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0� (Week)    �� (Date)    �� (Subject/Topics)
1  2018/09/13  �����/��,%�'

(Course Orientation on Artificial Intelligence for 
Investment Analysis)

2  2018/09/20  AI 1*$�: 1*�
	��"
(AI in FinTech: Financial Services Innovation and Application)

3  2018/09/27  ���!.2�)AI�-���
(Robo-Advisors and AI Chatbots) 

4  2018/10/04  �/�!�)+ .
�
(Investing Psychology and Behavioral Finance)

5  2018/10/11  .
1*��#&� (Event Studies in Finance)
6  2018/10/18  �����/����#& I 

(Case Study on Artificial Intelligence for Investment Analysis I)

,%
( (Syllabus)

2



 � (Week)    �� (Date)    �
 (Subject/Topics)

7  2018/10/25  Python AI����	�
(Foundations of AI Investment Analysis in Python)

8  2018/11/01  Python Pandas!�����
(Quantitative Investing with Pandas in Python)

9  2018/11/08  Python Scikit-Learn ����
(Machine Learning with Scikit-Learn In Python)

10  2018/11/15  ��
� (Midterm Project Report)

11  2018/11/22  TensorFlow �������"��#� I 
(Deep Learning for Financial Time Series Forecasting
with TensorFlow I)

12  2018/11/29  TensorFlow �������"��#� II 
(Deep Learning for Financial Time Series Forecasting 
with TensorFlow II)

���� (Syllabus)
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2� (Week)    �� (Date)    �� (Subject/Topics)

13  2018/12/06  �����1����$& II 
(Case Study on Artificial Intelligence for Investment Analysis II) 

14  2018/12/13  TensorFlow  ��)0��3��4! III 
(Deep Learning for Financial Time Series Forecasting
with TensorFlow III)

15  2018/12/20  �1'
��	+%���
(Portfolio Optimization and Algorithmic Trading)

16  2018/12/27  *".-,# (Natural Language Processing)

17  2019/01/03  ���� I (Final Project Presentation I)

18  2019/01/10  ���� II (Final Project Presentation II)

/%
( (Syllabus)
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Robo-Advisors 
and 

AI Chatbots
5



Robo-
Advisors

6



7Source: https://www.amazon.com/FinTech-Innovation-Robo-Advisors-Investing-Gamification/dp/1119226988

FinTech Innovation: 
From Robo-Advisors to Goal Based Investing and Gamification, 

Paolo Sironi, Wiley, 2016



Financial Technology
FinTech

“providing 
financial services 
by making use of 

software and 
modern technology”

8Source: https://www.fintechweekly.com/fintech-definition



Financial 
Services
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Money
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Money

11Source: http://www.wpclipart.com/money/bills/bills_2/stack_of_bills_2.png.html



Money
Makes
Money
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Treasure

13Source: http://www.wpclipart.com/money/treasure/treasure_chest_3.png.html



Wealth 
Management

14



Investment 
Analysis
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Time Value of Money

Risk
Return
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Fintech
Robo

Advisors
17



The New Alpha: 30+ Startups 
Providing Alternative Data For 

Sophisticated Investors

18Source: https://www.cbinsights.com/blog/alternative-data-startups-market-map-company-list/

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

19Source: https://www.cbinsights.com/blog/alternative-data-startups-market-map-company-list/



Lending, Investments, And Personal Finance: 102 
Startups Attacking The Retail Banking Value Chain

20Source: https://www.cbinsights.com/blog/industry-market-map-landscape/



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

21Source: https://www.cbinsights.com/blog/industry-market-map-landscape/



Insurance Tech Rising: 135+ Insurance Startups 
Across P2P, Life, Commercial & More

22Source: https://www.cbinsights.com/blog/industry-market-map-landscape/



Millennial Personal Finance: 63 Fintech Startups 
Targeting Millennials

23Source: https://www.cbinsights.com/blog/fin-tech-startups-millennials/



Fintech for Millennials

24

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

Source: https://www.cbinsights.com/blog/fin-tech-startups-millennials/



Fintech: Wealth Management

25Source: https://www.cbinsights.com/blog/fin-tech-startups-millennials/

Company Select Investors

Wealthfront
DAG Ventures, Index Ventures, Greylock Partners, The 
Social+Capital Partnership

