—y Tamkang
T w7 University

Big Data Mining
ABC:
Al, Big Data, Cloud Computing

1071BDMO02
TLVXM1A (M2244) (8619) (Fall 2018)
(MBA, DBETKU) (3 Credits, Required) [Full English Course]

(Master’s Program in Digital Business and Economics)
Mon, 9, 10, 11, (16:10-19:00) (B206)

Min-Yuh Day, Ph.D.
o Assistant Professor
Department of Information Management
Tamkang University o

http://mail.tku.edu.tw/myday

COp

2018-09-17


http://www.im.tku.edu.tw/
http://www.tku.edu.tw/
http://mail.tku.edu.tw/myday

Course Schedule

X Tamkang
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Week Date Subject/Topics

1 2018/09/10
2018/09/17
2018/09/24
2018/10/01

B W N

ol

2018/10/08

2018/10/15
2018/10/22
2018/10/29
2018/11/05

O 00 N O

Course Orientation for Big Data Mining
ABC: Al, Big Data, Cloud Computing
Mid-Autumn Festival (Day off)

Data Science and Big Data Analytics: Discovering,
Analyzing, Visualizing and Presenting Data

Fundamental Big Data: MapReduce Paradigm,
Hadoop and Spark Ecosystem

Foundations of Big Data Mining in Python
Supervised Learning: Classification and Prediction
Unsupervised Learning: Cluster Analysis
Unsupervised Learning: Association Analysis



Course Schedule

X Tamkang
g’ University

Week Date Subject/Topics

10
11
12

13
14
15
16
17
18

2018/11/12
2018/11/19
2018/11/26

2018/12/03
2018/12/10
2018/12/17
2018/12/24
2018/12/31
2019/01/07

Midterm Project Report
Machine Learning with Scikit-Learn in Python

Deep Learning for Finance Big Data with
TensorFlow

Convolutional Neural Networks (CNN)
Recurrent Neural Networks (RNN)
Reinforcement Learning (RL)

Social Network Analysis (SNA)

Bridge Holiday (Extra Day Off)

Final Project Presentation
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Business Intelligence, Analytics, and Data Science:
A Managerial Perspective, 4th Edition,
Ramesh Sharda, Dursun Delen, and Efraim Turban,
Pearson, 2017.

BUSINESS
INTELLIGENCE,
ANALYTICS, ®
AND DATA
SCIENCE e
A Manageria .

P SpeClny

| ! e -
L]
§°
Ramaesn Sharda . .
Dursun Dolon '0 .

Efraim Turban

P

Source: https://www.amazon.com/Business-Intelligence-Analytics-Data-Science/dp/0134633288



https://www.amazon.com/Business-Intelligence-Analytics-Data-Science/dp/0134633288

Big Data, Data Mining, and Machine Learning: Value Creation for
Business Leaders and Practitioners,
Jared Dean,
Wiley, 2014.

woMACHINE
LEARNING

Value Creation for Business Leaders
and Practitioners

Jared Dean s

Source: https://www.amazon.com/Data-Mining-Machine-Learning-Practitioners/dp/1118618041



https://www.amazon.com/Data-Mining-Machine-Learning-Practitioners/dp/1118618041

Social Network Based Big Data Analysis and Applications,
Lecture Notes in Social Networks,
Mehmet Kaya, Jalal Kawash, Suheil Khoury, Min-Yuh Day,
Springer International Publishing, 2018.

Lecture Notes in Social Networks

Mehmet Kaya - Jalal Kawash
Suheil Khoury - Min-Yuh Day Editors

Social Network
Based Big Data

Analysis and
Applications

@ Springer

Source: https://www.amazon.com/Network-Analysis-Applications-Lecture-Networks/dp/3319781952



https://www.amazon.com/Network-Analysis-Applications-Lecture-Networks/dp/3319781952

Al, Big Data, Cloud Computing
Evolution of Decision Support,

Business Intelligence, and Analytics
Al

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



Value Creation by Big Data Analytics

(Grover et al., 2018)

Value
Manifestation

Strategy Leadership Trust
Technological and Industry Context

Moderating Factors

Governance Support
Competitive Dynamics

Data-Driven Culture

Capability Realization Process

| Capability Building Process >

Direct value from BDA
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Mechanisms
Transparency and access
Discovery and
experimentation
Prediction and optimization
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Learning and crowdsourcing
Continuous monitoring and
proactive adaptation
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Improvement

Market
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Performance
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Research Landscape of

Business Intelligence and Big Data Analytics:

A bibliometrics study

A bibliometric analysis on Big Data and
Business Intelligence from 1990 to 2016.

Big Data papers grow much faster than
Business Intelligence papers

Computer Science and information systems
are two core disciplines.

Most influential papers are identified and a
research framework is proposed.

11



Evolution of top keywords in

* Management
* Text Mining
* Data Mining
* Data Science

“BD & BI” publications

* Big Data * Cloud * Knowledge
Analytics Computing Management
* Social Media * Data
* Business Warehouse
Analytics
* Information
System

Source: Ting-Peng Liang and Yu-Hsi Liu (2018), "Research Landscape of Business Intelligence and Big Data analytics: A bibliometrics study”,

Expert Systems with Applications, Volume 111, 30, 2018, pp. 2-10 12



Framework for BD and Bl Research

 Data Collection * Business A
* Data Storage * Medicate
e Data Analytics * Supply Chain
* Infrastructure * Engineering
* Services
. Technology Application /
4 Management )

Adoption of
BD/BI

* Cost Benefit

* Security/Privacy

* Value Creation
* Individual Impact
* Organizational Impact

N Social Impact * Human Resource/

Source: Ting-Peng Liang and Yu-Hsi Liu (2018), "Research Landscape of Business Intelligence and Big Data analytics: A bibliometrics study”,
Expert Systems with Applications, Volume 111, 30, 2018, pp. 2-10

13



Business Intelligence and Big Data analytics
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Definition
of
Artificial Intelligence
(A.l.)



