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B R (Week) H 2j (Date) ™M % (Subject/Topics)

1 2018/09/13 AT EHX B W REZN L
(Course Orientation on Artificial Intelligence for
Investment Analysis)

2 2018/09/20 Al & @kft4k: & fkAkF; £ #7 & H

(Al in FinTech: Financial Services Innovation and Application)

3 2018/09/27 #% 35 AFE 1R BT HLAIT 344 5 A
(Robo-Advisors and Al Chatbots)

4 2018/10/04 3% % w32 £ i 47 A Bt 7 22
(Investing Psychology and Behavioral Finance)

5 2018/10/11 Bt# 4 &k E 1+t % 7% (Event Studies in Finance)
6 2018/10/18 AT EHXK B 1B EH % |

(Case Study on Artificial Intelligence for Investment Analysis 1)
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(Foundations of Al Investment Analysis in Python)
8 2018/11/01 Python Pandas=4ti% & %41

(Quantitative Investing with Pandas in Python)
9 2018/11/08 Python Scikit-Learn #% 35 22 &

(Machine Learning with Scikit-Learn In Python)
10 2018/11/15 H#R ¥ 2k & (Midterm Project Report)
11 2018/11/22 TensorFlow i & % 8 B4 %5 85 Fel A 7 72 ] |

(Deep Learning for Financial Time Series Forecasting
with TensorFlow )

12 2018/11/29 TensorFlow i & 5 H A4 %5 0 Rl & 7 T2 8] Il
(Deep Learning for Financial Time Series Forecasting
with TensorFlow lI)
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13 2018/12/06 AT EHXE B EH R I

(Case Study on Artificial Intelligence for Investment Analysis Il)

14 2018/12/13 TensorFlow & & £ 8 84 % 8% R & 5] 72 8] NI
(Deep Learning for Financial Time Series Forecasting
with TensorFlow lII)

15 2018/12/20 # E MG AELERZ AR S
(Portfollo Optimization and Algorithmic Trading)

16 2018/12/27 B #R3E 3 k& ¥E (Natural Language Processing)
17 2019/01/03 #g rk#k % | (Final Project Presentation I)
18 2019/01/10 #g rk=k % Il (Final Project Presentation )
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FinTech Innovation:
From Robo-Advisors to Goal Based Investing and Gamification,
Paolo Sironi, Wiley, 2016

Wiley Finance Series *

i :
Innovation

From Robo-Advisors to Goal Based
Investing and Gamification

[ ,' -:

! H WILEY
St o Material

Source: https://www.amazon.com/FinTech-Innovation-Robo-Advisors-Investing-Gamification/dp/1119226988




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



Financial
Services







Money







Treasure
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Wealth

IManagement



Investment
Analysis




Time Value of Money
Risk
Return
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The New Alpha: 30+ Startups
Providing Alternative Data For
Sophisticated Investors

New sources of data mined by
startups like Foursquare, Premise,
and Orbital Insight are letting
investors understand trends
before they happen.



The New Alpha: 30+ Startups Providing
Alternative Data For Sophisticated Investors
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Lending, Investments, And Personal Finance: 102
Startups Attacking The Retail Banking Value Chain

Marketplace Lending
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From Point-Of-Sale To Money Transfers: 109
Startups Disrupting The Payments Industry

The Payments Market Map
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Insurance Tech Rising: 135+ Insurance Startups
Across P2P, Life, Commercial & More

Insurance Tech Rising: 130+ Startups Across P2P, Life, Renters, & More
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Millennial Personal Finance: 63 Fintech Startups

Targeting Millennials

Fin Tech Startups for Millennials

Personal Investing

Savings & Finances Tracking

Wealth Management
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Fintech for Millennials

Fintech Category #Company
Crowdfunding 2
Insurance (Non-Health) 4
Loans & Credit Risk 20
Mobile Banking & Payments 8
Personal Investing 10
Savings & Finances Tracking 10
Wealth Management 9

Total 63
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Fintech: Wealth Management

Company Select Investors
DAG Ventures, Index Ventures, Greylock Partners, The
Wealthfront Social+Capital Partnership
Bessemer Venture Partners, Athemis Group, Menlo
Betterment Ventures
L. Doll Capital Management, Union Square Ventures, Bain
SigFig Capital Ventures
Aspiration Renren, GSV Capital, Capricorn Investment Group, IGSB
Commerce Ventures, DST Systems, Hyde Park VP, QED
Blooom Investors, UMB Financial
Rebalance IRA /A
Hedgeable SixThirty
WiseBanyan VegasTech Fund

Pe rsonal Cap|ta| Institutional Venture Partners, Venrock, Crosslink Capital
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Fintech: Personal Investing

Company
eloro
Openfolio
DriveWealth
Tip’d Off
Kapitall
Stash

Stox

Robinhood

Motif Investing
Loyal3

Select Investors

BRM Group, Ping An Ventures, Spark Capital
FinTech Collective
Route 66 Ventures
Raj Parekh, Bill Crane, Shaun Coleman
Bendigo Partners, Linden Venture Fund

N/A

SingulariTeam

Google Ventures, Index Ventures, Andreessen Horowitz,
Ribbit Capital, NEA

Norwest Venture Partners, Foundation Capital, Ignition
Capital, Goldman Sachs

DNS Capital
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Big Data Driven
Disruption:
Robo-Advisor




FinTech high-level classification

Source: Paolo Sironi (2016), “FinTech Innovation: From Robo-Advisors to Goal Based Investing and Gamification”, Wiley. 28
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Fintech: Unbunding the Bank
Wealth Management: Wealthfront

Unbundling of a Bank
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Wealthfront: Fintech Robo Advisor

Wea":hfl’ont Why Wealthfront ~ Products ~ Who we are ~ Help Center Blog Log In Invest now

The most tax-efficient, dow-cost, hassle-free
way to invest

Invest with Wealthfront ‘ See Our Journey ’

)
L
w

Do you have the time to invest well?

Wealthfront invests your money for you with a minimal amount of work. We monitor your portfolio every day
to look for opportunities to rebalance or harvest tax losses. Are you doing the same?

https://www.wealthfront.com/


https://www.wealthfront.com/

A classic workflow for
financial recommendations

Risk Managers

Investment Strategy

- Model Portfolios

- Asset Classes

- Stereotypes Financial Financial
Advisor Advisor

- Build Profiles - .