Betterment
Bessemer Venture Partners, Athemis Group, Menlo 
Ventures

SigFig
Doll Capital Management, Union Square Ventures, Bain 
Capital Ventures

Aspiration Renren, GSV Capital, Capricorn Investment Group, IGSB

Blooom
Commerce Ventures, DST Systems, Hyde Park VP, QED 
Investors, UMB Financial

Rebalance IRA N/A
Hedgeable SixThirty

WiseBanyan VegasTech Fund

Personal Capital Institutional Venture Partners, Venrock, Crosslink Capital



Fintech: Personal Investing

26Source: https://www.cbinsights.com/blog/fin-tech-startups-millennials/

Company Select Investors
eToro BRM Group, Ping An Ventures, Spark Capital

Openfolio FinTech Collective

DriveWealth Route 66 Ventures

Tip’d Off Raj Parekh, Bill Crane, Shaun Coleman

Kapitall Bendigo Partners, Linden Venture Fund

Stash N/A
Stox SingulariTeam

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

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

Loyal3 DNS Capital



Big Data Driven 
Disruption: 

Robo-Advisor
27Source: http://www.vamsitalkstech.com/?p=2329



FinTech high-level classification

28

Lending Payments AnalyticsRobo
Advisors Others

Profile Advice Re-Balance Indexing

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



Fintech: Unbunding the Bank

29Source: https://www.cbinsights.com/blog/disrupting-banking-fintech-startups-2016/

Wealth Management: Wealthfront



30

Wealthfront: Fintech Robo Advisor

https://www.wealthfront.com/

https://www.wealthfront.com/


A classic workflow for 
financial recommendations

31Source: Musto, C., Semeraro, G., Lops, P., de Gemmis, M., & Lekkas, G. (2015). 
Personalized finance advisory through case-based recommender systems and diversification strategies. Decision Support Systems, 77, 100-111.



Process of Robo Advisors

32Source: https://advisesure.com/blog/what-is-meaning-of-term-robo-advisor-and--their-benefits



Benefits of Robo Advisors

33Source: https://advisesure.com/blog/what-is-meaning-of-term-robo-advisor-and--their-benefits



• 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

Source: http://www.vamsitalkstech.com/?p=2329



• 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

35

Robo-Advisor Business Models

Source: http://www.vamsitalkstech.com/?p=2329



Usecases of Robo-Advisors
1. Determine individual Client profiles & preferences
2. Identify appropriate financial products
3. Establish correct Investment Mix for the client’s profile
4. Using a algorithmic approach, choose the appropriate 

securities for each client account
5. Continuously monitor the portfolio & transactions 

within it to tune performance
6. Provide value added services
7. Ensure the best user experience by handling a whole 

range of financial services

36Source: http://www.vamsitalkstech.com/?p=2418



Business Requirements for a 
Robo-Advisor (RA)

1. Collect Individual Client Data

2. Client Segmentation

3. Algorithm Based Investment Allocation

4. Portfolio Rebalancing

5. Tax Loss Harvesting 

6. A Single View of a Client’s Financial History

37Source: http://www.vamsitalkstech.com/?p=2354



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. 

38Source: http://www.vamsitalkstech.com/?p=2354



Algorithms for a Robo-Advisor (RA)

• RA platforms also provide 
24�7 tracking of market movements 
to use that to track rebalancing decisions 
from not just a portfolio standpoint 
but also from a taxation standpoint.

39Source: http://www.vamsitalkstech.com/?p=2354



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.

40Source: http://www.vamsitalkstech.com/?p=2354



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

Robo-Advisor (RA) Sample Portfolios 

Source: http://www.vamsitalkstech.com/?p=2354



Architecture of a Robo-Advisor (RA)

42Source: http://hortonworks.com/blog/architecture-of-a-roboadvisor/



43

Robo-Advisor
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Wealthfront: Fintech Robo Advisor

https://www.wealthfront.com/

https://www.wealthfront.com/


45

Betterment: Fintech Robo Advisor

Source: https://www.betterment.com/



Betterment vs. Wealthfront

46Source: https://investorjunkie.com/36355/betterment-vs-wealthfront/

Robo-Advisor Betterment Wealthfront
Investor Junkie Rating 4.5 star 5 star
Promotions One Month Free First $15k for Free

