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Al Conversational Robo-Advisor
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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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The Rise of Al

Al is born Focus on specific intelligence Focus on specific problems

* The Turing Test * Expert systems & knowledge Machine learning

 Information theory-digital signals e Optical character recognition Big data: large databases
¢ Symbolic reasoning * Speech recognition Fast processors to crunch data
High-speed networks and connectivity

L]
» Dartmouth College conference * Neural networks conceptualized Deep learning: pattern analysis & classification e
L]
L]

Dartmouth conference Edward Feigenbaum
led by John McCarthy develops the first :
L. coms the tern: ~ Expert System, IBM's Watson Q&A machine wins Jeopardy! ® 2016
artificial intelligence giving rebirth to Al Apple integrates Siri, a personal voice ° AlphaGo
1956 . 1975 - 1982 . assistant into the iPhone defeats Lee Sedol
2011 ¢ 2014
YouTube recognizes
2000 cats from videos
S I i I I I I I I N
1950 1960 1970 1980 1990 2010 2020
(
° :
1964 i 1997
Eliza, the first chatbot ~ § i IBM's Deep Blue defeats .
is developed by Joseph i i Garry Kasparoy, the world's
Weizenbaum at MIT ¢ ¢ reigning chess champion

Limited computer processing power ¢ Real-world problems are complicated
Limited database storage capacity e © Facial recognition, translation » Disappointing results: failure to achieve scale
Limited network ability © Combinatorial explosion ¢ Collapse of dedicated hardware vendors

Al Winter | Al Winter Il




Definition
of
Artificial Intelligence
(A.l.)



Artificial Intelligence

“ .. the science and

engineering
of
making

intelligent machines”
(John McCarthy, 1955)



Artificial Intelligence

“... technology that
thinks and acts
like humans”



Artificial Intelligence

“... intelligence
exhibited by machines
or software”



4 Approaches of Al

Thinking Humanly

Thinking Rationally

Acting Humanly

Acting Rationally

Source: Stuart Russell and Peter Norvig (2020), Artificial Intelligence: A Modern Approach, 4th Edition, Pearson
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4 Approaches of Al

2 hinki . ionall
Thinking Humanly: Thinking Rationally:
. The “Laws of Thought”
The Cognitive Approach
Modeling Approach
1. 4.
Acting Humanly: Acting Rationally:
The Turing Test The Rational Agent
Approach (1950) ApprOaCh

Source: Stuart Russell and Peter Norvig (2020), Artificial Intelligence: A Modern Approach, 4th Edition, Pearson
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Al Acting Humanly:

The Turing Test Approach
(Alan Turing, 1950)

Knowledge Representation
Automated Reasoning

Machine Learning (ML)

—Deep Learning (DL)

Computer Vision (Image, Video)
Natural Language Processing (NLP)
Robotics

Source: Stuart Russell and Peter Norvig (2020), Artificial Intelligence: A Modern Approach, 4th Edition, Pearson
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Tamkang University
VX b= R 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
VX b= R 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
y gz

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

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



NTCIR 20 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

’ i N
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 2017 % o o

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

/ sl
i
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o
e
e
S
b

Wanchu Huang  Shi-Ya Zheng I-Hsuan Huang Rung C

myday@mail.tku.edu.tw
NTCIR-13 Conference, December 5-8, 2017, Tokyo, Japan
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Min-Chun Kuo Yue-Da Lin Yi-Jing Lin
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IMTKU Emotional Dialogue System for
Short Text Conversation at NTCIR-14 STC-3
(CECG) Task

Department of Information Management
Tamkang University, Taiwan

yal = S
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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NTCIR 20 20

IMTKU Multi-Turn Dialogue System Evaluation
at the NTCIR-15 DialEval-1
Dialogue Quality and Nugget Detection

1Zeals Co., Ltd. Tokyo, Japan
2 Information Management, Tamkang University, Taiwan
3 Information Management, National Taipei University, Taiwan

2990

Mike Tian-Jian Jiang' ~ Zhao-Xian Gu2 Cheng-Jhe Chiang?  Yyeh-Chia Wu2 Yu -Chen Huang? Cheng-Han Chiu2 Sheng-Ru Shaw2  Min-Yuh Day3

NTCIR-15 Conference, December 8-11, 2020, Tokyo, Japan



2020 NTCIR-15 Dialogue Evaluation (DialEval-1) Task
Dialogue Quality (DQ) and Nugget Detection (ND)

Chinese Dialogue Quality (S-score) Results (7eng et al., 2020)