- Create Proposals
- Submit Proposals

Portfolio Managers

-Provide Personal
Information

- Accept (Refuse)
Proposals
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Process of Robo Advisors

Process of Robo Advisory

Knowing customer needs

Processing Customer Information

O Customized Solution in
matter of seconds

32



Benefits of Robo Advisors

Benefits of Robo Advisors

—— Unbiased Advice —
—— No minimum Investment required ——

—— Low Charges —
—— Transparency ——
—— Customised Solutions ——

b

‘. Advise
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Robo-Advisor Business Models

* Full service online Robo-advisor
— 100% automated without any human element

* Hybrid Robo-advisor model

— being pioneered by firms like
Vanguard & Charles Schwab

* Pure online advisor

— primarily human in nature

34



Robo-Advisor Business Models

* Full service online Robo-advisor
— 100% automated without any human element

* Hybrid Robo-advisor model

— being pioneered by firms like
Vanguard & Charles Schwab

* Pure online advisor

— primarily human in nature
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= W

Usecases of Robo-Advisors

Determine individual Client profiles & preferences
ldentify appropriate financial products
Establish correct Investment Mix for the client’s profile

Using a algorithmic approach, choose the appropriate
securities for each client account

Continuously monitor the portfolio & transactions
within it to tune performance

Provide value added services

Ensure the best user experience by handling a whole
range of financial services

36



Business Requirements for a
Robo-Advisor (RA)

. Collect Individual Client Data
. Client Segmentation
. Algorithm Based Investment Allocation

. Portfolio Rebalancing
. Tax Loss Harvesting
. A Single View of a Client’s Financial History

37



Algorithms for a Robo-Advisor (RA)

* Leverage data science & statistical modeling to
automatically allocate client wealth across different
asset classes (such as domestic/foreign stocks, bonds &
real estate related securities) to automatically rebalance
portfolio positions based on changing market conditions
or client preferences.

— These investment decisions are also made based on
detailed behavioral understanding of a client’s

financial journey metrics
— Age, Risk Appetite & other related information.
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Algorithms for a Robo-Advisor (RA)

* RA platforms also provide
24x7 tracking of market movements
to use that to track rebalancing decisions
from not just a portfolio standpoint
but also from a taxation standpoint.
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Algorithms for a Robo-Advisor (RA)

* A mixture of different algorithms
can be used such as
Modern Portfolio Theory (MPT),
Capital Asset Pricing Model (CAPM),
the Black Litterman Model,
the Fama-French etc.

—These are used to allocate assets as well as to
adjust positions based on market movements
and conditions.
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Robo-Advisor (RA) Sample Portfolios

Sample Portfolios — for an aggressive investor
1. Equity — 85%
A) US Domestic Stock (50%)
— Large Cap — 30%, Medium Cap — 10% , Small Cap — 10%, Dividend Stocks — 0%
B) Foreign Stock — (35%)
— Emerging Markets — 18%, Developed Markets — 17%
2. Fixed Income - 5%

A) Developed Market Bonds — 2%
B) US Bonds — 1%
C) International Bonds — 1%
D) Emerging Markets Bonds — 1%
3. Other - 5%
A) Real Estate —3%
B) Currencies — 0%
C) Gold and Precious Metals — 0%
D) Commodities — 2%
4. Cash - 5%

41



Architecture of a Robo-Advisor (RA)

@ Client fills out a _deta.'led @ @
Ul o s L @

Mass I Mass Client accesses their
Affluent Affluent A < d
Client ’ Client portfalio using a website

or a mobile application

All of the clients
financial data is

Brokerage aggregated into the
Accounts central Data Lake:
extracts of new data
are sent periodically via Visualization
an APT or Sqoop or Regulaters

Kafka or HDFS Client
R O, &
A (]
Online e
oo Affluent
Banki Client
a _——i % > Data scientists ¢
chains of algerithms The Data Lake feeds EDW
} that rt;bolwwelcl-w and other systems that
Retirement portfolios, provide tax specialize in conventional
Accounts loss harvesting & provide downstream anclytics

cutomated portfolio
management
283 ) @ Portfolic is rebalanced
S based on movements in

financial markets
Call Data

Records Data
Scientist

Financial
Market Trends
and Movements
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" Robo-Advisor

AN wealthfront

#4 Betterment




Wealthfront: Fintech Robo Advisor

Wealthfront Why Wealthfront ~ Products ~ Who we are ~ Help Center Blog Log In Invest now

Introducing Portfolio Line of Credit - get cash quickly at a low rate. Learn more —

Plan your future
Grow your wealth
Invest in your life

Access proven investment strategies, tailored advice, and
premium financial services - all powered by technology.

Invest with Wealthfront Explore your options

https://www.wealthfront.com/


https://www.wealthfront.com/

Betterment: Fintech Robo Advisor

# Betterment WHY BETTERMENT v SERVICES v RESOURCES v PRICING FAQS FOR BUSINESS LOG IN SIGN UP

This is simply a smarter way.
to Invest your money.

We help manage your financial life so you can live better.

m We can help you get started. Schedule your free 15 minute call today. Schedule a call >
&

otll 0 @ )

Increase after-tax returns. No hidden fees. Satisfaction guaranteed. Access to licensed experts.




Betterment vs. Wealthfront

Robo-Advisor
Investor Junkie Rating
Promotions

Fees
Minimum Deposit

Human Advisors

Automatic Rebalancing
Tax Loss Harvesting
Direct Indexing
Fractional Shares

Assets Under Management

#4 Betterment \{ wealthfront
4.5 star 5 star
One Month Free  First S15k for Free
None first S10k;
0.25%/yr 0.25%/yr for more
None S500
Yes —
Additional Fee No
Yes Yes
Yes Yes
No Yes
Yes No
S8.0B S5.0B


https://investorjunkie.com/8745/betterment-review/
https://investorjunkie.com/16817/wealthfront-review/
https://investorjunkie.com/go/betterment-bwvs9
https://investorjunkie.com/go/wealthfront-bwvs9

AN wealthfront

Wealthfront:

0.25%
Flat annual advisory fee

* No trading commissions or hidden fees
* Portfolio of low-cost ETFs
* Your first $10,000 managed free
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AN wealthfront

Wealthfront

Powering your financial life with technology

48



A wealthfront

Wealthfront Robo Advisor

You're on track to have $8,000 per month to spend in retirement. That's 76% of your target.

Retire when you are 65 and Julianais 65

$2.5M .