Fees 0.25%/yr
None first $10k;

0.25%/yr for more

Minimum Deposit None $500

Human Advisors
Yes —

Additional Fee No

Automatic Rebalancing Yes Yes
Tax Loss Harvesting Yes Yes
Direct Indexing No Yes
Fractional Shares Yes No

Assets Under Management $8.0B $5.0B

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


Wealthfront: 
0.25%

Flat annual advisory fee
• No trading commissions or hidden fees
• Portfolio of low-cost ETFs
• Your first $10,000 managed free

47Source: https://www.wealthfront.com/
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Wealthfront
Powering your financial life with technology

Source: https://www.wealthfront.com/
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Wealthfront Robo Advisor

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



50

Wealthfront Robo Advisor

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



Wealth Management Value Chain

51Source: Cocca, Teodoro (2016). "Potential and Limitations of Virtual Advice in Wealth Management." 
Journal of Financial Transformation, 44, 45-57.



Wealth Management Service and 
Potential for virtualization

52Source: Cocca, Teodoro (2016). "Potential and Limitations of Virtual Advice in Wealth Management." 
Journal of Financial Transformation, 44, 45-57.



AI and Robo Advisor 
Virtualization Dimensions

53Source: Cocca, Teodoro (2016). "Potential and Limitations of Virtual Advice in Wealth Management." 
Journal of Financial Transformation, 44, 45-57.



Degree of Digitalization of 
Wealth Management Customers

54Source: Cocca, Teodoro (2016). "Potential and Limitations of Virtual Advice in Wealth Management." 
Journal of Financial Transformation, 44, 45-57.



Use of Online Services by 
Hybrid Customers

55Source: Cocca, Teodoro (2016). "Potential and Limitations of Virtual Advice in Wealth Management." 
Journal of Financial Transformation, 44, 45-57.



56Source: Cocca, Teodoro (2016). "Potential and Limitations of Virtual Advice in Wealth Management." 
Journal of Financial Transformation, 44, 45-57.

Use of Online Services by 
Hybrid Customers



Explaining Customer Experience of 
Digital Financial Advice

57Source: Van Thiel, Diederick, and Fred Van Raaij (2017). "Explaining Customer Experience of Digital Financial Advice." Economics 5, no. 1, 69-84.



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

58
Source: Edwin J. Elton, Martin J. Gruber, Stephen J. Brown, and William N. Goetzmann (2014), 

Modern Portfolio Theory and Investment Analysis, 9th Edition, Wiley.



• 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

59

Modern Portfolio Theory and 
Investment Analysis

Source: Edwin J. Elton, Martin J. Gruber, Stephen J. Brown, and William N. Goetzmann (2014), 
Modern Portfolio Theory and Investment Analysis, 9th Edition, Wiley.



• 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

Source: Edwin J. Elton, Martin J. Gruber, Stephen J. Brown, and William N. Goetzmann (2014), 
Modern Portfolio Theory and Investment Analysis, 9th Edition, Wiley.



• 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

Source: Edwin J. Elton, Martin J. Gruber, Stephen J. Brown, and William N. Goetzmann (2014), 
Modern Portfolio Theory and Investment Analysis, 9th Edition, Wiley.



• Option Pricing Theory
• The Valuation and Uses of Financial Futures
• Mutual Funds
• Evaluation of Portfolio Performance
• Evaluation of Security Analysis
• Portfolio Management Revisited

62

Modern Portfolio Theory and 
Investment Analysis

Source: Edwin J. Elton, Martin J. Gruber, Stephen J. Brown, and William N. Goetzmann (2014), 
Modern Portfolio Theory and Investment Analysis, 9th Edition, Wiley.



AI Chatbots

63



Conversational 
Commerce

64



Chatbots: Evolution of UI/UX 

65Source: https://bbvaopen4u.com/en/actualidad/want-know-how-build-conversational-chatbot-here-are-some-tools



Chatbot
Dialogue System
Intelligent Agent

66



Chatbot

67Source: https://www.mdsdecoded.com/blog/the-rise-of-chatbots/



Dialogue System

68
Source: Serban, I. V., Lowe, R., Charlin, L., & Pineau, J. (2015). A survey of available corpora for building data-driven dialogue systems. arXiv
preprint arXiv:1512.05742.