Run Mean RSNOD | Run Mean NMD
: IMTKU-run2 0.1918 ; |{ IMTKU-run2 0.1254
. IMTKU-runl 0.1964 i | IMTKU-run0 0.1284
.. IMTKU-rung 01977;|{IMTKU-runl 0.1290 _
TUAT-run0 0.2053 | TUAT-run0 0.1322
NKUST-runl 0.2057 | NKUST-runl 0.1363
BL-1stm 0.2088 | TUA1-runl 0.1397
WUST-run0 0.2131 | BL-popularity 0.1442
RSLNV-run0 0.2141 | BL-Istm 0.1455
BL-popularity 0.2288 | RSLNV-run0 0.1483
TUA1-runl 0.2302 | WUST-run0 0.1540
NKUST-run0 0.2653 | NKUST-run0 0.2289
BL-uniform 0.2811 | BL-uniform 0.2497
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Transformer-based
Models Selection

BERT

RoBERTa

XLM-RoBERTa

Pre-trained Models

Fine-tuning Techniques

FiInNum-2
DialEval-1
Discriminative
Transfer Fine-tuning
Learning

--------- ® | One-cycle Policy

Optimization

Tokenization Tricks



IMTKU Emotional Dialogue
System Architecture

3

Emotion
Classification
Model

NTCIR-14 Conference, June 10-13, 2019, Tokyo, Japan 25



NTCIR

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

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



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

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

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 emotion
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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Al Humanoid
Robo-Advisor



Al Humanoid Robo-Advisor
for Multi-channel Conversational Commerce

Multichannel
Platforms
Web
LINE

Facebook

Al Portfolio
Asset Allocation

Al Conversation
Dialog System

29



System Architecture of
Al Humanoid Robo-Advisor
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Conversational Model
(LINE, FB Messenger)

AR Aiwisfin

seww  Hithere!

how's going

seerm  Why do you want INFO

ABOUT STOCK?
Hi there!
- | am doing very well. How
sws  What you said was 100 wwarw - areyou ?
complicated for me.

| need your help

wern 23304 MBEINWIRNTF:
:::233.0

12330 i
Ry H.elp is assistance | can
22 30,664 : awars give you.
MEWRM:2295
BaR:2325
Mm:2340
. W|:2305

BOY®O 20O i



Conversational Robo-Advisor
Multichannel Ul/UX

Robots
ALPHA 2 ZENBO

ALPHA 2
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Financial Technology
FinTech
“providing
financial services
by making use of
software and
modern technology”



Financial
Services




Financial Services

Source: http://www.crackitt.com/7-reasons-why-your-fintech-startup-needs-visual-marketing/



FinTech: Financial Services Innova
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FinTech:

Financial Services Innovation

1. Payments
2. Insurance
3. Deposits & Lending
4. Capital Raising
5. Investment Management
6. Market Provisioning



FinTech: Investment Management

TS Market Information
Platforms

New
Market Platforms
Automated Data

' Advanced
l Collection & Analysis Algorithms
'. Cloud-
Automation of Computing Capablllty
High-Value ,~ g Prcens Sharing
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- Externalisation
\
\
Automated Advice & Open Source
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Empowered
Investors
Social
Trading

Retail Algorithmic _
Trading
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FinTech: Market Provisioning
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The New Alpha: 30+ Startups Providing
Alternative Data For Sophisticated Investors

Alternative Data Sources
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Al In
FinTech




Al, Big Data, Cloud Computing
Evolution of Decision Support,
Business Intelligence, and Analytics

Al Cloud Computing Big Data
Q \Y;
o S DM BI o2
’e) 2 % O, < . S
. Q. 7o, SR o %, %
R ,5\/0 2 % 6(5 S, % ., .‘,..\4¢ Q&
e A O, % % N S, Y
% ‘{(—\I— 6}{0 '%/ S IO % B 7 %"‘9@5: N8 e {95’“0’} @47
//)@ ,OG/}( 'Oo/’ég QQO QOO (/h % (P@ Q')OO/) 00;:"? /): \‘f@/ “"* - * ch.’ ’ 4) @O;Q
. CS S T % S, T oy S St Ny, Oy
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—_ — »—1970s —>»—1980s »—1990s ——>— 2000s ———>—2010s — — >

Decision Support Systems » Enterprise/Executive IS Business Intelligence ‘Big Data -

Source: Ramesh Sharda, Dursun Delen, and Efraim Turban (2017),
Business Intelligence, Analytics, and Data Science: A Managerial Perspective, 4th Edition, Pearson 43



Robo-Advisors




FinTech high-level classification

Lending

.

Profile

Payments

J

Source: Paolo Sironi (2016), “FinTech Innovation: From Robo-Advisors to Goal Based Investing and Gamification”, Wiley. 4>

.

Advice

J

Analytics Others
4 ) 4 A
Re-Balance Indexing
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Wealthfront

Financial Planning & Robo-Investing for Millennials

\\‘ Plan ~ Invest Borrow Expertise ~ LOGIN GET STARTED

WEALTHFRONT //

Meet your
financial copilot

v
We’'ll build a free financial plan for the life you want ¥
and automate your investments at a low cost.