Artificial Intelligence

“ .. the sclence and

engineering
of
making

intelligent machines”
(John McCarthy, 1955)



Artificial Intelligence

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



Artificial Intelligence

“.. intelligence
exhibited by machines
or software”



4 Approaches of Al

Thinking Humanly

Thinking Rationally

Acting Humanly

Acting Rationally

20



4 Approaches of Al

2.
Thinking Humanly:
The Cognitive
Modeling Approach

3.
Thinking Rationally:
The “Laws of Thought”
Approach

1.

Acting Humanly:
The Turing Test
Approach s

4.
Acting Rationally:
The Rational Agent
Approach

21



Al Acting Humanly:

The Turing Test Approach
(Alan Turing, 1950)

Natural Language Processing (NLP)
Knowledge Representation
Automated Reasoning

Machine Learning (ML)

Computer Vision

Robotics

22



Boston Dynamics: Atlas

> Pl o) 0:22/0:54

#13 ON TRENDING
What's new, Atlas?

https://www.youtube.com/watch?v=fRj3404hN4l

23


https://www.youtube.com/watch?v=fRj34o4hN4I

Humanoid Robot: Sophia

INVESTMENT®
INITIATINERFS S

,\T

s l ‘ ST'.ENT
) INITIATIVE

INVESTMENT | ENT

INITIATIVE NITIATIVE
| FUTURE / - x.a.f?
INVESTHAENT RdALL ”

b -
st A N/ v "r- SSI™2

> Pl o) 1:29/504 (cc K SC

https://www.youtube.com/watch?v=S5t6K9iwcdw

24


https://www.youtube.com/watch?v=S5t6K9iwcdw

Can a robot pass a university entrance exam?
Noriko Arai at TED2017

|deas worth spreading DISCOVER

11:25 )

https://www.ted.com/talks/noriko arai can a robot pass a university entrance exam
https://www.youtube.com/watch?v=XQZzZjkPyJ8KU

ATT

25


https://www.ted.com/talks/noriko_arai_can_a_robot_pass_a_university_entrance_exam
https://www.youtube.com/watch?v=XQZjkPyJ8KU

Artificial Intelligence (A.l.) Timeline

A.l. TIMELINE & -
m ‘:\ ‘A’-,'

1950 1955 1961 1964 1966 A.l. 1997 1998

Computer scientist Term ‘artificial First industrial robot, Pioneering chatbot The "first electronic WI NTER Deep Blue, a chess- Cynthia Breazeal at MIT
Alan Turing proposes a  intelligence’ is coined Unimate, goes to work  developed by Joseph person’ from Stanford, Many false starts and playing computer from  introduces KISmet, an
test for machine by computer scientist,  at GM replacing Weizenbaum at MIT Shakey is a general- dead-ends leave Al out |BM defeats world chess emotionally intelligent
intelligence. If a John McCarthy to humans on the holds conversations purpose mobile robot ;1o 014 champion Garry robot insofar as it
machine can trick describe “the science assembly line with humans that reasons about Kasparov detects and responds
humans into thinking it  and engineering of its own actions to people’s feelings

is human, then it has making intelligent

intelligence machines”

<0+ AlphaGo

1999 2002 2011 2011 2014 2014 2016 2017

Sony launches first First mass produced Apple integrates Siri, IBM’s question Eugene Goostman, a Amazon launches Alexa, Microsoft's chatbotTay = Google’s A.l. AlphaGo
consumer robot pet dog autonomous robotic an intelligent virtual answering computer chatbot passes the an intelligent virtual goes rogue on social beats world champion
AIBO (Al robot) with vacuum cleaner from assistant with a voice Watson wins first place  Turing Test with a third  assistant with a voice media making Ke Jie in the complex
skills and personality iRobot learns to navigate interface, into the on popular $1M prize of judges believing interface that completes inflammatory and board game of Go,
that develop overtime  and clean homes iPhone 4S television quiz show Eugene is human shopping tasks offensive racist notable for its vast
Jeopardy comments number (2179) of

possible positions




Artificial Intelligence
Machine Learning & Deep Learning

ARTIFICIAL
INTELUGENCE

e IR MACHINE
LEARNING

DEEP

A

1950's 1960’s 1970’s 1980's 1990's 2000's 2010's

Since an early flush of optimism in the 1950s, smaller subsets of artificial intelligence - first machine learning, then
deep learning, a subset of machine learning - have created ever larger disruptions.

Source: https://blogs.nvidia.com/blog/2016/07/29/whats-difference-artificial-intelligence-machine-learning-deep-learning-ai/



Al, ML, DL

4 Artificial Intelligence (Al) A
4 Machine Learning (ML) A
Supervised Unsupervised
Learning Learning
Deep Learning (DL)
RNN LSTM GRU
. GAN )

Semi-supervised l Reinforcement

k Learning Learning ) )




Artificial Intelligence (Al)
is many things
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Artificial Intelligence (Al)

Intelligent Document Recognition algorithms

30



Subjective Popularity

Deep Learning Evolution

Vapnik, Cortes
J.R. Quinian
Breiman
Freund, Schapire
Linnainmaa 1970
Werbos
\"f? 'S Decision Tree, ID3 )
o of° [ i
o 4;'\
oc,e'o 6"" LeCun
< Perceptron N Rumelhart, Hinton, Williams
@ | Hetch, Nielsen
Hochreiter et. al.
Hlnto_n
Neural NetWOfks J. Schmidhuber Egg:’
e IDSIA Andrew Ng.
Created by erogol
1 I l ' l l l l ' l J o
1960 1965 1970 1975 1980 1985 1990 1995 2000 2005 2010 2015