Can 
machines 

think?
(Alan Turing ,1950)

69
Source: Cahn, Jack. "CHATBOT: Architecture, Design, & Development." 

PhD diss., University of Pennsylvania, 2017.



Chatbot
“online human-computer

dialog system
with 

natural language.”
70

Source: Cahn, Jack. "CHATBOT: Architecture, Design, & Development." 
PhD diss., University of Pennsylvania, 2017.



Chatbot Conversation Framework

71Source: https://chatbotslife.com/ultimate-guide-to-leveraging-nlp-machine-learning-for-you-chatbot-531ff2dd870c



From 
E-Commerce 

to 
Conversational Commerce: 

Chatbots 
and 

Virtual Assistants
72Source: http://www.guided-selling.org/from-e-commerce-to-conversational-commerce/



Conversational Commerce: 
eBay AI Chatbots

73Source: https://www.forbes.com/sites/rachelarthur/2017/07/19/conversational-commerce-ebay-ai-chatbot/



Hotel Chatbot

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



75Source: http://www.guided-selling.org/from-e-commerce-to-conversational-commerce/

H&M’s Chatbot on Kik



76Source: http://www.guided-selling.org/from-e-commerce-to-conversational-commerce/

Uber’s Chatbot on Facebook’s Messenger

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



Savings Bot

77Source: https://chatbotsmagazine.com/artificial-intelligence-ai-and-fintech-part-1-7cae1e67dc13



Mastercard Makes Commerce More Conversational

78Source: https://newsroom.mastercard.com/press-releases/mastercard-makes-commerce-more-conversational-with-launch-of-chatbots-for-banks-and-merchants/

https://newsroom.mastercard.com/press-releases/mastercard-makes-commerce-more-conversational-with-launch-of-chatbots-for-banks-and-merchants/


Bot 
Platform

Ecosystem
79



80Source: https://www.oreilly.com/ideas/infographic-the-bot-platform-ecosystem



81Source: https://www.oreilly.com/ideas/infographic-the-bot-platform-ecosystem



82Source: https://venturebeat.com/2016/08/11/introducing-the-bots-landscape-170-companies-4-billion-in-funding-thousands-of-bots/



83Source: https://medium.com/@RecastAI/2017-messenger-bot-landscape-a-public-spreadsheet-gathering-1000-messenger-bots-f017fdb1448a /



The Bot Lifecycle

84Source: https://chatbotsmagazine.com/the-bot-lifecycle-1ff357430db7



Chatbots
Bot Maturity Model

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

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



Question 
Answering

(QA)
86



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

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

Department of Information Management 
Tamkang University, Taiwan

Tamkang University

Min-Yuh Day

Yue-Da Lin 

Chao-Yu Chen

I-Hsuan HuangWanchu Huang Shi-Ya Zheng Tz-Rung Chen Min-Chun Kuo Yi-Jing Lin

2017

mailto:myday@mail.tku.edu.tw


88

IMTKU 
Question Answering System

for 
World History Exams 
at NTCIR-13 QALab-3

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



NTCIR-9 Workshop, December 6-9, 2011, Tokyo, Japan

myday@mail.tku.edu.tw

Department of Information Management 
Tamkang University, Taiwan

Chun TuMin-Yuh Day

IMTKU Textual Entailment System for 
Recognizing Inference in Text 

at NTCIR-9 RITE

Tamkang
University

Tamkang University 2011

mailto:myday@mail.tku.edu.tw


IMTKU Textual Entailment System for 
Recognizing Inference in Text 

at NTCIR-10 RITE-2

Tamkang
University

myday@mail.tku.edu.tw
NTCIR-10 Conference, June 18-21, 2013, Tokyo, Japan

Department of Information Management 
Tamkang University, Taiwan

Chun Tu Hou-Cheng Vong Shih-Wei Wu Shih-Jhen HuangMin-Yuh Day

Tamkang University 2013

mailto:myday@mail.tku.edu.tw


Ya-Jung WangMin-Yuh Day Che-Wei Hsu

Huai-Wen Hsu

En-Chun Tu

IMTKU Textual Entailment System for 
Recognizing Inference in Text at NTCIR-11 RITE-VAL