Our all-in-one solution gives you the financial expertise
you need, right in your pocket. No spreadsheets, no

annoying sales calls, no judgment.

GET STARTED

e 4
’{//’u \&,,"" T l 57
“ _—

' https://www.vQéaﬁ/)ﬁfront.com/



https://www.wealthfront.com/

Betterment
Online Financial Advisor

Betterment Why Betterment  How it works  What we offer  Pricing FAQs Get started

Betterment is an online financial advisor built for people who refuse to settle for
average investing. People who demand better. People like you.

Get started » Watch our video

Right for every type of investor

New investor Hands-off investor Hands-on investor

I'm new to investing, or am looking | invest, but don't have the time or I'm a confident, hands-on investor
for some guidance. desire to do it myself. looking for an optimal solution.

https://www.betterment.com/


https://www.betterment.com/

Financial Advisor FinTech Solutions
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From Algorithmic Trading To Personal Finance Bots:
41 Startups Bringing Al To Fintech

Al in Fintech

41 Startups Bringing Artificial Intelligence To Fintech

4 General Purpose/ Predictive Analytics N\ Quantitative Tradi@ fAl Assistants/Boa / Credit Scoring \
&% Digital . . .
AYASDI % Rensoning OCcontext relevant H,0 sentient KASIST@ TypeScore Qlire
KENSHC  {&)corticalio £ Numenta  turi CLONE ALG® ©TRIM ‘ ,
% e @fmance
\ DataRobot ?Y?TFE\IV{SB e / v Alpaca G Penny -
\\\'WMNUT . o /\Dl‘ FINANCE
Market Research & Sentiment Analysis \ e WHM/S INSURIFY WecashlliEs =
indi 9 ' L & SURE.
indico €Qcuity Dituene | (" Blockchain ) " G SReAn D
& Dataminr- ) O Skry
N Personal Banking
SearchEngine .
, pusov\etlcs
2520 alphasense e Fraud Detection TAKING DIGTAL BANKING PERSONAL
) = >4
4 R SBDA
Debt Collection feedqu \ hd group
RINALTRR
TrueAccord gkt
&: CBINSIGHTS \ J L J

www.cbinsights.com

Source: https://lwww.cbinsights.com/blog/artificial-intelligence-fintech-market-map-company-list/
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Artificial Intelligence (Al) in Fintech

General Purpose/ Predictive Analytics

AYASDI % ggaigning' occontext relevant” HO

KENSHC Qcomcol.io 2% Numenta t%r’l(
DataRobot '€ Va3

Market Research & Sentiment Analysis

indico <€4QCuUily D] Lucena

Cucntitative Anclytics

% Dataminr-

Search Engine
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@antitative Tradi@

sentient

technologies

CLONE ALG®
2 Alpaca

\\\\' watwut >
/ Blockchain \
© Skry

e -/ Fraud Detection
=
Debt Collection feedZQ|
TrueAccord | | BIOGATEN
\ Fa. " N,

/AI Assista nts/Bob

KASIST@
ETRIM

G Penny

INSURIFY
SURE.

Artificial Intelligence (Al) in Fintech

/ Credit Scoring \

TypeScore (X ire

creditvia\_ju @f Inance

ADr .

WecashlniR&E 7~

GrriAnce
, 5 ot

Personal Banking

personetics®

TAXKING DIGITAL BANKING PERSONAL

Y3 SBDA

group

. P
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Conversational
Commerce



Chatbot

Dialogue System
Intelligent Agent



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

mid - 90s
Web

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
Messaging

¢

Messaging Apps
WhatsApp, Messenger, Slack

Bots
Weather, Travel

Message

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



Conversational Commerce:
eBay Al Chatbots

00000 ATRT T 1:31PM @ 7 9 76% =)
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.
l’ i
) :
Best Value ¢ 16 sold Trend
$63.71 was $74 - ADIDAS WOMEN'S $99.9
STAN SMITH OG WHITE GREEN White
B24105 —

shopbot.ebay.com

View item

©Q © 8 O © ©




Sure, which city?

What date are you leaving?

Hotel Chatbot

BookHotel @& ---

® o aumm \

I'd like to book a hotel
New York City

November 30th, 2016

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

Thank you. The reservation
went through successfully.

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

oo E e D o o

oooooo

N R R R

Intents

An intent performs an action in
response to natural language user
input

Utterances
Spoken or typed phrases that
nvoke your intent

Slots
Slots are input data required to
fulfill the intent

Fulfillment
Fulfillment mechanism for your intent
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H&M'’s Chatbot on Kik

- _— - — Ve — - —
t : ) [ 2 ) | : Y s
¢ o=m—— ' ¢ === ‘ ® e—— ] © o=mm——

eeeee MCratbot ¥ 16:20 77 gaxmm } eeseee MCratbot ¥ %0 T gaN . } essee MogaFon ¥ 16:23 73 83%END } sssse MChatbot ¥ 16:25 T a2umm

< Hasan H&M Oyt < Hasap H&M ot < Hasap H&M Oyt < Hasap H&M oyt
3 Ceroans @ 12:54 PM ' Great! Time to learn . 7 .
| - | 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  onKik J ° ) ;-’/.Mo about this?

