://nlp.stanford.edu/projects/snli/

Natural Language Inference MultiNLI https://www.nyu.edu/projects/bowman/multinli/
SciTail http://data.allenai.org/scitail/
. . Proposition Bank http://propbank.github.io/
SERLmMUGRGIS Labhing OneNotes https://catalog.ldc.upenn.edu/LDC2013T19

Source: Amirsina Torfi, Rouzbeh A. Shirvani, Yaser Keneshloo, Nader Tavvaf, and Edward A. Fox (2020).
"Natural Language Processing Advancements By Deep Learning: A Survey." arXiv preprint arXiv:2003.01200.
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Dialogue
on
Airline Travel

Information System
(ATIS)



The ATIS
(Airline Travel Information System)

Dataset
https://www.kaggle.com/siddhadev/atis-dataset-from-ms-cntk
Sentence | what | flights | leave | from | phoenix
Slots O O O O B-fromloc
Intent atis_flight

Training samples: 4978
Testing samples: 893
Vocab size: 943

Slot count: 129

Intent count: 26


https://www.kaggle.com/siddhadev/atis-dataset-from-ms-cntk

SF-ID Network (eetal., 2019)
Slot Filling (SF)
Intent Detection (ID)

A Novel Bi-directional Interrelated Model for Joint Intent Detection and Slot Filling

al
Uslot 1

( SoAtemion ) ( IntentAtention i SF Subnet

a

[\

{ Iteration
Mechanism

\ /

Islot

© © O

B-fromloc -
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Intent Detection on ATIS
State-of-the-art

Intent Detection on ATIS

0.98

e
O
~

Accuracy

e
k-3

0.95

Jun 15

RANK METHOD

1 SF-ID

2 Capsule-NLU

Dec 15 Jun 16 Dec 16 Jun 17 Dec 17 Jun 18
-»- State-of-the-art methods
ACCURACY PAPER TITLE
0.9776 A Novel Bi-directional Interrelated Model for Joint Intent
’ Detection and Slot Filling
0.950 Joint Slot Filling and Intent Detection via Capsule Neural

Networks

https://paperswithcode.com/sota/intent-detection-on-atis

YEAR

2019

2018

Dec 18

Jun 19

PAPER

CODE
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Slot Filling on ATIS
State-of-the-art

Slot Filling on ATIS

0.958
0.956
-
'
0.954
0.952
Jun 15 Dec 15 Jun 16 Dec 16 Jun 17 Dec 17 Jun 18 Dec 18 Jun 19 Dec
-~ State-of-the-art methods
7 Edit
RANK METHOD F1 PAPER TITLE YEAR PAPER CODE

A Novel Bi-directional Interrelated Model for Joint Intent
1 SF-ID 0.958 o " 2019 I O
Detection and Slot Filling

2 Capsule-NLU 0.952 Joint Slot Filling and Intent Detection via Capsule Neural 2018 5 o0
Networks

https://paperswithcode.com/sota/slot-filling-on-atis
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Restaurants Dialogue Datasets

* MIT Restaurant Corpus

— https://groups.csail.mit.edu/sls/downloads/restaurant/
* CamRest676

(Cambridge restaurant dialogue domain

dataset)
— https://www.repository.cam.ac.uk/handle/1810/260970

 DSTC2 (Dialog State Tracking Challenge 2 & 3)
— http://camdial.org/~mh521/dstc/
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CrossWO/<Z:

A Large-Scale Chinese Cross-Domain
Task-Oriented Dialogue Dataset

MultiwOZ

CrossWOZ

usr: I’m looking for a college type attraction.

usr: I would like to visit in town centre please.

usr: Can you find an Indian restaurant for me
that is also in the town centre?

Schema

usr: I want a hotel in San Diego and I want to
check out on Thursday next week.

usr: I need a one way flight to go there.

ust: FREF, AR RAET — S 24.55 PLERIR Sig?