2014

Yu-Hsuan TaiShang-Yu Wu Cheng-Chia Tsai
NTCIR-11 Conference, December 8-12, 2014, Tokyo, Japan

Tamkang University

Yu-An Lin



IMTKU Question Answering System for 

World History Exams at NTCIR-12 QA Lab2

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

Min-Yuh Day Cheng-Chia Tsai Wei-Chun Chung Hsiu-Yuan Chang Yuan-Jie Tsai Jin-Kun Lin

Yue-Da Lin Wei-Ming Chen Yun-Da Tsai Cheng-Jhih Han Yi-Jing LinYu-Ming Guo

Tzu-Jui Sun

Yi-Heng Chiang Ching-Yuan Chien

Department of Information Management 

Tamkang University, Taiwan

Cheng-Hung Lee

Tamkang University

2016

Sagacity Technology

mailto:myday@mail.tku.edu.tw


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

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

Department of Information Management 
Tamkang University, Taiwan

Tamkang University

Yue-Da Lin I-Hsuan HuangWanchu Huang Shi-Ya Zheng Tz-Rung Chen Min-Chun Kuo Yi-Jing Lin

2017

Min-Yuh Day Chao-Yu Chen

mailto:myday@mail.tku.edu.tw


IMTKU System Architecture for NTCIR-13 QALab-3 

94

Question 
(XML)

Question Analysis

Document Retrieval

Answer Extraction

Answer Generation

Stanford 
CoreNLP

JA&EN 
Translator

Wikipedia

Answer
(XML)

Complex Essay

Simple Essay

True-or-False

Factoid

Slot-Filling

Unique

Word Embedding
Wiki Word2Vec

NTCIR-13 Conference, December 5-8, 2017, Tokyo, Japan
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IMTKU 
System Description

NTCIR-13 Conference, December 5-8, 2017, Tokyo, Japan
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JA & EN Translator

NER & POS Tagger

Question Type 
Identification

Keyword Extraction

Question (XML)

Question Analysis Result 
(XML)

Question Analysis1

Complex Essay

Simple Essay

True-or-False

Slot-Filling

Unique

Stanford 
CoreNLP

JA&EN 
Translator

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

Factoid



97

Japanese:
古代メソポタミアと古代エジプトにおける
暦とその発達の背景について，３行以内で
説明しなさい。

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.

JA & EN Translator
JA&EN 

Translator

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



98

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/O/JJ 
Policies/O/NNS -LRB-/O/-LRB- xin/O/FW fa/O/FW -RRB-
/O/-RRB- ./O/.

NER & POS tagger
Stanford 
CoreNLP

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

Keyword list

Content list

Wikipedia

Articles Extraction

Ambiguous word
Extraction

Y

N

Document Retrieval2

NTCIR-13 Conference, December 5-8, 2017, Tokyo, Japan
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Answer Extraction3 Question Analysis 
Result (XML)

Answer Extraction 
Result (XML)

TF-IDF Score List

Document Retrieval 
Result (XML)

TF-IDF
Scoring

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



Answer Generation

101NTCIR-13 Conference, December 5-8, 2017, Tokyo, Japan

Question 
Analysis 

Result (XML)

Document 
Retrieval 

Result (XML)

Answer 
Extraction

Result (XML)

Combination and Matching Strategy

Answer 
(XML)

Complex 
Essay

Simple 
Essay



Answer Generation

102

4

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

Text
Summarization

Answer for Essay

Token
Extraction

Vector
Similarity

DR Result
Content list

Wiki
Word2Vec

Gensim

Stanford
NER

Stanford
POS taggerTF-IDF

and
Cosine 

Similarity

Answer for 
Multiple Choice

QA Result
Question (XML)



System Architecture of 
Intelligent Dialogue and Question Answering System

103

Question Analysis

Document Retrieval

Answer Extraction

Answer 
Generation

Answer 
Validation

Python
NLTK

Deep Learning
TensorFlow

IR

Dialogue 
KB

Deep Learning

Answer

Dialogue Intention 
Detection

User Question Input

System 
Response 
Generator

AIML KB
AIML

Dialogue 
Engine

Real Time 
Dialogue

API
Cloud

Resource

RNN
LSTM
GRU



Dialogue System

104
Source: Serban, I. V., Lowe, R., Charlin, L., & Pineau, J. (2015). A survey of available corpora for building data-driven dialogue systems. arXiv
preprint arXiv:1512.05742.