31



Machine Learning Models

Deep Learning Kernel

Association rules Ensemble

Dimensionality reduction

Decision tree

Clustering Regression Analysis

Bayesian Instance based

32



3 Machine Learning Algorithms

TEMPORAL

DIFFERENCE

RENFORCEMENT LEARNING

G-LEARNING

K-MEANS

DEEP BELIEF
NETWORKS

CLUSTERING

UNSUPERVISED
LEARNING

PRINCIPAL
COMPONENT
ANALYSIS DIMENSIONALITY

REDUCTION

LINEAR
DISCRIMINANT

ANALYSIS
GENERALIZED

DISCRIMINANT
ANALYSIS

LEARNING

CONVOLUTIONAL
NEURAL NETWORK

REGRESSION

SUPERVISED
LEARNING

RANDOM
FOREST

LINEAR
REGRESSION

CLASSIFICATION NAIVE BAYES

CONDITIONAL
DECISION TREE

K-NEAREST NEIGHBORS

RECURSIVE NEURAL
NETWORK

MACHINE LEARNING
-+
DEEP LEARNING

EMAILS CDR

oc B ¥

SOCIAL
MEDIA WEB LOGS  SALES

ISCOVERY




Machine Learning (ML) / Deep Learning (DL)

-

Machine
Learning
(ML)

o

Supervised
Learning

1

Unsupervised
Learning

|

1

Reinforcement
Learning

|

Decision Tree
~ Classifiers |

Linear
~ Classifiers

Rule-based
~ Classifiers

[ Probabilistic |

~ Classifiers |

34



Artificial intelligence (Al)

in optical networks

Mathematical formulations (e.g.,
Mixed Integer Linear Programming)

e.g. [2], [3]

Teaching-learning
based optimization
[119]

Simulated
Annealing
[47], [84], [85]

Genetic

Algorithms (GA)

[6]. [8]. [48], [69], [70], [71],
[72], [77], [78], [79], [80],
[90], [91], [92], [93], [94],
[110],
[114],

[111], [112], [113],
[115], [116], [120]

Ant Colony
Optimization (ACO)
[71. [9], [74], [81],
[82], [90], [109]

Artificial bee
colony algorithm
[76]

Gravitational search
algorithm H

[76]

Flre-fly
algorithm
[76]

Particle Swarm
Optimization
[73]

Swarm
Intelligence

Breadth-first search
[2], [3]

Tabu search
[8€], [87]

Local search
algorithms
and metaheuristics

Game theory
[0}, [11], [12]

Statistical models

Search methods
and optimization
theory

Knowledge-based, reasoning
and planning methods
[13], [14], [15], [16], [17], [18]
[94], [97], [99], [100], [101]

Learning
methods

Artificial Intelligence
techniques in
optical networks

Bayesian networks
[19], [48], [55], [96],

Hidden Markov model

Kalman filtering

[20], [23] [21], [22]

Decision-making
algorithms

[106]

Markov decision processes
[24], [25], [26], [122]

Leaming probabilistic
methods

Supervised
learning

Machine

Leaming

Bayesian learning
[10], [98], [118]

Unsupervised
learning

Reinforcement
learning

Maximum a
Posteriori (MAP)
learning
[23], [30], [32],
[46], [55]

learning
[23], [31], [32],
[46], [54], [55]

Maximume-likelihood

Neural networks
[33], [39], [51], [52], [53].
[64], [65], [88], [89],
[95], [102], [107],
[108], [117], [121]

A

Support Vector
Machines (SVM)
[53], [56], [58], [68]

Linear regression
[38], [49], [50]

|| Logistic regression

[50]

|| Random Forests (RF)

[37]

P

Instance-based learning (e.g.,
K-nearest neighbors/
Case-Based Reasoning)
[34], [35], [36], [48], [57], [83]

Principal Component
. Analysis (PCA)
[41]. [89]

Clustering K-means
[40], [42], [75], [96]

Q-learning
[45], [104], [105]

35






Evolution of Business Intelligence (Bl)

Ouerymg and ETL
reporting

! I

Metadata —»| Data warehouse

DSS
EIS/ESS !
Financial Data marts Spreadsheets
reporting (MS Excel)
OLAP
\ v
Digital cockpits
—
and dashboards Business S\\ ///

/
Scorecardsand| ~———— ¥ || Intelligence =\ . /X

dashboards

Workflow / A

Alerts and
notifications

Data & text

mining Predictive Broadcasting
analytics tools

Portals

Source: Ramesh Sharda, Dursun Delen, and Efraim Turban (2017),
Business Intelligence, Analytics, and Data Science: A Managerial Perspective, 4th Edition, Pearson 37



A High-Level Architecture of Bl

Data Warehouse Business Analytics
Environment Environment Strategy

BPM strategies

Build the data warehouse Access

nd .. Data
. _ Ol“ganIZIrjg CEIEIENES Manipulation, results
— - Summarizing p .
- Standardizing
-

User interface
Future component: = -
Intelligent systems Al (------------- ot

- Dashboard

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

Performance and

)
Data : . .
Technical staff Business users Managers/executives
Sources -

38



Questions

Enablers

Outcomes

Three Types of Analytics

Business Analytics

Descriptive Predictive Prescriptive

What happened? What will happen? What should | do?
What is happening? Why will it happen? Why should | do it?