$2M P )

$2,394,394

Today Age 45 Age 55 Age 65 Age 75 Age 85

v My assumptions = What you'll have <= What you'll need

Source: https://www.wealthfront.com/ 49



AN wealthfront
Wealthfront Robo Advisor

Wealthfront
ACTIVITY

3:43 PM

ACCOUNTS

Carrier ¥

ﬁ Wealthfront
$237,915 * $3,593,720
! Net worth at retirement
$105,813 * $2,951,091
Net worth today Net worth at retirement
$8.2M

Net Worth Today (2
Retire at age 65

Retire at 65

in 63 Years

== You'll have == You'll need

You are 77% on track for retirement v
Today
Investments $208,246.79
You're 72% on track for retirement =
Wealthfront 2 minutes ago
& My Roth IRA $115,871.91 INVESTMENTS $262,274
Wealthfront Personal Account Just updated
E*TRADE 2 minutes age 9
My Personal Account $92.374.88 My Personal Account $66,813
77N Vanguard Joint Account
T _‘J Track another account .
1] (U + =
Activity Add Funds Invite Friends

Accounts
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Wealth Management Value Chain

—

] e

-
Needs analysis
I Risk management
Investment profile Tax planning _

Implementation Legal advice Retirement planning
=

Value chain
(narrow view)

Rebalancing

Value chain (holistic view)

Source: Cocca (2016)
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Wealth Management Service and
Potential for virtualization
)

Portfolio optimization (plain vanilla products)

Product selection (plain vanilla products)
Portfolio rebalancing

I
Q
=

Potential for virtualization

Low

International asset structuring

Low High
Complexity of service

Source: Cocca (2016)
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Al and Robo Advisor
Virtualization Dimensions

Artificial
intelligence
_EA Charles Schwab
= 8 Intelligent Portfolios True Wealth
©
= k=] anguard Persona
= —_— : .
-g § Advisor Services Wealthlfront
S Scalable Capital
—
[eb] .
= miton Personal Capntaj | 7
o - “
@ Private Il UBS Advice LearnVest [l Novofina
3 Banker Only virtual/
robo adviser
Hybrid
Human Human m‘t’)del
= advisor
= Level of digitalization
Low Interaction mode High

Source: Cocca (2016)
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Degree of Digitalization of
Wealth Management Customers

1

; h Y|

7
1

1 &
T

Digital deniers

Hybrid client

Mostly digital clients

Fully digital clients

Low:1 client digitalization level . High
| 136% | 79.9% " 5.7% '0.8%!

Source: Cocca (2016)

54



Use of Online Services by
Hybrid Customers

Advice Information
seeking client seeking client

(25.9%) (e

Transaction
seeking client
71.7%
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Use of Online Services by
Hybrid Customers

125% 36.4%

Hybrid client (B) 85.7%

10.4% (B)

Digital clients

2 81.8%

Digital deniers

10.4%
| :
Low client digitalization level High
Readiness for virtual interaction (A) ) Readiness for truly virtual advice
with my/a client adviser not from my bank
34.8%

30.4%

(B)

Readiness for banking mostly
online with my bank without client adviser
45.4%

A: Potential for virtual interaction with client adviser (28.3% of clients)
B: Potential for largely virtual interaction with bank (43.3% of clients)

C: Potential for disruption (34.6% of clients)

56



Explaining Customer Experience of
Digital Financial Advice

> Factors
Manifest variables
Fs —— Relationships measured by regression
Co-creation
* Dialogue
* Accessible F1
* Transparent Perceived value
e Ratings/reviews e Trust
* Satisfaction
—> « Security
* Benefit
* Ease
Fe Fs + B3 — ++ B2 * Well informed
Providers Service model
* 1/little/a lot B1 + e A/Bbrand
* Expensive/cheap =——————p ¢ Expensive/cheap y B
» A/Bbrand * Hedonistic/utility 1
+ Ba ++ Bs
F2
Loyalty
» * Repeat purchasers
Fa * Affection
Pre-selections
* Dialogue
* Accessible

* Transparent
* Ratings/reviews
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Modern Portfolio Theory and
Investment Analysis

Financial Securities
Financial Markets

The Characteristics of the Opportunity Set
Under Risk

Delineating Efficient Portfolios

Techniques for Calculating the Efficient
Frontier
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Modern Portfolio Theory and
Investment Analysis

The Correlation Structure of Security Returns:
— The Single-Index Model

— Multi-Index Models and Grouping Techniques

Simple Techniques for Determining the
Efficient Frontier

Estimating Expected Returns

How to Select Among the Portfolios in the
Opportunity Set
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Modern Portfolio Theory and
Investment Analysis

International Diversification
The Standard Capital Asset Pricing Model

Nonstandard Forms of Capital Asset Pricing
Models

Empirical Tests of Equilibrium Models

The Arbitrage Pricing Model APT
— A Multifactor Approach to Explaining Asset Prices

60



Modern Portfolio Theory and
Investment Analysis

Efficient Markets
The Valuation Process
Earnings Estimation

Behavioral Finance, Investor Decision Making,
and Asset Prices

Interest Rate Theory and the Pricing of Bonds
The Management of Bond Portfolios

61



Modern Portfolio Theory and
Investment Analysis
Option Pricing Theory
The Valuation and Uses of Financial Futures
Mutual Funds
Evaluation of Portfolio Performance

Evaluation of Security Analysis
Portfolio Management Revisited
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Al Chatbots




Conversational
Commerce



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
i0S, Android

Apps
Angry Birds, Instagram

Native Mobile Screens

Client-side

mid - 10s
Messaging

——— e
-
e
¢ e
—
e
-
-
— —
e —r Wy P

Messaging Apps

WhatsApp, Messenger, Slack

Bots
Weather, Travel

Message

Server-side
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Chatbot

Dialogue System
Intelligent Agent



Chatbot

FLIGHT BOT o

n Let’s look for tickets!
Ok ‘.
1

New York
Seatle
Sept 15
Sept 19
2 Adults

Is this info correct?

(8) v

| have found 17 results @
)

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

k Dialogue System j
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Can
machines

think?