Hello, could you recommend an attraction with a rating of 4.5 or higher?
sys: K& 1k, BE/NZHIEEICR BRI TR -

Tiananmen, Gui Street, and Beijing Happy Valley are very nice places.
usr: WEMALENURA, REEIX 7 AR AR E#R R 2052

I like Beijing Happy Valley. What hotels are around this attraction?
sys: ABAI & |, BAMH)E, Bi#EE, CIHE -

There are many, such as hotel A, hotel B, and hotel C.
usr: K7, WIETTEAR RMHEHRANEE YR, FEWKIED
sE4r LA, FRALIER ARSI

Great! I am planning to find a hotel to stay near the attraction. Which
one has a rating of 4 or higher and offers wake-up call service?
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CrossWO/<Z:

A Large-Scale Chinese Cross-Domain
Task-Oriented Dialogue Dataset

Type Single-domain goal Multi-domain goal
Dataset DSTC2 WOZ2.0 Frames KVRET M2M | MultiwWOZ Schema CrossWOZ
Language EN EN EN EN EN EN EN CN
Speakers H2M H2H H2H H2H M2M H2H M2M H2H
# Domains 1 1 1 3 2 7 16 >

# Dialogues 1,612 600 1,369 2425 1,500 8,438 16,142 5,012
# Turns 23,354 4,472 19,986 12,732 14,796 | 115,424 329,964 84,692
Avg. domains 1 1 1 1 1 1.80 1.84 3.24
Avg. turns 14.5 7 14.6 5:3 99 15:7 20.4 16.9
# Slots 8 4 61 13 14 25 214 72

# Values 212 99 3,871 1363 138 4,510 14,139 7,871
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Task-Oriented Dialogue

Initial user state (=user goal)
1d=1(Attraction): fee=free,
name="?, nearby hotels=?
1d=2(Hotel): name=near (id=1).
wake-up call=yes, rating=?

1d=3(Tax1): from=(id=1). to=(id=2),
car type=? plate number=?

1d=1 (Attraction): name=Tiananmen Square,
fee=free, nearby hotels=[Bei1jing Capital
Hotel, Guidu Hotel Beijing]

1d=2 (Hotel): name=Beijing Capital Hotel,
wake-up call=yes, rating=4.6

1d=3 (Taxi): from=Tiananmen Square,
to=Beijing Capital Hotel,

car type=#CX, plate number=#CP

id=1(Attraction): fee=free,
name=?, nearby hotels=?

Lfm, AR AR— A B

Hello, find me a free attraction please.

Attraction: fee=free

KAV E LhE?

How about Tiananmen Square?

id=2(Hotel): name=near (id=1),
wake-up call=yes, rating=?

Z i, FERAERLT ) 3955 B4R — FATM B 55
i S AER

Thanks. I’m also looking for a place to stay near
Tiananmen Square. It must have wake-up call.

Hotel: nearby=Tiananmen Square,
facilities=[wake-up call]

i R4 7 L AR SR

I recommend you Beijing Capital Hotel.

id=3(Taxi): from=Tiananmen Square,
to=Beijing Capital Hotel,
car type=? plate number=?

WA — 498 K1) A EN R AHL A0S, A
PRGN AER

Book a taxi from Tiananmen Square to the
hotel. Tell me the car type and plate number.

Taxi: from=Tiananmen Square,
to=Beijing Capital Hotel

W, AL #CX, G AL #CP,

Ok. Car type is #CX. Plate number is #CP.
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EHRAHEZE R &K

The Evaluation of Chinese Human-Computer
Dialogue Technology, SMP2019-ECDT

* BARZTTHEMS

Natural Language Understanding (NLU)
« ¥ E I

Dialog Management (DM)
s BARTT AR

Natural Language Generation (NLG)

http://conference.cipsc.org.cn/smp2019/evaluation.html
https://github.com/OnionWang/SMP2019-ECDT-NLU

76


http://conference.cipsc.org.cn/smp2019/evaluation.html
https://github.com/OnionWang/SMP2019-ECDT-NLU