v’ Business reporting v Data mining v/ Optimization
v' Dashboards v/ Text mining v/ Simulation
v/ Scorecards v Web/media mining v’ Decision modeling
v' Data warehousing v' Forecasting v Expert systems
Well-defined Accurate projections Best possible
business problems of future events and business decisions
and opportunities outcomes and actions

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

Data
Management
Infrastructure

Providers

Data
Generation

Infrastructure
Providers

Regulators and
Policy Makers

Data
Warehouse

Analytics

Analytics- Analytics Industry Providers
é:OEUSEd User Analysts &
ortware N Organization Influencers
Developers/ APplication ’
Developers:

Industry Specific
or General

Academic
Institutions and
Certification
Agencies

Middleware
Providers

Data Service
Providers

40



Job Titles of Analytics

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

ERP| crRm

\_ A
A t
Internet/Social Media /D,
ata Protection
Instagram \ =
Pinterest Facebook
Twitter m Linkedin
Snapchat YouTube
Flicker Google+
Foursqare Tumbir

\ Reddit

Machines/Internet of Things

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



Big Data
Analytics
and
Data Mining




Big Data4V

It's estimated that

2005 2.5 QUINTILLION BYTES

[ 2.3 TRILLION GIGABYTES ]
of data are created each day

40 ZETTABYTES

[43 TRILLION GIGABYTES ]

of data will be created by
2020, an increase of 300

times from 2005 202

The
FOURV’s
of Big
Data

From traffic patterns and music downloads to web
history and medical records, data is recorded,
stored, and analyzed to enable the technology
and services that the world relies on every day.
But what exactly is big data, and how can these
massive amounts of data be used?

6 BILLION
PEOPLE

have cell
phones

Most companies in the
U.S. have at least

100 TERABYTES
[ 100,000 GIGABYTES ]
of data stored

WORLD POPULATION: 7 BILLION As a leader in the sector, IBM data scientists
break big data into four dimensions: Volume,

Velocity, Variety and Veracity

Modern cars have close to

100 SENSORS

The New York Stock Exchange Depending on the industry and organization, big

captures data encompasses information from multiple
] TB UF TRADE ( that monitor items such as internal and external sources such as transactions,
INFORMATION (\ fuel level and tire pressure social media, enterprise content, sensors and

mobile devices. Companies can leverage data to

during each trading session adapt their products and services to better meet

customer needs, optimize operations and
infrastructure, and find new sources of revenue.

Velocity = B

By 2015
ANALYSIS OF 4.4 MILLION IT JOBS
STREAMING DATA

will be created globally to support big data,
with 1.9 million in the United States

By 2016, it is projected
there will be

18.9 BILLION
NETWORK
CONNECTIONS

YYYYYYYYYYY
sz fR4d e R R R EE

As of 2011, the global size of
data in healthcare was
estimated to be

By 2014, it's anticipated
there will be

420 MILLION
150 EXABYTES WEARABLE, WIRELESS
{161 BILLION GIGABYTES ] HEALTH MONITORS

&2
&.

4 BILLION+
HOURS OF VIDEO

are watched on
YouTube each month

You
You
m
‘

400 MILLION TWEETS

are sent per day by about 200
million monthly active users

&

30 BILLION
PIECES OF CONTENT

are shared on Facebook
every month

Poor data quality costs the US

R

economy around
$3.1 TRILLION A YE

they use to make decisions .

Veracity

UNCERTAINTY
OF DATA

in one survey were unsure of
how much of their data was
inaccurate

Sources: McKinsey Global Institute, Twitter, Cisco, Gartner, EMC, SAS, IBM, MEPTEC, QAS

Source: https://www-01.ibm.com/software/data/bigdata/ 44






Stephan Kudyba (2014),
Big Data, Mining, and Analytics:
Components of Strategic Decision Making, Auerbach Publications

Big Data,
Mining, and
Analytics

y i *Stephan u
SSEoreword by Tom Davenport,.

Source: http://www.amazon.com/gp/product/1466568704
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http://www.amazon.com/gp/product/1466568704

Architecture of Big Data Analytics

Big Data
Sources

N\

* Internal
* External

* Multiple
formats

* Multiple
locations

* Multiple
applications

Raw
Data

Big Data

Transformation

y

Middleware dee
Transformed| MapReduce
Pi
Extract Data Hivge
» Transform >
Load Jaql
03 Zookeeper
Hbase
Data Cassandra
Warehouse Oozie
| Avro
Traditional Mahout
Format Others

Big Data

Platforms & Tools

CSV, Tables

7~

N

Big Data
Analytics

Big Data
Analytics
Applications

Queries

Reports
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Architecture of Big Data Analytics

Big Data
Sources

\

* Internal
* External

* Multiple
formats

* Multiple
locations

* Multiple
applications

Big Data
Transformation

Big Data
Platforms & Tools

Big Data
Analytics
Applications

Queries

Reports

Source: Stephan Kudyba (2014), Big Data, Mining, and Analytics: Components of Strategic Decision Making, Auerbach Publications
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Social Big Data Mining

(Hiroshi Ishikawa, 2015)

Social Big Data
Mining

Hiroshi Ishikawa

Source: http://www.amazon.com/Social-Data-Mining-Hiroshi-Ishikawa/dp/149871093X
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http://www.amazon.com/Social-Data-Mining-Hiroshi-Ishikawa/dp/149871093X
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Architecture for