(Alan Turing ,1950)




Chatbot

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



Chatbot Conversation Framework

Conversations

Chatbot Conversation Framework

General Al
EICESY

Ol |mpossible
Domain

Rules-Based

Closed ,
[Easiest]

Domain

Retrieval- Generative-
Based Based

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



Conversational Commerce:
eBay Al Chatbots

00000 ATRT T 1:31 PM @ 7 @ 76% mm»

eBay ShopBot >
< Home Typically replies instantly

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

©Q © 8 O (a © O




Hotel Chatbot

BookHotel @& ----------- Intents

An intent performs an action in

( response to natural language user
o 0 D nput

I'd like to book a hotel - Utterances

e Spoken or typed phrases that
Sure, which city? nvoke 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

o ------ Fulfillment
went through successfully.

Fultillment mechanism for your intent

/

Source: https://sdtimes.com/amazon/guest-view-capitalize-amazon-lex-available-general-public/ 74




H&M'’s Chatbot on Kik

( : \ S \ C \ [ .
ey ' ¢ === y L e ] O ==

seeee MChatbot ¥ 16:20 4 BAvEN } eeene M Cratbot ¥ 1621 75 gaxEm ﬂ esnee MogaFon ¥ 16:23 1 83I%mm } sssee WM Chatbot ¥ 16:25 73 82%mm)

{ Hasap H&M Oyt < Hasap H&M ot < Hasap H&M Ot < 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
N \
Do want to see
Lhep /mo $96.96

men's or women's
Mllo clothing?

MIHYTY HI32A

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

e’m

#H
Great, lets get started!! = LA Looks great s
LUNER 3 8 M $110.96
- Awesome! Would you
Which of the following Coolio! What's your R, n ¢ like to s!\op’this, share it
A#M  best describes you? A4 thoughts on these two? L Son Al orsaveit? &
ar <) == + L) == + © (== + ©) (==



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

76



Savings Bot
S N

« Back

P 0% -

SAVINGSBOT

good to see you! 'What can |

help you with today?

“A panny saved
is a penny earned.”

Do you Wan1 me 10 urm on
my auto-gave featurae?

fovasome! What are you saving
far this time?

.. NETWORK 33 PM SO —-—

+ Back SAVINGSBOT

$9,500

VIEW CREDIT OPTIONS | ASK BUDGETBOT

Py N WO 133 P

/\

&« Back SAVINGSBOT

Sweet!

How much do you want 1o save?

Ok, how soon do you want this
new nda?

Alnght! I've chacked your
spandng habits and 'l transler a
fow dollars into this account avery
week

OK It | send you updates every

once in &8 while to kat your know
how you're doing?

Mo, thanks. Sure

/'\

77



Mastercard Makes Commerce More Conversational

-

=)

00000 ATRT T 2:16 PM
< Home Mastercard KAI >

% 100% wm-

Manage

Typically replies instantl

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

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?

Type a message...

Ve
—

. mastercard

-

= )

!
&2

00000 AT&T T 2:16 PM

< Home Typically replies instantl Manage

} 100%
Mastercard KAI >

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?

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

Type a message...

/\
—

POWERED BY

KasiIsto

-

. )

ginal

00000 AT&T 7 2:16 PM
Mastercard KAl >

What benefits do | get with
my MasterCard

< Home vast

 100% —-_"

Manage

Price Protection Zero:

If you find the same thing at a lower Have

price, Price Protection reimburses financ

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,

MAactatnace ataraec vanir

Type a message...

\

Yo
—/

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
Platform
Ecosystem




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

B~ I O @
iMessage Messenger WhatsApp Slack WeChat Kik

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

80



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

JONGIFUENTES Bots Landscape VE| Profiles

Bots with traction
. @ Iin’ P““’:a' L D Virtual agents/

Customer service
R

D@@-.EOE

M e— - ——— -

—SF DB~ “<‘II%W©EOHMIWME

- — — ..

—— e —

NE& - Y80

Connectors/

Al Tools: Natural Language Processing,
Shared Services

Machine Learning, Speech & Voice Recognition

E@oB -EEROACCE - Lo zEOEE—
tes@6 | -EEC E-e/'DRsw-DvEDENL:
= nemro HAE:EHE: o ~f
Bot Discovery e s 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 Ansivcs 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-

keaBuild  Selectionnist Bud Light Bot Ask Gary Vee Gic Visabot

1
.=. G
—

Analytics

SISENSE Stockflare  Pagelnsights DAM

C _J
:4_ DY ‘ @
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 Loquilio 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

G LI PN =

News

CNN Digg wsJ Reddit Bot

-. Tl vis) i B

agazuna
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

S
et

83



The Bot Lifecycle

i B~ gy

Requirements

7 N
@ g,
Primote The . Fi
Lifecycle
@ of a bot A’é'
X 1

@B

Deploy



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 > Level 2 ) Level 3 >
Multi Bot-to-bot
\ One Channel channel Muilti . interaction
Multi . person///
~ One Language " language
Interaction . guage )| " Human | “—mido/ = B2B
Handoff / nversation S
Human to bot — listenin e
- interaction Line based Conversation Brocess
/ intelligence based interaction
State Mood
machine _—
(orpmom) o
Training of conversation
Contextfrom
NLP model Event AP intelligent
listening / producing queries
C Menu based )
Word based Links for more
information

Intelligence Integration

Source: https://www.capgemini.com/2017/04/how-can-chatbots-meet-expectations-introducing-the-bot-maturity/ 85



Question
Answering

(QA)



NTCIR v, O 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

d

L

Min-Chun Kuo Yue-Da Lin Yi-Jing Lin

A
Wanchu Huang  shj-YaZzheng I|-Hsuan Huang

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

Rung C
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IMTKU

Question Answering System
for

World History Exams
at NTCIR-13 QALab-3

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



Tamkang University
VX s Rk 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
IX = kM 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

[
: |
1]
v,
3 e &
/:'
k i
b
3 b
<4
3

Min-Yuh Day Cheng Chla Tsai Wei-Chun Chung Hsiu-Yuan Chang Tzu-Jui Sun Yuan-Jie Tsai Jin-Kun Lin Cheng-Hung Lee

Sagacity Technolog

Yu-Ming Guo Yue-Da Lin  Wei-Ming Chen Yun-Da Tsai Cheng- Jhlh Han Yi-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 O 17 ¥

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

Department of Information Management

Tamkang University, Taiwan

-
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: 5 s
e ¥
350 b :
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Wanchu Huang  shi-Ya Zheng I-Hsuan Huang gCh

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

Yue-Da Lin Yi-Jing Lin

Min-Chun Kuo
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IMTKU System Architecture for NTCIR-13 QALab-3

Question

e T " JA&EN |
Complex Essay | : __Translator |
(Simole E 4-»[ Question Analysis ) .
Simple Essay Stanford

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

L Lt L L L Lt Ll : = - N
i Unique 1 1 !