‘ | Which do you prefer, 1 | |

Let's get to know your #M  or2?
style with a few quick o <
yluo questions! i |
; \
Do want to see
s /L‘Io $96.96

men's or women's

#M  clothing?
S FY1if you like

TR o something, tap on the
R, m /ML item  to shop it!
M‘Io .
Great, lets get started!! 4 Looks great e
i, TR A $110.96
" Awesome! Would you
Which of the following Coolio! What's your O 1oy '.’m « like to s!\op’ghls, share it
A#H  best describes you? #H  thoughts on these two? ‘ Al orsaveit? &
o= 2 E == L) == + ©) (== + ©) (==



Uber’s Chatbot on Facebook’s Messenger

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

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

n Let’s look for tickets!

&

New York
Seatle
Sept 15
Sept 19
2 Adults

Is this info correct?

o

| have found 17 results @
B

Type your message here...

>

O
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Dialogue System

Automatic Speech
Recognizer

Natural Language

Interpreter

—_—>

Dialogue State

Tracker

~

Text-To-Speech
Synthesizer

Natural Language

Generator

Dialogue
Response
Selection

\ Dialogue System

/
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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

63



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]

Ol |mpossible
Domain

Rules-Based

Closed ,
[Easiest]

Domain

Retrieval- Generative-
Based Based

Responses
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Chatbots
Bot Maturity Model

Customers want to have simpler means to interact with businesses and

Interaction

Intelligence

get faster response to a question or complaint.

Level 1 > | Level 2 .> Level 3 >

\ One Channel v _ channel Multi . interaction Self

Multi \ﬂ/ jeam
\One Language/ :urdao,;f «_language TR C@
» ) conversation
Human to bot I " =y | s

. interaction Line based Conversation Process
/ intelligence ; balsed interaction

Mood
detection o
(omeam) ——
Context from ( Training of
channel NLP model Event AP intelligent
queries
( Menu based )

listening / producing

API queries INKS jor more
s :

Integration

Source: https://lwww.capgemini.com/2017/04/how-can-chatbots-meet-expectations-introducing-the-bot-maturity/ 67



Task-Oriented
Dialogue
System




Dialogue Subtasks

Browse SoTA > Natural Language Processing > Dialogue

Dialogue subtasks

. Task-Oriented
Dialogue .
. Dialogue
Generation e
Systems . ez
[0 o e ]
Dialogue Generation Dialogue State Task-Oriented Visual Dialog Goal-Oriented Dialog
Tracking Dialogue Systems

I~ 8 benchmarks I 1 benchmark

2 9 benchmarks

AN et
I2 2 benchmarks k2 2 benchmarks 37 papers with code 20 papers with code

78 papers with code

51 papers with code 48 papers with code

Short-Text

e & Tracker Policy .
e Conversation
Dialogue Dialogue Dialogue Act Short-Text Goal-Oriented
Management Understanding Classification Conversation Dialogue Systems

12 papers with code

&2 11 benchmarks

8 papers with code

&2 2 benchmarks

8 papers with code

7 papers with code

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

7 papers with code
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Task-Oriented Dialogue System

(Deriu et al., 2021)

Understanding
[ASR ] - Domain Identification
Text Input | want to book a hotel for Monday the 8th in Nancy - Intent Identification

- Concepts Detection

domain: hotel_database
intention: hotel_booking
C|t¥: Nancy

e:

}da Monday the 8th
Y
T [ [ Dialogue Management
Natural Language - Contextual Understanding
Generation - Dialogue State (DST)
L - Decision -> Frame Generation
For Monday the 8th in Nancy, do you have a favorite
neighborhood?

request: quartier
confirm_implicit: city(Nancy)
}confirm_implicit: date(lundi 8)

Applications
- API

- DB management
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Task-Oriented Dialogue Systems
(Zhang et al., 2020)

Supervised | HMM, CRF, RNN-LSTM, Attention

learning BiRNN, Slot-gated

I

1

i

1

Pre-tramln !
(o) [een] ;

N
II [ Discriminative ] |Word-level RNN, NBT, MD-DST, GLAD, MEMN2N | |
A |
! |
i [ Generative ] ITRADE, COMER ] i
1
Word-level ! e !
eadl
E [wmp,ehe';gsion] |DST-RC. DSTQA | E
1 = I
I Pre-trainin
\[ ket ] |GOLOMB | !