Social Big Data Mining

Enabling Technologies

* Integrated analysis model

Natural Language Processing
Information Extraction
Anomaly Detection

* Discovery of relationships
among heterogeneous data
Large-scale visualization

* Parallel distrusted processing

AN Integrated analysis/

’ q
\)\\\\L--__b>‘£&———’#’////f/
\ \

1
1
y \ ] \Conceptual Layer
T Y J ! :
! \ 1 Vo )
/ ‘\ " \vl g
/ V! /- Data )
! 1 e ,
/ v Mining
\
; V] _—
/" Multivariate % ! Application

specific task

Logical Layer

Software Social Data

S ——————
S e —— -y

» Hardware

— Physical Layer\'

Analysts

I
I

I

I

I

I

I

I

I

* Construction and :
confirmation :
of individual :
hypothesis :

* Description and :
execution of :
application-specific |

I

task I

I

I

I

I

I

J
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Business Intelligence (BIl) Infrastructure

Extract, transform,
load

Historical
Data

Casual users
* Queries
* Reports

e Dashboards

Web Dat

/ Power users

* Queries
* Reports

e Data mining :

Source: Kenneth C. Laudon & Jane P. Laudon (2014), Management Information Systems: Managing the Digital Firm, Thirteenth Edition, Pearson. 51



A

and Data Mining

Increasing potential

to support
business decisions End User

Data Presentation Business
L . Analyst
Visualization Techniques
Data Mining | Data
Information Discovery | Analyst

—————————————————— J

Data Exploration
Statistical Summary, Querying, and Reporting

/ Data Preprocessing/Integration, Data Warehouses \
DBA

Data Sources
Paper, Files, Web documents, Scientific experiments, Database Systems
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Data Mining at the
Intersection of Many Disciplines

Pattern
Recognition

Machine
Learning

Mathematical
Modeling

Databases

Management Science &
Information Systems



Data Mining.
Core Analytics Process
The KDD Process for

Extracting Useful Knowledge
from Volumes of Data



Fayyad, U., Piatetsky-Shapiro, G., & Smyth, P. (1996).
The KDD Process for
Extracting Useful Knowledge
from Volumes of Data.
Communications of the ACM, 39(11), 27-34.

ledge Discovery in Databases creates the context for
developing the tools needed to control the flood of dat
"

organizations that depend on ever wing databases ¢

wtion.

manufacturing, scientific, and personal inforr

The KDD Process
for Extracting Usetul
Knoxxledge from
Volumes of Data

As WE MARCH INTO THE AGE

of digial information, the

problem of dac overkoad

looms ominously ahead

Our ability o amlyze and Greg P

undersand massive

dacsers lags far behind

our abiliey o gather and

moce the daa A new gen-

eraton of compuctonal wxhniques and many more applicaions generaie

and wools is required 1o support the sreams of digicl records archived in

extraction of useful knowledge from  huge daabases, somedmes in socalled

the rapidly growing volumes of da.  dac warchouses.

These wxchniques and wols are the Current hardware and daabase wch-

subject of the emerging fiekd of knowl-  nology allow efficient and inexpensive

edge discovery in daabases (KDD) and  reliable daa siorage and access. Howev-

data mining,. er, whedher the coneext is busines,
large dambases of digial informa-  medicne, sdence, or government, the

ton are ubiquitous. Dac from the dacses themselves (in raw form) are of

neighborhood store’s checkout regis-  lide direct value. Whae is of value is the

ier, your bank's credic card awthoniz-  knowledge that @n be inferred from

ton device, records in your doclor's  the dam and put 1 use. For example,

office, paerns in your telephone calls,  the markedng cacbase of 2 consumer

TE AT WE R

COMMCE TIONE O THE A ke v 30 1 R T



Data Mining

Knowledge Discovery in Databases (KDD) Process
(Fayyad et al., 1996)

Pre- Trans- I Data : Interpretation/
Selection processing formatlon : L'h_nm Evaluation
— ] = —— ||| = ——A
Target Preprocessed Transformed Patterns Knowledge
Data Data Data

Source: Fayyad, U., Piatetsky-Shapiro, G., & Smyth, P. (1996). The KDD Process for Extracting Useful Knowledge from Volumes of Data.
Communications of the ACM, 39(11), 27-34. 56



Knowledge Discovery (KDD) Process

' MENY
-\-‘i&i\\#&&

S
Data mining: Pattern Evaluation
core of knowledge discovery process I

Data Miy
4

Task-relevant Data '
Data Warehouse Ation

A
|
I
I
Data Cleaning : |l
________ | :
4‘(&1 Integration :

Databases

Source: Han & Kamber (2006) 57



Data Mining Processing Pipeline
(Charu Aggarwal, 2015)

Data
Collection

Data Preprocessing

Feature e
) and
Extraction .
Integration

Analytical Processing

Building

Block 1

Building
Block 2

Output
—» for

Analyst

Source: Charu Aggarwal (2015), Data Mining: The Textbook Hardcover, Springer
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A Taxonomy for Data Mining Tasks

[Data Mining ] Learning Method | Popular Algorithms
>{Prodiction | supenves
\->:Classification : Supervised Eee’[(s:i,sggntgtaiisAG ’(;lr’i\':a\rﬂ_sp’ SVM, Rough
\->:Regression : Supervised bg‘g:’rﬁ\:\mlli'\r}li?; Féf/gl\;lession, Regression
»[Association ] Unsupervised Apriory, OneR, ZeroR, Eclat
\-brLink analysis ) Unsupervised Expe.ctation Maximization, Apripry
L ) Algorithm, Graph-based Matching
\->:Sequence analysis: Unsupervised Apriory Algorithm, FP-Growth technique
‘->[Clustering ] Unsupervised K-means, ANN/SOM
Outlier analysis ] Unsupervised K-means, Expectation Maximization (EM)