Answer Extraction ]

l !

[ Answer Generation

! !

Answer
(XML)

NTCIR-13 Conference, December 5-8, 2017, Tokyo, Japan 94

Word Embedding ]
Wiki Word2Vec




System Description

NTCIR-13 Conference, December 5-8, 2017, Tokyo, Japan 95



Complex Essay

Simple Essay

True-or-False
Factoid

.

O N B BN B
-----------------------------------

Question Analysis

Question (XML)

b

JAKEN
Translator

NER & POS Tagger

l

[ |
| |
{ Question Type }
[ J

Identification

l

Question Analysis Result
(XML)

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

Stanford
CoreNLP

96



JA & EN Translator

Japanese: [ Translator ]
BRXVYRRITEHERIZTNCIE TS
BETOREODETEICOVWT , 317UAT
AL EE N,

English (JA & EN Translator by Google Translate):
Explain the calendar in ancient Mesopotamia
and ancient Egypt and the background of its
development within 3 lines.

NTCIR-13 Conference, December 5-8, 2017, Tokyo, Japan 97



NER & POS tagger

[ Stanford ]
CoreNLP

Raw Data:
Wang Anshi, who lived during the Song period, carried out
reforms called the New Policies (xin fa).

POS tagger and NER:

Wang/PERSON/NNP Anshi/PERSON/NNP ,/O/, who/O/WP
lived/O/VBD during/O/IN the/O/DT Song/O/NN
period/O/NN ,/O/, carried/O/VBD out/O/RP
reforms/O/NNS called/O/VBD the/O/DT New/0O/JJ
Policies/O/NNS -LRB-/O/-LRB- xin/O/FW fa/O/FW -RRB-
/O/-RRB-./0/.

NTCIR-13 Conference, December 5-8, 2017, Tokyo, Japan 98



Document Retrieval

Question
Analysis
Keywor

Wikipedia

Ambiguous word
Extraction

Articles Extraction

t Content list
J—

NTCIR-13 Conference, December 5-8, 2017, Tokyo, Japan 92



3 Answer Extraction

L Question Analysis Document Retrieval

Result (XML) Result (XML)

Answer Extraction
Result (XML)
TF-IDF Score List

T

NTCIR-13 Conference, December 5-8, 2017, Tokyo, Japan 100




Answer Generation

Question Document Answer
Analysis Retrieval Extraction

Result (XML Result (XML Result (XML
( )

\,

Combination and Matching Strategy

.
rComplex] 1 [ Simple
_ Essay Answer Essay

(XML)
T

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

101



4 Answer Generation

QA Result DR Result
Question (XML Content list .
Stanford
NER

y
Text Token Stanford 1

TF-IDF Summarization Extraction POS tagger
and ’

Cosine !
Similarity Vector Wiki JJ
Similarity Word2Vec

Answer for Essay

Multiple Choice

/
/

L Answer for

NTCIR-13 Conference, December 5-8, 2017, Tokyo, Japan 102



System Architecture of

Intelligent Dialogue and Question Answering System

: Deep Learning )

~
Dialogue Intention _ . __TensorFlow
Question Analysis p
J Python

User Question Input
\ * Y
RNN
LSTM (@ _
GRU L Detection
— L
é )
AIML
AIML KB Dialogue
g Enine )
i Real Time
Cloud Dialogue
Resource
. API )
L 4
System
Response
G t
g enerator )

[ [ i

[ Document Retrieval DlaILoBguej

L T \—

[ Answer Extraction ]

!

Answer Answer ,
: e Deep Learning
Generation Validation

‘\L Answer

103



Dialogue System

Automatic Speech
Recognizer

Natural Language
Interpreter

—>

Dialogue State
Tracker

Text-To-Speech
Synthesizer

Natural Language

Generator

Dialogue
Response
Selection

k Dialogue System j

104



Chat-oriented Dialogue System

— INIT END

ynamic

o o
I Dialogue

> T initiation/ending

Vocabulary .o 0 ﬁ

Learning

new A
utterance .
Vocabulary \y -
learning .
oov? .
Style/manners adapt? .
adaptation W ' -
exlt? lnollc:
History
similarity
generate _|
response
Dialogue Utterance
Database similarity Dialogue
Management

105



AIML Dialogue System

Textual : '
, Dialogue Appraisal
Dialogue Management Evaluation
Personality
Response
Dialogue

-

Response

Source: Morales-Rodriguez, Maria Lucila, Rogelio Florencia Juarez, Hector J. Fraire Huacuja, and José A. Martinez Flores. "Emotional conversational agents in clinical psychology
and psychiatry." In Mexican International Conference on Attificial Intelligence, pp. 458-466. Springer Berlin Heidelberg, 2010.
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ALICE and AIML

B
ALICE

I A.L.I.C.E Silver Edition DAVE E.S.L. bot

-— ARTIFICIAL INTELLIGENCE FOUNDATION
PROMOTING THE DEVELOPMENT AND ADOPTION OF

ALILCE
(A e el e N lu. ALICE anp AIML FRee SOFTWARE

C.L.A.U.D.1.0 Personality Test

GET SITEPAL AVATARS

Free Live Chat with the award winning A. I. chat robot A. L. I. C. E.

Get Started
Chat with A.L.I.C.E.
Chat with Fake Kirk

What is AIML?
Foundation Bot Directory
Bot Industry Survey
AIML Overview

Software

Downloads

Bot Hosting

AIML Sets

AIML 1.1 Specification
AIML 2.0 Working Draft
Documentation
Superbot - New!

Links

ESL

Books

Film and TV

Recent Press

Popular Culture

Web Ontologies

ALICE and A.I. History
Scholarly Research and
Teaching

Site Info
alicebot.org

Rank: 257,092
Links in: 638

Mol

AIML: Artificial Intelligence Markup Language
AIML (Artificial Intelligence Markup Language) is an XML-compliant language that's easy to learn, and makes it possible for you to
begin customizing an Alicebot or creating one from scratch within minutes.