DA-level ] ’CMBP, RPN, TL-DST|

| DQN, REINFORCE, ACER, PPO l

= -

|DDQ. D2Q, Switch-DDQ, Budged-DDQ, Rollout l

Task-oriented
dialog systems

DA-level ] Reward est. ‘OnlineAclive, MORL, ALDM, GDPL I

[
[ Model-based
[
[Composma task

‘GP-MBCM, HRL, Sub-goal discovery, Structure learning ‘

| Iterative policy learning, MADPL I i

el |SC-LSTM, Meta-NLG|

Pre-training
il ] |TransferTransfo. GPT2, SC-GPT ‘

KB integration IKVRN, MEM2Seq, GLMP, HMNs, WMM2Seq, KB-InfoBot

\

[ Explicit state ] ISequicity, FSDM l

\
1
1
1
1
1
1
1
1
1
1
1
1
1
1

’

e bt s

Retrieval-based] | dialog bAbl, Context-aware Reranking, PTM-selection

[Explicit strategy] I HTG, Decouple, BoSsNet'



Dialog State Tracker (DST)

Dialog state tracker inputs

Dialog state tracker outputs

System action/ user
response

How can | help you?
welcome|)

An ltalian restaurant

What price did you want?

request(price)

Uh, ltalian

ASR output SLU output
Cheap 0.6 inform(price=cheap) | 0.5
restaurant
Restaurant 0.2 inform(food=italian) 0.3
Italian 0.1
East Area 0.5 inform(area=east) 0.6
Italian 0.3 inform(food=italian) 0.3
Yeah 0.1 affirm() 0.2

State

price=cheap

food=Italian
food=italian,price=cheap

[none]

price=cheap
food=Italian
food=italian,price=cheap
area=east

food=italian, area=east

price=cheap, area=east

food=italian,price=cheap,area=east

[none]

Score
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Dialogue Acts

(Young et al., 2010)

Dialogue act Description

hello(@=x,b=y,...) Open a dialogue and give infoa =x,b =y, ...
inform(a =x,b=y,...) Give informationa = x,b =y, ...

request(a,b =1, ...) Request value for a givenb =1z, ...

reqalts(a =x,...) Request alternative witha = x, ...
confirm(a=x,b=y,...) Explicitly confirma =x,b =y, ...

confreq(a = x, ...,d) Implicitly confirm a = x, ... and request value of d
select(a = x,a =) Select eithera =xora=y

affirm(a = x,b = y) Affirm and give further infoa =x,b =1y, ...
negate(a = x) Negate and give corrected value a = x

deny(a = x) Deny thata = x

bye() Close a dialogue




Sample Dialogue Acts

Utterance

Dialogue Act

U: Hi, I am looking for somewhere to eat
S: You are looking for a restaurant. What type of food?
U: I'd like an Italian somewhere near the museum.

S: Roma 15 a nice Italian restaurant near the museum.

U: Is it reasonably priced?

S: Yes, Roma is in the moderate price range.
U: What s the phone number?

S: The number of Roma 1s 385436.

U: Ok, thank you goodbye.

hello(task = find,type=restaurant)
confreq(type = restaurant,food)
inform(food = Italian,near=museum)

inform(name = “Roma”, type = restaurant, food
= Italian, near = museum)

confirm(pricerange = moderate)

affirm(name = “Roma”, pricerange = moderate)
request(phone)

inform(name = “Roma”, phone = “385456”)

bye()
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Transformer (Attention is All You Need)
(Vaswani et al., 2017)

Output
Probabilities
Linear
’
Add & Norm b
Feed
Forward
4 \ Add & Norm
_ .
e ol Multi-Head
Feed Attention
Forward Nx
‘ LI 3P
e
Nix Add & Norm
(-’l Add & Norm l R
Multi-Head Multi-Head
Attention Attention
A NSRS . S
N y, \_ —)
Positional D ¢ Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Outputs

(shifted right)



BERT: Pre-training of Deep Bidirectional
Transformers for Language Understanding

BERT (Bidirectional Encoder Representations from Transformers)

Overall pre-training and fine-tuning procedures

for BERT
ﬁ: Ma; LM Ma% LM \ ﬁ/@@AD Start/End Spax

(G- Gl () LG o)) (Gl

- T >t
BERT - R AL (A SR

l_sgll & | B ][ Een [ ] [&] EE L [ B [ & ] [E]

5. (55 0= .. 5) - o E .. &
Masked Sentence A Masked Sentence B

Question Paragraph
. 2 . 2
Unlabeled Sentence A and B Pair Question Answer Pair

Pre-training

Fine-Tuning
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BERT: Pre-training of Deep Bidirectional
Transformers for Language Understanding

BERT (Bidirectional Encoder Representations from Transformers)

BERT input representation

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]
+ -+ + + + -+ " o -+ -+ + +