Python in Google Colab (Python101)

https://colab.research.google.com/drive/1FEG6DnGvwfUbeod4zJ1zTuniMqf2RkCrT

cO & python101.ipynb B comment 2% Share L& 0

File Edit View Insert Runtime Tools Help All changes saved

RAM 1 S
+ Code + Text T v # Editin ~
Table of contents X Disk 9

Semanuc Anarysis

~ Question Answering and Dialogue Systems

<> Named Entity Recognition (NER)
NER with CRF

= NER with CRF — ) A
RandomizedSearchCV ~ Question Answering (Q )

Sentiment Analysis

Sentiment Analysis - Unsupervised ~ BERT for Question Answering

Lexical
Sentiment Analysis - Supervised Source: Apoorv Nandan (2020), BERT (from HuggingFace Transformers) for Text Extraction,
Machine Learni : : ;

SErpR Seaning https://keras.io/examples/nip/text_extraction_with_bert/
Sentiment Analysis - Supervised L . . .
Deep Learning Models Description: Fine tune pretrained BERT from HuggingFace Transformers on SQUAD.
Sentiment Analysis - Advanced Deep Introduction

Learning

. : This demonstration uses SQUAD (Stanford Question-Answering Dataset). In SQUAD, an input consists of a question, and a paragraph for
Deep Learning and Universal Sentence-

Embedding Models context. The goal is to find the span of text in the paragraph that answers the question. We evaluate our performance on this data with the
Universal Sentence Encoder (USE) "Exact Match" metric, which measures the percentage of predictions that exactly match any one of the ground-truth answers.
Universal Sentence Encoder We fine-tune a BERT model to perform this task as follows:

Multilingual (USEM)
Question Answering and Dialogue 1. Feed the context and the question as inputs to BERT.

Systems 2. Take two vectors S and T with dimensions equal to that of hidden states in BERT.

Question Answering (QA) 3. Compute the probability of each token being the start and end of the answer span. The probability of a token being the start of the answer
is given by a dot product between S and the representatio of the token in the last layer of BERT, followed by a softmax over all tokens. The
probability of a token being the end of the answer is compute similarly with the vector T.

4. Fine-tune BERT and learn S and T along the way.

BERT for Question Answering
Dialogue Systems

Joint Intent Classification and
Slot Filling with Transformers

References:
Data Visualization
« BERT
Section « SQUAD

https://tinyurl.com/imtkupython101 77
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Python in Google Colab (Python101)

https://colab.research.google.com/drive/1FEG6DnGvwfUbeod4zJ1zTuniMqf2RkCrT

& python101ipynb
O Py Py B comment &% Share £ o
File Edit View Insert Runtime Tools Help All changes saved
RAM 1 o o e
= Table of contents % | ®tede ¥l v Disk m— ¥ | / Editing | A
g g o Downloading: 100% [ 433/433 [00:29<00:00, 14.5B/s]
<>
Sentiment Analysis
Downloading: 100% [N 536M/536M [00:29<00:00, 18.3MB/s]
() Sentiment Analysis - Unsupervised
Lexieal Model: "model"
Sentiment Analysis - Supervised
Machine Learning Layer (type) Output Shape Param # Connected to
Sentiment Analysis - Supervised input_1 (InputLayer) [ (None, 384)] 0
Deep Learning Models
i t 3 (InputL N 384 0
Sentiment Analysis - Advanced Deep input_3 (Inputlayer) LiHone) )]
Learning input_2 (InputLayer) [ (None, 384)] 0

Deep Learning and Universal Sentence-

Embedding Models tf bert model (TFBertModel) ((None, 384, 768), ( 109482240 input 1[0][0]
Universal Sentence Encoder (USE) start logit (Dense) (None, 384, 1) 768 tf bert model[0][0]
UnNg@aISeMenceEncoder end_logit (Dense) (None, 384, 1) 768 tf bert model[0][0]
Multilingual (USEM)