The most important units of AIML are:
e <aiml>: the tag that begins and ends an AIML document
* <category>: the tag that marks a "unit of knowledge" in an Alicebot's knowledge base
e <pattern>: used to contain a simple pattern that matches what a user may say or type to an Alicebot
* <template>: contains the response to a user input

There are also 20 or so additional more tags often found in AIML files, and it's possible to create your own so-called "custom
predicates". Right now, a beginner's guide to AIML can be found in the AIML Primer.

The free A.L.I.C.E. AIML includes a knowledge base of approximately 41,000 categories. Here's an example of one of them:

<category>
<pattern>WHAT ARE YOU</pattern>
<template>
<think><set name="topic">Me</set></think>
I am the latest result in artificial intelligence,
which can reproduce the capabilities of the human brain
with greater speed and accuracy.
</template>
</category>

(The opening and closing <aiml> tags are not shown here, because this is an excerpt from the middle of a document.)

Everything between <category> and </category> is -- you guessed it -- a category. A category can have one pattern and one
template. (It can also contain a <that> tag, but we won't get into that here.)

The pattern shown will match only the exact phrase "what are you" (capitalization is ignored).

But it's possible that this category may be invoked by another category, using the <srai> tag (not shown) and the principle of
reductionism.

In any case, if this category is called, it will produce the response "I am the latest result in artificial intelligence..." shown above. In
addition, it will do something else interesting. Using the <think> tag, which causes Alicebot to perform whatever it contains but hide
the result from the user, the Alicebot engine will set the "topic" in its memory to "Me". This allows any categories elsewhere with an

Subscription Bots
A.L.IC.E. Silver Edition

DAVE E.S.L. Bot
CLAUDIO Personality Test

o

Build native
iOS, Android,
and Windows

apps in C#
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AIML
(Artificial Intelligence Markup Language)

<category>
<pattern>HELLO</pattern>
<template>Hi, | am a robot</template>
</category>

108



AIML
(Artificial Intelligence Markup Language)

e <aiml>
— the tag that begins and ends an AIML document
* <category>

— the tag that marks a "unit of knowledge" in an
Alicebot's knowledge base

* <pattern>

— used to contain a simple pattern that matches
what a user may say or type to an Alicebot

e <template>

— contains the response to a user input

109



AIML
(Artificial Intelligence Markup Language)

<category>
<pattern>WHAT ARE YOU</pattern>
<template>
<think><set name="topic">Me</set></think>
| am the latest result in artificial intelligence,
which can reproduce the capabilities of the human brain
with greater speed and accuracy.
</template>
</category>
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Humorist Chat-bot

. 9
i\ = _;_'_-,.._-4 .

b e co

1

- —

User yahoo Messenger
User Interface

SEIEED

SR Computational

R
Il B o ~

Chatbot
Rational Area

[}
« . ®
P, »
yd
‘/ o
Data-driven

Chatbot
Evocative Area

“Semantic Space”
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Short
Text

Conversation
(STC)



NTCIR

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

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



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

NTCIR Short Text Conversation

STC-1, STC-2, STC-3
S Tapaness | chiness engisn ||

NTCIR-12 STC-1 Twitter, Weibo,
22 active Retrieval Retrieval
participants St Eer
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 e
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-14 114



https://waseda.app.box.com/v/STC3atNTCIR-14

Short Text Conversation
(NTCIR-13 STC2)
Retrieval-based

retrieval-based method

Given a new post, can a A
coherent and useful comment
be returned by searching a
post-comment repository? )

—’. post

/ Search and reuse
post-comment repository

post comment post comment post comment post comment

comment comment comment comment

http://ntcirstc.noahlab.com.hk/STC2/stc-cn.htm 115
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Short Text Conversation
(NTCIR-13 STC2)
Generation-based

generation-based method
} The Trained Generator

Given a new post, can a
fluent, coherent and useful
comment be generated?

Understanding

Sunessausn

post-comment reposito/

post comment post comment comment

post comment

comment comment comment

comment

http://ntcirstc.noahlab.com.hk/STC2/stc-cn.htm 116
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Short Text Conversation
(STC-3)
* Emotional Conversation Generation

* Dialogue Quality

* Nugget Detection subtasks
using Chinese and English dialogue data

http://research.nii.ac.jp/ntcir/ntcir-14/tasks.html 117



http://research.nii.ac.jp/ntcir/ntcir-14/tasks.html

NTCIR-14
Short Text Conversation
Task (STC-3)

e Three new subtasks

— Chinese Emotional Conversation Generation
(CECG)

— Dialogue Quality (DQ)
(for Chinese and English)

—Nugget Detection (ND)
(for Chinese and English)

http://research.nii.ac.jp/ntcir/ntcir-14/tasks.html 118
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NTCIR-14 STC-3 CECG

Time Schedule

 CECG
— Aug 31, 2018 CECG registration due
— Sep 15, 2018 Training data released
— Nov 15, 2018 Test data released
— Nov 25, 2018 Run submissions due
 ALL
— Dec 20, 2018 Evaluation results and draft overview released
— Feb 1, 2019 Participant paper submissions due
— Mar 1, 2019 Acceptance notification
— Mar 20, 2019 All camera-ready papers due
— Jun 2019 NTCIR-14 Conference & EVIA 2019 in NI, Tokyo

http://coai.cs.tsinghua.edu.cn/nml/challenge/time schedule/ 119
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Given post:

EMEMROFA > RIHPT !
The man who cooks and loves dogs is very handsome!

Emotion Coherence Emotion

Response Chinese / Translated English Class  and Fluency Consistency Label

Response 1 = f4hr 8y 5 AL AR 64T o XK Yes Yes 2
The man who cooks is handsome. Like

Response 2 "&% » H/ALWAF © XK Yes No 1
Haha, | feel the same way. Like

Response 3 X AR w25 E 4 7/ R E No Yes 0
Which movie is this from? Disgust

Response 4 "% AR4LE - X No No 0
Haha, the same to you. Like

Response 5 K ZAR& ° R E No Yes 0
| love you, will you. Disgust

Response 6 X A& [B] E L[] 8938 | R % No No 0
This is the same way of the same doctrine! Disgust

http://coai.cs.tsinghua.edu.cn/hml/challenge/evaluation metric/ 120
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NLPCC
Emotion Classification Challenge
6 classes (64%)

0: Other

1: Like

2: Sadness
3: Disgust

4. Anger

5: Happiness

http://coai.cs.tsinghua.edu.cn/hml/challenge/dataset description/
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Chinese Emotional Conversation Generation
(CECG)

Post
(Given)

ZNERMBRAFIAN EINT !
The man who cooks and loves dogs is very handsome!