Segment

Embeddings EA EA EA EA EA EA EB EB EB EB EB
+ -+ + + -+ + + + + + +

Position

Embeddings E0 El E2 E3 E4 ES E6 E7 E8 E9 Elo
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BERT, OpenAl GPT, ELMo

BERT (Ours)

OpenAl GPT
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Class

Label

—~

)] o)) ()
BERT

ale ] GlEmlE]- [

——r

JJL S I S I S

G—

Sentence 1

Sentence 2

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

Start/End Span

BERT

(e[ & |-

LEw ][ o [ & ][]

T

sl Tt'Ik I

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\ | LI
[CLS] Tok 1 Tok 2
l
l

Single Sentence

E,

(b) Single Sentence Classification Tasks:

SST-2, CoLA
(0] B-PER (0]
* & <
BERT
E[cu.5| E, E, Ey

1 I 1

B I

Single Sentence

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

Start/End Span

EBEEE e

BERT
E[CLS] E‘I =T EN E[SEP] E =TT EM’
. = N s  paaaa
(e ]~ [(R [ e ][5 ]
[ | |
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

5 &
(e L~ =] - [~ ]

[CLS] Tok 1 Tok 2

Single Sentence

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

[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 T DNN

MASS Permutation LM
Knowledge |distillation UniLM Rl el )
VideoBERT
CBT
MEDNNen ViLBERT .
ERNIE VisualBERT - (Baidu)
(Tsinghua) B2T2 BLIERIET
SpanBERT XLNet o Unicoder-VL -Hm
RoBERTa Neural |entity linker LXMERT
VL-BERT
KnowBert UNITER By Xiozhi Wang & Zhengyan Zhang @THUNLP

https://github.com/thunlp/PLMpapers 83
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¥ Transformers Transformers

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

e 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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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 (E et al., 2019)
Slot Filling (SF)
Intent Detection (ID)

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

Cslot 1
Cinte

( Slot Attention ) ( Intent Attention = SF Subnet

5T

[\

{ { Iteration
e Mechanism

/
\\_,/

T \ 2
\( ID Subnet atis._flight
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PARAdigm for Dlalog System Evaluation
PARADISE Framework (walker et al. 1997)

SDS Raw Data Input Variables
Automatic "
Extraction ' 4 b
+ 1 Dialogue Costs
| Task Success »
Interacts . JT—— 5‘ S ;o

s Annotation -
®
Expert
Target Variable

---------------------

User

..................

answers

-------------------

---------------------




Interaction Quality procedure
(Schmitt and Ultes, 2015)

JUP iR . Raw Data Input Variables
' E Automatic ;"' ................... N
: E Etraction i\ jnteraction | !
: 5 | Parameters |
i = L
Emotions
Interacts ' N
1with »
Target Variable
' ® Manual ' ,"'""";a """"
- Annotation ,- ! Interact
i Quality
. Score
Experts LN
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Datasets for
task-oriented dialogue systems

Name Topics # dialogues Reference

DSTCI1 Bus schedules 15,000 (Williams et al. 2013)
DSTC2 Restaurants 3000 (Henderson et al. 2014)
DSTC3 Tourist information 2265 (Henderson et al. 2013a)
DSTC4 & DSTCS Tourist information 39 (Kim et al. 2016)
DSTC6 Restaurant reservation — (Perez et al. 2017)
DSTC7 (Flex Data) Student guiding 500 (Gunasekara et al. 2019)
DSTCS8 (MetaLWOz) 47 domains 37,884 (Lee et al. 2019)
DSTCS8 (Schema-Guided) 20 domains 22,825 (Rastogi et al. 2019)
MultiwOZ Tourist information 10,438 (Budzianowski et al. 2018)
Taskmaster-1 6 domains 13,215 (Byrne et al. 2019)
MultiDoGo 6 domains 86,698 (Peskov et al. 2019)

90



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/

91


https://groups.csail.mit.edu/sls/downloads/restaurant/
https://www.repository.cam.ac.uk/handle/1810/260970
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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: REF, AR ERAEF — VS 24.55 PLERIR Sig?

Hello, could you recommend an attraction with a rating of 4.5 or higher?
sys: K[ 1%, BE/NZFIEENCOR B RAE K1 TR -

Tiananmen, Gui Street, and Beijing Happy Valley are very nice places.
usr: WEMALEIRA, REEIX 57 A AR E#R R 2052

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

There are many, such as hotel A, hotel B, and hotel C.
usr: K7, WIETTEAR RMHEHRMNEEEEYE, FEWKIED
4P E, RN EEARS HIA?

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 S

# 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 7o 14.6 5.3 9.9 13.7 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=[Be1jing 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=?

%, FERLERLT) 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 A7 A AR R

I recommend you Beijing Capital Hotel.