Cloud Computing



£Y Google Cloud



Google Clou

Capture Process Store Analyze Use
Cloud Cloud . BigQuery BigQuery @® Data
(@9 storage Q : .
Pub/Sub Dataprep (Tables) analytics @» Studio
Cloud Data Cloud g:g:]:ble SQL
Transfer Dataflow (NosQL)
| | ;ﬁ‘ +ableauw
CIOud 3 AP ACHE
loT Core HERSE Cloud MicroStrategy
Dataflow
|
Cloud lobdker
Google Cloud
0\ Ads Dataproc Stprage 3
(Files)
l Qlik@
Google
0 Marketing Spoﬁ © o)
Platform Cloud re’dash
Dataproc
| iCharts
YouTube
u SpcﬁzI
’ | Firebase
ML Cloud
Engine Datalab
. Stackdriver -2
Up Jupyter
o=

informatica % Segment x;ﬁ:nty talen

alooma  Jjstrim

£Y Google Cloud

l

Cloud Composer
(orchestration)

Source: https://cloud.google.com/solutions/big-data/

d Big Data Analytics

Business
Analysts

Data
Scientists
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Google Cloud
Machine learning and Cloud Al

PN Data
ML Activity Machine Learning Engine
Ingest — Explore = Prepare = Preprocess > Train

: Hypertune
GCP Services i

T p Test

ransfer -

Service Dataprep @ Dataflow |

@9 BigQuery : |
Cloud @
Storage @ Dataflow Dataproc Predict (Batch) Predict (Online)

@ Dataproc BigQuery l T

i:: Apps

£Y Google Cloud

Source: https://cloud.google.com/solutions/big-data/overview/machine-learning-cloud-ai/



https://cloud.google.com/solutions/big-data/overview/machine-learning-cloud-ai/

Google Colab

& C' @ Secure | https://colab.research.google.com/notebooks/welcome.ipynb % @ O
Hello, Colaborator

Co ) y R GD SHARE 6
File Edit View Insert Runtime Tools Help

CODE TEXT

4 CELL ¥ CELL ¢ COPY TO DRIVE CONNECT + 2 EDITING A

Table of contents Code snippets Files X

Getting Started
Highlighted Features
TensorFlow execution
GitHub
Visualization
Forms
Examples
Local runtime support

SECTION

Welcome to Colaboratory!

Colaboratory is a free Jupyter notebook environment that requires no setup and runs entirely in the cloud. See our
FAQ for more info.

Getting Started

« Overview of Colaboratory
» Loading and saving data: Local files, Drive, Sheets, Google Cloud Storage
« |mporting libraries and installing dependencies

« Forms, Charts, Markdown, & Widgets
« TensorFlow with GPU
» Machine Learning Crash Course: Intro to Pandas & First Steps with TensorFlow

~ Highlighted Features

Seedbank

Looking for Colab notebooks to learn from? Check out Seedbank, a place to discover interactive machine learning examples.
v TensorFlow execution

Colaboratory allows you to execute TensorFlow code in your browser with a single click. The example below adds two matrices.
[1. j | 1.] " [1. 2 3.] _ [2. 3. 4.]

https://colab.research.google.com/notebooks/welcome.ipynb 64
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dWS

ssEsEEEEEEEEEEEEY,

*

E Compute .
Developer Tools

* Machine Learning ;

‘assmssssmmmEmmEns

il

Business Productivity

Cloud Computing
AWS
Amazon Web Services

sENENEEEENEEEENEEEN, ‘I'---l---l---lIIl.

& 8 &
: 5 :
. Storage . E‘ Database : Migration
o
Management Tools Media Services Security, Identity &
Compliance
L[] =3 oy
Mobile Services AR & VR Application Integration

i

4 oie

Desktop & App Streaming Internet of Things Game Development

Source: https://aws.amazon.com/

&

Networking & Content
Delivery

ssEsEEEEEEEEEEEEY,

*

esEEmEEEEEE,
Yansnnnnnnn®

Analytics

*

‘assmsssmmmsEmmEns

Customer Engagement

AWS Cost Management
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&

Machine )
Learning  Analytics

Data Lake
= N
On-premises Real-time Data
Data Movement Movement

S Data Lakes and Analytics on AWS

Data Movement

Import your data from on-premises, and
in real-time.

Data Lake

Store any type of data securely, from
gigabytes to exabytes.

Analytics

Analyze your data with a broad selection
of analytic tools and engines.

Machine Learning

Forecast future outcomes, and prescribe
actions.

https://aws.amazon.com/big-data/datalakes-and-analytics/
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AWS AWS Products
Analytics

e Amazon Athena Amazon Redshift

— Query data in S3 using SQL — Fast, simple, cost-effective data
* Amazon CloudSearch warehousing

— Managed search service Amazon QuickSight
e« Amazon EMR — Fast business analytics service

AWS Data Pipeline

— Orchestration service for periodic,
data-driven workflows

AWS Glue
— Prepare and load data

— Hosted Hadoop framework
e Amazon Elasticsearch Service

— Run and scale Elasticsearch
clusters

e Amazon Kinesis

— Analyze real-time video and
data streams

https://aws.amazon.com/ 67
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dWS

g2 Machine Learning on AWS
Machine learning in the hands of
every developer and data scientist

Build Train Tune
Connect to other AWS services Use SageMaker's algorithms and SageMaker automatically tunes
and transform data in frameworks, or bring your own, for your model by adjusting multiple
SageMaker notebooks distributed training combinations of algorithm parameters