EEARAN—HR wTHREZIE |

Daddy, tomorrow is June 1th Children’s Day. Please take me
out to play!

WA T ANBEE » SR
It's sad to be ignored by someone that you really care, and
it's harder to pretend that you don't care.

KREWGSRIE | REBEFRAREL? | 2]

Harbin is in the snow! Are you going to freeze me to
death?!?!

ARBFE—EE  ERLTREMH -

| wanted to learn the vicissitudes of life, but | became sadder.

mERBALEF & Tk

SR—BERIEGANG - BARBLE > BELRFCHY ]
| have been training at the seaside all day. Though very tired, |
still very happy!

Emotion
Category
(Given)

f>

Like

%45
Sadness

P AR

Happiness

Response

(to be generated)
AR e B AR D &9 o
The man who cooks is handsome.
'ﬁ% ? ""/Pi'i,%‘ o
Yes, of course.

B AL ProAfeF o
| am concerned with it, because | care
about it.

ERBARE > DRI E
Keep warm. Watch out for getting
cold!

R —NBGEEF -
It a sad story.

AR TR |
Yeah, happy!

http://coai.cs.tsinghua.edu.cn/hml/challenge/task definition/
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Chinese Emotional Conversation Generation

(CECG)

Dataset

* 1,110,000 Weibo post-response pairs

— [[[post,post_label],[response,response_label]],
[[post,post_label],[response,response labell],...].

http://coai.cs.tsinghua.edu.cn/nml/challenge/dataset description/ 123
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Fluency judgement on responses

with repetitive words

Response

Fluency

B, Bg, BHE.

Yes

ok, FuE, FOE !

Yes

SEIE-NESTIF -4

Yes

MEREhE, SR

Yes

N]3]§3]

Yes

KT BT BRI EAXSS EART BRIXST BRI BT AT B XSS BIX B

No

BT

T IS R R ME AME ME T

No

R CECE CECECE CECECE G
GG CECECECECECE G G

ﬁﬂ&ﬂﬁ%ﬂlﬁﬂlﬁﬂ!ﬁﬁ!&'ﬂﬁ fx’ﬁ%% %k&? =]

No

No

B F!

No
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Sample responses generated by
Seg2Seq and ECM
(Emotional Chatting Machine)

Post Model Response(Original) Response(Translated)
Seq2Seq A, BE— W RS — /M2 FWH. | A promise is what a cheater says to a fool.
R, BRI T Like 7&1‘% E— "I\‘:‘F?'T ﬂ(:l@:f" Pr01jnise is a single-minded fool
— MBI Happy | ®E#E—/FOLHET I'm just a happy fool
A promise 1s what a cheater ECM | Sad R RGBT I am a sad fool
says to a fool. - -
Disgust | — /M7 s — =TT A cheater says to a fool
Angry AEREAE, RIERET! Whatever you believe or not, I trust in 1t!
Seq2Seq HE AR IR B R T Ok . After knowing the truth. I burst mto tears.
Like KeI®ET, KAIET ! Too lovely, 1t’s too lovely.
Sl FUAR O TR 2 K YT TS d ,
Knowing the truth. I laughed Happy %ﬁ%ﬂﬁ HEH )KT I can’t help laugh myself to tears.
myself to tears ECM | Sad I IRREE T k. After knowing the truth. I burst into tears.
Disgust | iX /2 HA)E 2 FE ) ? Is this true?
Angry |fH4ER? REH. What do you mean? I don’t understand.
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Sample responses generated by
Seg2Seq and ECM
(Emotional Chatting Machine)

Post

i, R — TS
A promise 1s what a cheater
says to a fool.

Model Response(Original)
Seq2Seq A, BE— W TS —METI .
Like EKHER—AINEF BT
Happy | #E#EZ2—1FOHET
ECM | Sad B —EhmEr
Disgust | — /"W T & —MET T
Angry | REHRERE, RERET!

126



Emotional Short Text Conversation

(ESTC)
Dataset
Posts 217.905
Angry | 234,635
Disgust | 689,295
Training Happy | 306,364
Responses |y e~ 1.276.954
~ Sad 537.028
Other 1,365,371
Validation Posts 1.000
Test Posts 1.000
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Conversations

with/without considering emotion
Emotional Chatting Machine (ECM)

e User: Worst day ever. | arrived late because of the traffic.

1.

o U s W

Basic Seq2Seq: You were late.

ECM (Like): | am always here to support you.

ECM (Happy): Keep smiling! Things will get better.
ECM (Sad): It’s depressing.

ECM (Disgust): Sometimes life just sucks.

ECM (Angry): The traffic is too bad!
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Overview of
Emotional Chatting Machine (ECM)

Corpus Traming Data ECM _Post
| Post, I_’| | | Post H ! |L|ke | < guécst-dlyemlmmed]atebemmofthc
Encoder »| Decoder
[Pt o Rempome, || | o | | [Pors Fo oo [y [ | 5
Classifier " Emotional Responses
e e e ————. .
[Post, |-»{ Response, | [ Post, |-»{ Response, [ Disgust Emotion || Tntemal | | External || |Sad 1ts depressing e
Embedding | | Memory | | Memory Disgust | Sometimes life just sucks.
------------ Angry | The traffic is too bad!
( |
b e e e e J e e — ]
\ '

Inference
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Emotional Chatting Machine (ECM)

Overview of

Corpus Traming Data
Post, —»| Response, Post; (—=| Response; |Like
Post, —»| Response, Emotion Post, — Response, | Happy

| Classifier
Post; | Response, Post; —»| Response, |Sad
Post, (—»| Response, Post, —»( Response, |Disgust
l
) '
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Overview of
Emotional Chatting Machine (ECM)

Post
ECM <— Worst day ever. I armived late because of the
traffic.
Encoder || Decoder
T Emotional Responses
+ + ‘ Like |Iam always here to support you.
| Ha smulmg! Things will get better.
Emotion Internal External sadm }:ep i grmleet
Embeddin Memory | | Mem Disgust | Sometimes life just sucks.
= b Angry | The traffic 1s too bad!