105

Chat-oriented Dialogue System

Source: Banchs, R. E., & Li, H. (2012, July). IRIS: a chat-oriented dialogue system based on the vector space model. 
In Proceedings of the ACL 2012 System Demonstrations (pp. 37-42). Association for Computational Linguistics.



AIML Dialogue System

106Source: Morales-Rodríguez, María Lucila, Rogelio Florencia Juárez, Hector J. Fraire Huacuja, and José A. Martínez Flores. "Emotional conversational agents in clinical psychology 
and psychiatry." In Mexican International Conference on Artificial Intelligence, pp. 458-466. Springer Berlin Heidelberg, 2010.



ALICE and AIML

107Source: http://www.alicebot.org/aiml.html



AIML 
(Artificial Intelligence Markup Language)

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

</category>

108Source: http://www.alicebot.org/aiml.html



AIML 
(Artificial Intelligence Markup Language)

• <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

• <template>
– contains the response to a user input

109Source: http://www.alicebot.org/aiml.html



<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>

110

AIML 
(Artificial Intelligence Markup Language)

Source: http://www.alicebot.org/aiml.html



111Source: Pilato, G., Augello, A., Vassallo, G., & Gaglio, S. (2008). EHeBby: An evocative humorist chat-bot. Mobile Information Systems, 4(3), 165-181.

Humorist Chat-bot



Short 
Text 

Conversation
(STC)

112



Short Text Conversation Task 
(STC-3)

Chinese Emotional Conversation 
Generation (CECG) Subtask

113Source: 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

114Source: https://waseda.app.box.com/v/STC3atNTCIR-14

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


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

115Source: http://ntcirstc.noahlab.com.hk/STC2/stc-cn.htm

http://ntcirstc.noahlab.com.hk/STC2/stc-cn.htm


Short Text Conversation 
(NTCIR-13 STC2)

Generation-based

116Source: http://ntcirstc.noahlab.com.hk/STC2/stc-cn.htm

http://ntcirstc.noahlab.com.hk/STC2/stc-cn.htm


Short Text Conversation
(STC-3)

• Emotional Conversation Generation
• Dialogue Quality
• Nugget Detection subtasks 

using Chinese and English dialogue data

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

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


NTCIR-14 
Short Text Conversation 

Task (STC-3) 
• Three new subtasks

– Chinese Emotional Conversation Generation 
(CECG)

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

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

118Source: http://research.nii.ac.jp/ntcir/ntcir-14/tasks.html

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


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 NII, Tokyo

119Source: http://coai.cs.tsinghua.edu.cn/hml/challenge/time_schedule/

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


Given post: 
����	$���&���%

The man who cooks and loves dogs is very handsome!

Response Chinese / Translated English
Emotion 

Class
Coherence 

and Fluency
Emotion 

Consistency Label

Response 1 �	$���������

The man who cooks is handsome.

��

Like
Yes Yes 2

Response 2 ��&�����

Haha, I feel the same way.

��

Like
Yes No 1

Response 3  �
"��#�'

Which movie is this from?


�

Disgust
No Yes 0

Response 4 ��,����
Haha, the same to you.

��

Like
No No 0

Response 5 �����

I love you, will you.


�

Disgust
No Yes 0

Response 6  ������!%
This is the same way of the same doctrine!


�

Disgust
No No 0

120Source: http://coai.cs.tsinghua.edu.cn/hml/challenge/evaluation_metric/

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


NLPCC 
Emotion Classification Challenge

6 classes (64%)
• 0: Other
• 1: Like
• 2: Sadness
• 3: Disgust
• 4: Anger
• 5: Happiness

121Source: http://coai.cs.tsinghua.edu.cn/hml/challenge/dataset_description/

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


Chinese Emotional Conversation Generation 
(CECG)

Post
(Given)

Emotion 
Category 
(Given)

Response
(to be generated)

LO_��dSQ
f@+�e

The man who cooks and loves dogs is very handsome!
!E

Like
��dSQ
=.+S��

The man who cooks is handsome.

MMf<%=�� f,7��P�e

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

!E

Like
&f�(,�

Yes, of course.