Source: https://aws.amazon.com/machine-learning/

L @ — A

Deploy

Once training is completed, models can
be deployed to SageMaker endpoints,

for real-time predictions
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aws Cloud Computing
AWS Cloud Practitioner
AWS Solutions Architect
AWS Certified Big Data Specialty

dWs a CERTIFIED Role-Based Certifications Specialty Certifications

: L AWS Certified L. AWS Certified L AWS Certified e Cergﬁe‘j
Professional Solutions Architect a DevOps Engineer a DevOps Engineer vancec
: . . Networking
| - Professional | - Professional | - Professional - Specialty
| > AWS Certified > AWS Certified > AWS Certified N AWS Certified
Associate a Solutions Architect a Developer a SysOps Administrator Big Data
| - Associate | - Associate | -Associate - Specialty
" . AWS Certified AWS Certified AWS Certified AWS Certified )
ozl | é:,(\)/l?dcs::cﬁt?t?oner [V Cloud Practitioner [V Cloud Practitioner I:V Cloud Practitioner Security
- specilty
I —
@ \ </> | {i}; Specialty Certification requires
—— L _I _:_j Cloud Practitioner or
. S . Associate-level certification
Cloud Practitioner Architect Developer Operations

Source: https://aws.amazon.com/certification/ 69
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Short
Text

Conversation
(STC)
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and
Dialogue

System




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




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



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

(T

L PR T

Requested uberX
© Dolores Park

0 © 222 Market 51 San Francisco CA

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

0 Canced Rde

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

)

O,

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



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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NTCIR

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

http://coai.cs.tsinghua.edu.cn/hml/challenge.html
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NTCIR Short Text Conversation
STC-1, STC-2, STC-3
 lJapanese |Chinese |Englsh |

NTCIR-12 STC-1 Twitter, Weibo,
22 active Retrieval Retrieval
participants Single-turn,
NTCIR-13 STC-2 Yahoo! News, Weibo, Non
27 active Retrieval+ Retrieval+ task-oriented
participants Generation Generation B
NTCIR-14 STC-3 Weibo,
Generation
Chinese Emotional Conversation for given
Generation (CECG) subtask 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/STC3atNTCIR-14
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The 14th NTCIR (2018 - 2019)

NTCIR (NIl "estbeds and Community for Information access Research) Project

NTCIR ... o

Ol Pro ey T Data/Tools NTCIRCMS Site ® Related URL's Contact us

NTCIR-14

#A NTCIR Home > NTCIR-14

NTCIR 14 > ]
The 14th NTCIR (2018 - 2019)
NTCIR-14 Conference Evaluation of Information Access Technologies
NEWS
January 2018 - June 2019
NTCIR-14 Aims
Call for Task Proposals
l What's New
How to Participate
Task Participation LWFebruary 1, 2018: Call for participation to the NTCIR-14 Kick-Off Event released.

Task-OverviewiCall for [February 1, 2018: Call for participation to the NTCIR-14 QALab-Polilnfo Kick-Off Event released.

Task Participation
December 5, 2017: The NTCIR-14 Task Selection Committee has selected the following six Tasks.

User Agreement Forms Lifelig-3, OpenLiveQ-2, QA Lab-4, STC-3, WWW-2, CENTRE.

Organization

August 23, 2017: NTCIR-14 Call for Task Proposals released.(Closed.)

Important Dates

Contact Us

NTCIR 13 | [“About Proceedings

After the NTCIR-14 conference, a post-proceedings of rivised selected papers willbe  NP¥a it e 3 [ caaT )
published in the Springer Lecture Notes on Computer Science (LNCS) series. Computer Suente

http://research.nii.ac.jp/ntcir/ntcir-14/index.html 82

NTCIR 12

V]
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Short Text Conversation Task (STC-3)

e NTCIR

NTCIR-14

o Twitter: @ntcirstc

e STC-3@NTCIR-14

Welcome to the top page of STC-3@NTCIR-14!
STC-3 offers three subtasks:

¢ Chinese Emotional Conversation Generation (CECG)_Subtask
¢ Dialogue Quality (DQ) Subtask (for Chinese and English)
¢ Nugget Detection (ND) Subtask (for Chinese and English)

Key dates for DQ and ND Subtasks

Feb-Mar 2018Crawling Chinese test data from Weibo

Oct 2017-Jan 2018 Training data translation into English

Apr-Jun, 2018
Jul-Aug 2018
Aug 31,2018
Sep 1,2018
Nov 1,2018
Nov 30,2018
Dec 20,2018
Feb 1,2019
Mar 1, 2019
Mar 20,2019
Jun 2019

Test data translation into English

Training/test data annotation

STC-3 task registrations due (CECG, DQ, ND)
Training data with annotations released

Test data released

Run submissions due

Results and draft overview released to participants
Participant papers due

Acceptance notification

All camera-ready papers due

NTCIR-14 Conference @NII

83



NTCIR-14 STC-3

Short Text Conversation Task (STC-3)

Chinese Emotional Conversation Generation (CECG) Subtask

NTCIR

Short Text Conversation Task (STC-3)

Chinese Emotional Conversation Generation (CECG) Subtask

Task Definition
Dataset Description
Evaluation Metric
Time Schedule

Copy Rights &
Contacts

Links

nicin | NTCIR-14
stes | NTCIR-14 STC-3
nwecc | NLPCC 2017

Call for Participation

In recent years, there has been a rising tendency in Al research to enhance Human-Computer Interaction by humanizing machines. However, to create
a robot capable of acting and talking with a user at the human level requires the robot to understand human cognitive behaviors, while one of the most
important human behaviors is expressing and understanding emotions and affects. As a vital part of human intelligence, emotional intelligence is
defined as the ability to perceive, integrate, understand, and regulate emotions. Though a variety of models have been proposed for conversation
generation from large-scale social data, it is still quite challenging (and yet to be addressed) to generate emotional responses.