I
A L J

'

Inference
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Data flow of the decoder with an
internal memory

word vector next word
e( y.:) Y:
Decoder L.,
state vector [‘(y );s ;c’] Write Gate
8.1 aé - - > GRU 8, - )
e g
1 M B

C, Read Gate _
Attention [— - Read | Internal SVrite
g: M!, | Memory M,
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Data flow of the decoder with an
external memory

. » Emotion lovely
M. *| Softmax v
External Type
- > ¥
Memory Selector
Generic
—
; . Softmax person
I

f f

what a

... —| GRU —>| GRU |—>--
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Sample responses generated by
Seg2Seq and ECM
(Emotional Chatting Machine)

Post Model Response(Original)
Seq2Seq HIH FAHR R EH T K.
Like Ke[®ET, KAIET !
WEANGRRE K | [rappy | RERREBIR T
myself to tears ECM | Sad HIE FAH KB EE T K.
Disgust | iX 2 HAE 25 ?
Angry | Ha&E? REHM.
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Chinese Emotional Conversation Generation

(CECG)
Evaluation Metric

* Emotion Consistency

— whether the emotion class of a generated response
is the same as the pre-specified class.

e Coherence

— whether the response is appropriate in terms of
both logically coherent and topic relevant content.

* Fluency

— whether the response is fluent in grammar and
acceptable as a natural language response.

http://coai.cs.tsinghua.edu.cn/hml/challenge/evaluation metric/ 135
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Chinese Emotional Conversation
Generation (CECG)
Evaluation Metric

IF Coherence and Fluency
IF Emotion Consistency
LABEL 2
ELSE
LABEL 1
ELSE
LABEL O

http://coai.cs.tsinghua.edu.cn/nml/challenge/evaluation metric/ 136
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Sequence-to-sequence Learning with

Attention for Generation-based STC
|Post:#E FuL 8 AE R ER M A F

Only those who are kind can see the real view of Meili snow mountain.

Encoder Module E

Attention |
Decoder Module D

\_ Generated response : i & & #& B 4 F.4

The summit of this snow mountain hasn't been reached.
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General Framework of Controllable
Short-Text-Conversation Generation
with External Memory

Post: # 2 F.4 8 A% R 4 ER 8 A & .

Only those who are kind can see the real view of Meili snow mountain.

Encoder Module E

«HARRNNE
w A NN NN

joint context ¢

Decoder Module D

» Inputsemantickey: &l

o
Semantic Key %
Mapper &
-
Outputsemantickey: &k o
v
Memory Module M External Memory
QERRRRRRRRInenn
m o ppppnnapnntnnnn
r QIRRRRRRRRNTIRTN
address: & i nowmounay | DIDIDDNRRDNNRNTIE

L Generatedresponse: X & & #& B &) F.4

The summit of this snow mountain hasn’t been reached.

o>

attention

— seq2seq

memory read

I memory cell
I hidden vector
I context vector
[ memory vector
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Controllable Short Text Conversation Examples

EWEAFTIFRAF A EFAELATALE!

Fost Li Na is great! China’s first World Tennis Grand Slam champion!
FHEEXAFT!
NRM Li Na is the world champion!
E X R )
MrRNN Come on, L1 Na. Come on!
Key-Word Response
=T FREENLAFH]
ESED world Li Na is the best in the world!
FHE FiE F HH A
China Li Na is the pride of China!
M L P EEYSEXTT
tennis China Tennis Open, come on!
Post BRABZERRS & RBHTERRF=REFHA
A touching organ donation advertisement, please thank those who gave you a second life.
NRM | FHRE=REFEHA
A man who gives me a second life.
RNN BHE— A
Mr Thanks for everyone!
Key-Word Response
E3 RHEFETH—I1
life Thanks for everything given by life!
[ BEF HATERETRNA -
ESED organ Thanks for those organ donors.
rE REAEH T ]
advertisement | A very touching advertisement!
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Comments Generated Using Different
Semantic key Mapping Methods

AT enEw & ROAMEA.

Post A good society should be composed of people of kindness.
Mapping-Method | Key-Word Response
. ER ERE—FEW.
[dentity Mapper kindness Kindness is a belief.
nE ERE—FIE.
Synonym friendliness | Kindness is a virtue.
2% AR ALENES ETH.
Antonym evil A society without evils is more terrifying.
Embeddin EE ) FRE—FEEEE -
g optimism Optimism is an attitude of life.
i R&G?
Common-Reply l;a"y E,Ie:ﬁ“y’; &
right Right, right.
person Every person has a side of kindness.
Random FH FHAREEELRAT
China The gap between the wealthy and the poor in China is too big.

140



Generated Responses of Knowledge
Introduction by External Memory

Post RREXPAEE?
What is your favorite constellation?
Key-Word | Response
B 78 & BREXERE .

: Capricorn | I love Capricorn.
Semantic-K
WY TR | RERTEAEK-

Sagittarius | I am a Sagittarius and I like it.

Post SREAEOEY KFAT -
Jay Chou’s movie is so nice today.
Key-Word | Response

Semantic-Key | & AAG 6] FL AR AT .
song Jay Chou’s songs are nice too.

POSt &%%E’,f&;‘g% =
Van Gogh’s paintings are very beautiful.
Key-Word | Response
@) B & EKomETOmAaR.

: sunflower | The Sunflower by Van Gogh.

SemanticKey 1=z CTTIN T Tamm

Holland Van Gogh’s paintings are very beautiful.
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How to Build Chatbots
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Chatbot Frameworks
and Al Services

* Bot Frameworks
— Botkit
— Microsoft Bot Framework
—Rasa NLU
* Al Services
—Wit.ai
—api.al
—LUIS.ai
—IBM Watson
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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 LUISai
Out-of-bax 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 api.ai LUIS.ai IBM Watson
30 days trial
Free of (harge but has paid it 5 in beta then priced
enterprise version and has transaction limits forenterprise use

Text and Speech processing

with use of Cortana

Machine Leamning Modeling

Intents used as trait Intents is the main
Support for Intents, Entitles, Actlons entities, actions prediction mechanism.
are combined Domains of entities,
operations intents and actions
Pre-bulld entitles for easy parsing
of numbers, temperature, date, etc.
® also has facility for

Integratlon to messaging platforms web service API deploying to heroku. integrated to Azure possible via API

Paid environment

, . aa Proprietary language
Su of SDKs includes SDKs for Python, C#, Xarmarin, Python, enables building with Web | ° .
oy Nodejs, Rust, C, Ruby, 105, |  Nodejs, 105, Android, | Service API, Microsoft Bot | ~Alchemylanguage
Android, Windows Phone Windows Phone Framewaork integration

Created by ActiveWizards
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