YN�#�S
2Rf�.b^fWZ��#�f�?b
^�

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

3�

Sadness
"�#�f8
#��

I am concerned with it, because I care 
about it.

�%c$S�*Je�[�F7�$gege

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

!E

Like
H5�>f)/�6�!
Keep warm. Watch out for getting 
cold!

AB4'�9GDfVC�7?0��

I wanted to learn the vicissitudes of life, but I became sadder.
3�

Sadness
`=��3�S:	�

It a sad story.

�%�;%a#I]\U�XK.Tf�_=.-/Se

I have been training at the seaside all day. Though very tired, I 
still very happy!

1�

Happiness
=S�f-/e

Yeah, happy!

122Source: http://coai.cs.tsinghua.edu.cn/hml/challenge/task_definition/

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


Chinese Emotional Conversation Generation 
(CECG)
Dataset

• 1,110,000 Weibo post-response pairs
– [[[post,post_label],[response,response_label]],

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

123Source: http://coai.cs.tsinghua.edu.cn/hml/challenge/dataset_description/

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


Fluency judgement on responses 
with repetitive words

124
Source: Huang, Minlie, Zuoxian Ye, and Hao Zhou. "Overview of the NLPCC 2017 Shared Task: Emotion Generation Challenge." 

In National CCF Conference on Natural Language Processing and Chinese Computing (NLPCC), pp. 926-936. Springer, Cham, 2017.



Sample responses generated by 
Seq2Seq and ECM 

(Emotional Chatting Machine)

125
Source: 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).



Sample responses generated by 
Seq2Seq and ECM 

(Emotional Chatting Machine)

126
Source: 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).



Emotional Short Text Conversation
(ESTC)

Dataset

127
Source: 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).



Conversations 
with/without considering emotion
Emotional Chatting Machine (ECM)

• User: Worst day ever. I arrived late because of the traffic.
1. Basic Seq2Seq: You were late.
2. ECM (Like): I am always here to support you.
3. ECM (Happy): Keep smiling! Things will get better.
4. ECM (Sad): It’s depressing.
5. ECM (Disgust): Sometimes life just sucks.
6. ECM (Angry): The traffic is too bad!

128
Source: 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).



Overview of 
Emotional Chatting Machine (ECM)

129
Source: 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).



Overview of 
Emotional Chatting Machine (ECM)

130
Source: 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).



Overview of 
Emotional Chatting Machine (ECM)

131
Source: 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).



Data flow of the decoder with an 
internal memory

132
Source: 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).



Data flow of the decoder with an 
external memory

133
Source: 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).



Sample responses generated by 
Seq2Seq and ECM 

(Emotional Chatting Machine)

134
Source: 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).



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.

• 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.

135Source: http://coai.cs.tsinghua.edu.cn/hml/challenge/evaluation_metric/

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


Chinese Emotional Conversation 
Generation (CECG)
Evaluation Metric

IF Coherence and Fluency
IF Emotion Consistency

LABEL 2
ELSE

LABEL 1
ELSE

LABEL 0

136Source: http://coai.cs.tsinghua.edu.cn/hml/challenge/evaluation_metric/

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


Sequence-to-sequence Learning with 
Attention for Generation-based STC

137
Source: 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).



General Framework of Controllable 
Short-Text-Conversation Generation 

with External Memory

138
Source: 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).



Controllable Short Text Conversation Examples

139
Source: 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).



Comments Generated Using Different 
Semantic key Mapping Methods

140
Source: 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).



Generated Responses of Knowledge 
Introduction by External Memory

141
Source: 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).



How to Build Chatbots

142Source: Igor Bobriakov (2018), https://activewizards.com/blog/a-comparative-analysis-of-chatbots-apis/



Chatbot Frameworks 
and AI Services

• Bot Frameworks 
– Botkit
– Microsoft Bot Framework
– Rasa NLU

• AI Services
– Wit.ai
– api.ai
– LUIS.ai
– IBM Watson

143Source: Igor Bobriakov (2018), https://activewizards.com/blog/a-comparative-analysis-of-chatbots-apis/



Chatbot Frameworks

144Source: Igor Bobriakov (2018), https://activewizards.com/blog/a-comparative-analysis-of-chatbots-apis/



145Source: Igor Bobriakov (2018), https://activewizards.com/blog/a-comparative-analysis-of-chatbots-apis/
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