Question Answering and Dialogue flatten (Flatten) (None, 384) 0 start_logit[0][0]

Systems -

flatten 1 (Flatten) (None, 384) 0 end_logit[0][0]
Question Answering (QA)
activation 7 (Activation) (None, 384) 0 flatten[0][0]
BERT for Question Answering
Dialogue Systems activation 8 (Activation) (None, 384) 0 flatten 1[0][0]
Joint Intent Classification and Total params: 109,483,776
Slot Filling with Transformers Trainable params: 109,483,776

Non-trainable params: 0
Data Visualization

CPU times: user 20.8 s, sys: 7.75 s, total: 28.5 s
Section Wall time: 1lmin 42s

https://tinyurl.com/imtkupython101 78
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Python in Google Colab (Python101)

https://colab.research.google.com/drive/1FEG6DnGvwfUbeod4zJ1zTuniMqf2RkCrT

& python10lipynb
(6O ) Py 4 7 B comment 2% Share £ o
File Edit View Insert Runtime Tools Help Allchanges saved
RAM I PR
+ Code + Text v oo v Editin A
‘= Table of contents X Disk NN £ <
RandomizedSearchCV e Dlalogue SyStemS
<>
Sentiment Analysis
() Sentiment Analysis - Unsupervised [ 1 1 #Source: Olivier Grisel (2020), Transformers (BERT fine-tuning): Joint Intent Classification and S
Lexical 2 #https://github.com/m2dsupsdlclass/lectures-labs/blob/master/labs/06 deep nlp/Transformers Joint I
Sentiment Analysis - Supervised NERVINN = IV |
Machine Learning . . . e .
v Joint Intent Classification and Slot Filling with Transformers
Sentiment Analysis - Supervised
Deep Learning Models The goal of this notebook is to fine-tune a pretrained transformer-based neural network model to convert a user query
Sentiment Analysis - Advanced Deep expressed in English into a representation that is structured enough to be processed by an automated service.

Learning

) ) Here is an example of interpretation computed by such a Natural Language Understanding system:
Deep Learning and Universal Sentence-
Embedding Models
Universal Sentence Encoder (USE) >>> nlu("Book a table for two at Le Ritz for Friday night",

tokenizer, joint _model, intent names, slot_names)

Universal Sentence Encoder
Multilingual (USEM)

Question Answering and Dialogue {
Systems 'intent': 'BookRestaurant',
Question Answering (QA) 'slots': {
. . 'party_size number': 'two',
BERT for Question Answering - -
'restaurant_name': 'Le Ritz',
Dia|°gue Systems 'timeRange': 'Friday night'
Joint Intent Classification and }
Slot Filling with Transformers }

Data Visualization
Intent classification is a simple sequence classification problem. The trick is to treat the structured knowledge extraction part

("Slot Filling") as token-level classification problem using BlO-annotations:

https://tinyurl.com/imtkupython101 79
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Python in Google Colab (Python101)

https://colab.research.google.com/drive/1FEG6DnGvwfUbeod4zJ1zTuniMqf2RkCrT

& python101lipynb
( Py Py B Comment &% Share £t 0
File Edit View Insert Runtime Tools Help All changes saved
RAM I o -
+ Code + Text v an v Editing A
= Table of contents X Disk. N “
RandomizedSearchCV TV B BT
) . ° 1 def show predictions(text, tokenizer, model, intent_names, slot names):
Sentiment Analysis 2 inputs = tf.constant(tokenizer.encode(text))[None, :] # batch size =1
) Sentiment Analysis - Unsupervised 3 outputs = model(inputs)
Lexical 4 slot_logits, intent logits = outputs
. . . 5 slot_ids = slot_logits.numpy().argmax(axis=-1)[0, 1:-1]
;enthenEAna!yS|s-Superwsed 6 intent_id = intent logits.numpy().argmax(axis=-1)[0]
achibe LoAtnIng 7 print("Text:", text)
Sentiment Analysis - Supervised 8 print("Intent:", intent names[intent_id])
Deep Learning Models 9 print("Slots:")
10 for token, slot_id in zip(tokenizer.tokenize(text slot_ids):
Sentiment Analysis - Advanced Deep N PR Pl ,( ; i —1ds)
L : 11 print(f"{token:>10} : {slot names[slot id]}")
earning 12 = =
Deep Learning and Universal Sentence- 13 show_predictions("Book a table for two at Le Ritz for Friday night!",
Embedding Models 14 tokenizer, joint model, intent names, slot_names)l