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

WA — 498 KL D) A ENE R AHLANE, A
PRGN AE

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

U, AL HCX, AR #CP,
Ok. Car type is #CX. Plate number is #CP.
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EHRHZ A &K

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

c BARETHAE

Natural Language Understanding (NLU)
« H{EEHE

Dialog Management (DM)
« BARITBT AR

Natural Language Generation (NLG)

http://conference.cipsc.org.cn/smp2019/evaluation.html
https://github.com/OnionWang/SMP2019-ECDT-NLU
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Python in Google Colab (Python101)

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

& python101.ipynb

DEIMArc Anaiysis
Named Entity Recognition (NER)
NER with CRF

NER with CRF
RandomizedSearchCV

Sentiment Analysis

Sentiment Analysis - Unsupervised
Lexical

Sentiment Analysis - Supervised
Machine Learning

Sentiment Analysis - Supervised
Deep Learning Models

Sentiment Analysis - Advanced Deep
Learning

Deep Learning and Universal Sentence-
Embedding Models

Universal Sentence Encoder (USE)

Universal Sentence Encoder
Multilingual (USEM)

Question Answering and Dialogue
Systems

Question Answering (QA)
BERT for Question Answering
Dialogue Systems

Joint Intent Classification and
Slot Filling with Transformers

Data Visualization
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~ Question Answering and Dialogue Systems

~ Question Answering (QA)

Question Answering and
Dialogue Systems

Source: Apoorv Nandan (2020), BERT (from HuggingFace Transformers) for Text Extraction,
https://keras.io/examples/nip/text_extraction_with_bert/

Description: Fine tune pretrained BERT from HuggingFace Transformers on SQuUAD.

~ BERT for Question Answering

Introduction

This demonstration uses SQUAD (Stanford Question-Answering Dataset). In SQUAD, an input consists of a question, and a paragraph for
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
"Exact Match" metric, which measures the percentage of predictions that exactly match any one of the ground-truth answers.

We fine-tune a BERT model to perform this task as follows:

1. Feed the context and the question as inputs to BERT.

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

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.

References:

« BERT
+ SQUAD
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Python in Google Colab (Python101)

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

& python101ipynb ¢
O Py Py B cComment &% Share £ o
File Edit View Insert Runtime Tools Help Allchanges saved
RAM 1 o i e
= Table of contents 3 | #F'tote ¥ Tex v Disk m— ¥ | / Editing | A
oy s o gy Downloading: 100% [ 433/433 [00:29<00:00, 14.5B/s]
<>
Sentiment Analysis
Downloading: 100% [ 536M/536M [00:29<00:00, 18.3MB/s]
() Sentiment Analysis - Unsupervised
Lexeal 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) LiHane, )]
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
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Python in Google Colab (Python101)

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

& python101lipynb
( B Py B Comment &% Share £t 0
File Edit View Insert Runtime Tools Help All changes saved
RAM I o -
+ Code + Text Vs v Editing A
‘= Table of contents X Disk. M ol
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]
fﬂent;‘menEAna!yS|s-Superwsed 6 intent_id = intent logits.numpy().argmax(axis=-1)[0]
achine-Learning 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 P Pl _( } 0 —1ds)
L : 11 print(f"{token:>10} : {slot names[slot id]}")
earning i = =
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 1 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
5 1 for : O
Question Answering (QA) £70: | BDATEY: EE4E GUHEEE
BERT for Question Answering at : O
Le : B-restaurant_name
Dialogue Systems R : I-restaurant name
##itz : I-restaurant_ name
o]
B
(0]
: 0
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Summary

 Artificial Intelligence

* FinTech

* Conversational Commerce

* Task Oriented Dialogue System



References

Stuart Russell and Peter Norvig (2020), Artificial Intelligence: A Modern Approach, 4th Edition, Pearson

Deriu, Jan, Alvaro Rodrigo, Arantxa Otegi, Guillermo Echegoyen, Sophie Rosset, Eneko Agirre, and Mark Cieliebak (2021). "Survey on evaluation methods for
dialogue systems." Artificial Intelligence Review 54, no. 1 (2021): 755-810.

Zhang, Zheng, Ryuichi Takanobu, Qi Zhu, Minlie Huang, and Xiaoyan Zhu (2020). "Recent advances and challenges in task-oriented dialog systems." Science
China Technological Sciences (2020): 1-17.

Jiang, Mike Tian-Jian, Shih-Hung Wu, Yi-Kun Chen, Zhao-Xian Gu, Cheng-Jhe Chiang, Yueh-Chia Wu, Yu-Chen Huang, Cheng-Han Chiu, Sheng-Ru Shaw, and
Min-Yuh Day (2020). "Fine-tuning techniques and data augmentation on transformer-based models for conversational texts and noisy user-generated
content." In 2020 IEEE/ACM International Conference on Advances in Social Networks Analysis and Mining (ASONAM), pp. 919-925. IEEE, 2020.