In this challenge, participants are expected to generate Chinese responses that are not only appropriate in content but also adequate in emotion, which
is quite important for building an empathic chatting machine. For instance, if user says “My cat died yesterday”, the most appropriate response may be
“It’s so sad, so sorry to hear that” to express sadness, but also could be “Bad things always happen, | hope you will be happy soon”to express
comfort.

Previous Evaluation Challenge at NLPCC 2017

Overview of the NLPCC 2017 Shared Task: Emotion Generation Challenge

Al lab. of Computer Science, Tsinghua University, Beijing 100084, China.
http://www.aihuang.org/p/challenge.html 84
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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 85
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Short Text Conversation
(NTCIR-13 STC2)
Generation-based

generation-based method

i The Trained Generator
Givena new post,cana | ______________________

fluent, coherent and useful
comment be generated?

Understanding

post-comment reposito/

post comment post comment comment

post comment

comment comment comment

comment

http://ntcirstc.noahlab.com.hk/STC2/stc-cn.htm 86
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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
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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
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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/hml/challenge/time schedule/
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Given post:

EMEIMIRBBEA » HIDT |

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 "4 ARALA EIN 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/
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Emotion Classification Challenge

NLPCC

6 classes (64%)

0: Other

1: Like

2: Sadness
3: Disgust

4. Anger

5: Happiness

http://coai.cs.tsin

gh

ua.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)

Like

%45
Sadness

P AR

Happiness

Response

(to be generated)
AR e B AR D &9 o
The man who cooks is handsome.
&5" ? ""/r)i'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/ 92
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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/hml/challenge/dataset_description/
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Fluency judgement on responses with

repetitive words

Response

Fluency

R, B, R

Yes

sk, Ok, FUR!

Yes

SEIE-NESTIF -4

Yes

MEREhE, SR

Yes

M]3]§3]

Yes

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

No

TR IR WA A ME R IER T

No

R CECE CECECE CECECE G
GG CECECECECECE G G

No

R R, RER, AR ]

No

ISSEISSEESTENSITE RS )

No
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Sample responses generated by
Seq2Seq 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?'_B(J@¥' 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.
HIIE FAR B FRARE 5K ok P ; % -
Knowing the truth, I laughed Happy %ﬁifﬂﬁ AR H ok T ° I can’t help laugh myself to tears.
myself to tears ECM | Sad MiE AR IBEE 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
Seq2Seq 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!
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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. 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!

o U s W
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Overview of
Emotional Chatting Machine (ECM)

Corpus Traming Data
|Post.|—>|Reeponse1| |Post,|—>|kespunse3|1_.ke |
|P°s!a|—>|Respmee| Emotion |P°st1|—>|Respwse1|H=m|
| Posts || Response, | S| [t o] Response, [saa ]

|
e e e e e e e o o . o — — — — — — — — — —
|

Post
ECM «—| Worst day ever. I ammived late because of the
traffic.
Encoder #| Decoder
> t Emotional Responses
* * ‘ Like |Iam always here to support you.
- #| Happy | Keep snulg! Things will get better.
Emotion Internal External Sad  |Ifs i
Embeddin; Memory | | Mem Disgust | Sometimes life just sucks.
= - Angry | The traffic is too bad!

Inference
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Overview of
Emotional Chatting Machine (ECM)

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.
1 Ha smulmg! Things will get better.
Emotion Internal External s;dm %Zep ' gt
Embeddin Memory Mem Dhasgust | Sometimes life just sucks.
2 =) Angry | The traffic 1s too bad!

| 1 1
J L J

'

Inference
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Data flow of the decoder with an
internal memory

word vector

e(y.,)

state vector
8.1

|

Attention

next word

Y:

L.

Decoder
le( y.1) :5.5:¢)) Write Gate
i » GRU . P, }
———— £
I
Mm‘ P®

Read Gate
Read Wri
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
e
; . Softmax person
I

»— GRU |— GRU

q.l.

% f

what a
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Sample responses generated by
Seq2Seq and ECM
(Emotional Chatting Machine)

Post Model Response(Original)
Seq2Seq HIH FAHR R EH T K.
Like Ke[®ET, KAIET !
myself to tears ECM | Sad HIE FAH KB EE T K.
Disgust | iX &2 HA)E 2 ?
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/ 105
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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/hml/challenge/evaluation_metric/ 106
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Sequence-to-sequence Learning with Attention
for Generation-based STC

_|Post: 42 &b o) AHE R % ER B 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: M2 .4 89 L% R % ER & 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

Post XN Ren A E ROAER.
A good society should be composed of people of kindness.
Mapping-Method | Key-Word Response
. R ERE—FEW-
[dentity Mapper kindness Kindness is a belief.
iE ERA—FIRE.
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 857
Common-Reply Za"y E:}ezﬁ."y ;; &
right Right, right.
person Every person has a side of kindness.
Random 7 H FEAREEELAAT
China The gap between the wealthy and the poor in China is too big.
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Generated Responses of Knowledge Introduction

by External Memory

Post HRREXTPAEE?
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 SREAXEHEY KFEAT -
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.
Van Gogh’s paintings are very beautiful.
Key-Word | Response
@ B & EKomETOmAaR.
: sunflower | The Sunflower by Van Gogh.
semanticRey =z TN T Tam—
Holland Van Gogh’s paintings are very beautiful.
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Welcome to NTCIR-14 STC-3

 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/hml/challenge/time schedule/ 112
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Summary

e Al
* Big Data
* Cloud Computing
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