Universal Sentence Encoder (USE) , , .
[> Text: Book a table for two at Le Ritz for Friday night!

Joint Intent Classification and

e 4 for :
Slot Filling with Transformers

Friday : B-timeRange

Data Visualization night :

Universal Sentence Encoder Intent: BookRestaurant
Multilingual (USEM) Slots:
Book : O
Question Answering and Dialogue a:o0
Systems table : O
. A for : O
Question Answering (QA) ¥, 1 (BApATEY S SAEbeE
BERT for Question Answering at : O
Le : B-restaurant_name
Dialogue Systems R : I-restaurant name
##itz : I-restaurant_ name
o]
B
(0]
: 0

https://tinyurl.com/imtkupython101 80
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NLP Benchmark Datasets

Dataset

Link

Machine Translation

WMT 2014 EN-DE
WMT 2014 EN-FR

http://www-lium.univ-lemans.fr/~schwenk/cslm_joint_paper/

CNN/DM https://cs.nyu.edu/~kcho/DMQA/
T e —— Newsroom https://summari.e;s/ . _
DUC https://www-nlpir.nist.gov/projects/duc/data.html
Gigaword https://catalog.ldc.upenn.edu/LDC2012T21
ARC http://data.allenai.org/arc/
CliCR http://aclweb.org/anthology/N18-1140
CNN/DM https://cs.nyu.edu/~kcho/DMQA/
Reading Comprehension NewsQA https://dataser.ma?uuba.com/NestA
Question Answering RACE http://wvufw.qlzhe)ge.corp/data/RACE_leaderboard
Question Generation SQuAD https://rajpurkar.github.io/SQuAD-explorer/
Story Cloze Test http://aclweb.org/anthology/W17-0906.pdf
NarativeQA https://github.com/deepmind/narrativeqa
Quasar https://github.com/bdhingra/quasar
SearchQA https://github.com/nyu-dl/SearchQA

Semantic Parsing

AMR parsing
ATIS (SQL Parsing)
WikiSQL (SQL Parsing)

https://amr.isi.edu/index.html
https://github.com/jkkummerfeld/text2sql-data/tree/master/data
https://github.com/salesforce/WikiSQL

Sentiment Analysis

IMDB Reviews
SST
Yelp Reviews
Subjectivity Dataset

http://ai.stanford.edu/~amaas/data/sentiment/
https://nlp.stanford.edu/sentiment/index.html
https://www.yelp.com/dataset/challenge
http://www.cs.cornell.edu/people/pabo/movie-review-data/

Text Classification

AG News
DBpedia
TREC
20 NewsGroup

http://www.di.unipi.it/~gulli/AG_corpus_of_news_articles.html
https://wiki.dbpedia.org/Datasets

https://trec.nist.gov/data.html
http://qwone.com/~jason/20Newsgroups/

SNLI Corpus

https://nlp.stanford.edu/projects/snli/

Natural Language Inference MultiNLI https://www.nyu.edu/projects/bowman/multinli/
SciTail http://data.allenai.org/scitail/
. . Proposition Bank http://propbank.github.io/
SERLmMUGRGIS Labhing OneNotes https://catalog.ldc.upenn.edu/LDC2013T19

Source: Amirsina Torfi, Rouzbeh A. Shirvani, Yaser Keneshloo, Nader Tavvaf, and Edward A. Fox (2020).
"Natural Language Processing Advancements By Deep Learning: A Survey." arXiv preprint arXiv:2003.01200.
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