Jiang, Mike Tian-Jian, Zhao-Xian Gu, Cheng-Jhe Chiang, Yueh-Chia Wu, Yu-Chen Huang, Cheng-Han Chiu, Sheng-Ru Shaw, and Min-Yuh Day (2020), "IMTKU
Multi-Turn Dialogue System Evaluation at the NTCIR-15 DialEval-1 Dialogue Quality and Nugget Detection", in Proceedings of the 15th NTCIR Conference on
Evaluation of Information Access Technologies (NTCIR-15), Tokyo Japan, December 8-11, 2020, pp. 68-74.

Day, Min-Yuh and Chi-Sheng Hung, "Al Affective Conversational Robot with Hybrid Generative-based and Retrieval-based Dialogue Models", in Proceedings
of The 20th IEEE International Conference on Information Reuse and Integration for Data Science (IEEE IRI 2019), Los Angeles, CA, USA, July 30 - August 1,
2019.

Day, Min-Yuh, Chi-Sheng Hung, Yi-Jun Xie, Jhih-Yi Chen, Yu-Ling Kuo and Jian-Ting Lin (2019), "IMTKU Emotional Dialogue System for Short Text Conversation
at NTCIR-14 STC-3 (CECG) Task", The 14th NTCIR Conference on Evaluation of Information Access Technologies (NTCIR-14), Tokyo, Japan, June 10-13, 2019.
Zhou, Hao, Minlie Huang, Tianyang Zhang, Xiaoyan Zhu, and Bing Liu. "Emotional chatting machine: emotional conversation generation with internal and
external memory." arXiv preprint arXiv:1704.01074 (2017).

Yu, Kai, Zijian Zhao, Xueyang Wu, Hongtao Lin, and Xuan Liu. "Rich Short Text Conversation Using Semantic Key Controlled Sequence Generation." IEEE/ACM
Transactions on Audio, Speech, and Language Processing (2018).

Borah, Bhriguraj, Dhrubajyoti Pathak, Priyankoo Sarmah, Bidisha Som, and Sukumar Nandi. "Survey of Textbased Chatbot in Perspective of Recent
Technologies." In International Conference on Computational Intelligence, Communications, and Business Analytics, pp. 84-96. Springer, Singapore, 2018.
Haihong, E., Peiging Niu, Zhongfu Chen, and Meina Song. "A novel bi-directional interrelated model for joint intent detection and slot filling." In Proceedings
of the 57th Annual Meeting of the Association for Computational Linguistics, pp. 5467-5471. 2019.

Zhu, Qi, Kaili Huang, Zheng Zhang, Xiaoyan Zhu, and Minlie Huang. "Crosswoz: A large-scale chinese cross-domain task-oriented dialogue dataset." arXiv
preprint arXiv:2002.11893 (2020).

Zeng, Zhaohao, Sosuke Kato, Tetsuya Sakai, and Inho Kang (2020), “Overview of the NTCIR-15 Dialogue Evaluation (DialEval-1) Task”, Proceedings of NTCIR-15,
2020.

Apoorv Nandan (2020), BERT (from HuggingFace Transformers) for Text Extraction, https://keras.io/examples/nlp/text extraction with bert/

Olivier Grisel (2020), Transformers (BERT fine-tuning): Joint Intent Classification and Slot Filling, https://m2dsupsdiclass.github.io/lectures-labs/
HuggingFace (2020), Transformers Notebook, https://huggingface.co/transformers/notebooks.html

The Super Duper NLP Repo, https://notebooks.quantumstat.com/
Min-Yuh Day (2021), Python 101, https://tinyurl.com/aintpupython101

100


https://keras.io/examples/nlp/text_extraction_with_bert/
https://m2dsupsdlclass.github.io/lectures-labs/
https://huggingface.co/transformers/notebooks.html
https://notebooks.quantumstat.com/
https://tinyurl.com/aintpupython101

Q TAIWAN TECH \(( ) -
NTPU
IR T

Al Task-Oriented Dialogue System
for Conversational Commerce
in FinTech

Host: Prof. Kuan-Yu Menphis Chen

Computer Science and Information Engineering, National Taiwan University of Science and Technology
Time: 14:00-15:00, May 10, 2021 (Monday)
Place: CSIE, NTUST
Address: No.43, Keelung Rd., Sec.4, Da'an Dist., Taipei, Taiwan

Min-Yuh Day
BEH

Associate Professor

EE-E. 4

Institute of Information Management, National Taipei University

By St AE BREEREA 5 =
https://web.ntpu.edu.tw/~myday E



https://web.ntpu.edu.tw/~myday/
https://web.ntpu.edu.tw/~myday/cindex.htm
http://www.mis.ntpu.edu.tw/en/
https://www.ntpu.edu.tw/
https://www.ntpu.edu.tw/
http://www.mis.ntpu.edu.tw/
https://web.ntpu.edu.tw/~myday

