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Course Introduction

* This course introduces the fundamental concepts and
applications technology of big data mining.

* Topics include
— Big Data Mining
— Big Data, Artificial Intelligence and Deep Learning
— Association Analysis
— Classification and Prediction
— Cluster Analysis
— Data Mining Using SAS Enterprise Miner (SAS EM)
— Case Study and Implementation of Big Data Mining
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* Understand and apply the fundamental
concepts and technology of big data mining
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Case Study 1 (Cluster Analysis - K-Means using SAS EM)
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— Big Data, Data Mining, and Machine Learning: Value Creation for
Business Leaders and Practitioners, Jared Dean, Wiley, 2014

— Data Science for Business: What you need to know about data
mining and data-analytic thinking, Foster Provost and Tom Fawcett,
O'Reilly, 2013

— Applied Analytics Using SAS Enterprise Mining, Jim Georges, Jeff
Thompson and Chip Wells, SAS, 2010

— Data Mining: Concepts and Techniques, Third Edition, Jiawei Han,
Micheline Kamber and Jian Pei, Morgan Kaufmann, 2011
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Team Term Project

* Term Project Topics
— Al Challenge
— Big Data mining
— Big Data Analytics
— Business Intelligence
— FinTech
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Big Data
Analytics
and
Data Mining




Big Data4 'V

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/ 13






Artificial Intelligence

Machine Learning & Deep Learning

ARTIFICIAL
INTELLIGENCE

Early artificial intelligence

stirs excitement. M AC H I N E
LEARNING

DEEP
LEARNING

MK MK
MMM

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/



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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Architecture of Big Data Analytics

Big Data
Sources

N\

* Internal
* External

* Multiple
formats

* Multiple
locations

* Multiple
applications

Raw
Data

Big Data

Transformation

y

Middleware
Hadoop
Transformed| MapR_educe
Extract Data HPil\;ge
» Transform >
Load g
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

17



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

19
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Enabling Technologies

* Integrated analysis model

Natural Language Processing
Information Extraction
Anomaly Detection
Discovery of relationships
among heterogeneous data
Large-scale visualization

Parallel distrusted processing

S ——————

Architecture for
Social Big Data Mining

/|

( Integrated analysis /

\ . Ui
\
\ \

A

)
1
I |} (] \ 7 \
/ . / \Conceptual Layer
/ | \ § - - 7 Y
y \ " \\ :I \
l' ‘| ’l ‘VI \‘
/ V! / Data
l ‘ . [ ‘
/ v _Mining
; V! S \
/ Multivariate % ! Application

Logical Layer

Software

Social Data

Hardware

Physical Layer\'

S T T

Analysts

* Construction and
confirmation
of individual
hypothesis

* Description and
execution of
application-specific
task

20



Business Intelligence (BI) 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. 21



A

Data Warehouse
Data Mining and

Increasing potential
to support
business decisions End User

Data Presentation Business
o . Analyst
Visualization Techniques
Data Mining : Data
Information Discovery | Analyst

Data Exploration
Statistical Summary, Querying, and Reporting

/ Data Preprocessing/Integration, Data Warehouses \
DBA

Data Sources
Paper, Files, Web documents, Scientific experiments, Database Systems

22



The Evolution of Bl Capabilities

Querying and ETL
reporting
Data
Metadzia ’ warehouse
EIS /ESS DSS
Financial Data marts Spreadsheets
reporting (MS Excel)
Digital cockpits
and dashboards —> ot
Business \w
Scorecards and / Intelligence
dashboards
Workflow 4
Alerts and
notifications
Data & text Portals
mining Predictive Broadcasting

Source: Turban et al. (2011), Decision Support and Business Intelligence Systems

23
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M< Jiawei Han | Micheline Kamber | Jian Pei

http://www.amazon.com/Data-Mining-Concepts-Techniques-Management/dp/0123814790

24
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A R, é{él’;_, HE 3 %% ERE

(Jiawei Han, Micheline Kamber, Jlan Pei, Data Mining - Concepts and Techniques 3/e)

= M IR B
DATA MINING

Concepts and Techniques 3/e

Jiawei Han * Micheline Kamber * Jian Pei [R&Z&
wmsk EHE S22 wE

ELSEVIER TAIWAN LLC - &izE#  S7EHR

http://www.books.com.tw/products/0010646676

25
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Data Mining at the
Intersection of Many Disciplines

Pattern
Recognition

Machine
Learning

Management Science &
Information Systems

Mathematical
Modeling



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.

Knowiedge Discovery in Databases creates the context for

developing the tools needed to control the flood of data facing

As WE MARCH INTO THE AGE
of digial information, the
problem of dac overkad
looms ominously ahead.
Our ability o amlyze and Greg
undersand massive
dacsers lags far behind
our abiliey o gather and
moce the daa A new gen-
enruion of compuaional wechniques
and 1ools is required 1o support the
exiraction of useful knowledge from
the rapidly growing volumes of da.
These wechniques and wols are the
subject of the emerging field of knowl-
edge discovery in daabases (KDD) and
dawa mining,

large dambases of digial informa-
ton are ubiquitous. Daz from the
neighborhood store’s checkout regis-
ter, your bank's credic card authoniz-
ton device, records in your docior's
affice, pazerns in your welephone calls,

organizations that depend on ever-growing databases of business,

manufacturing, scentific, and personal information.

The KDD Process
for Extracting Useful
Knowledge from
Volumes of Data

and many more applications generaie
sreams of digicl records archived in
huge dambases, somedmes in socalled
dac warchouses.

Current hardware and daabase wch-
nology allow efficient and inexpensive
relizble daa sworge and access. Howev-
er, whedher the conwext is busines,
medidne, sdence, or government, the
dacises themselves (in raw form) are of
lide direct value. Whae is of value is the
knowledge that can be inferred froe
the dam and put w use. For example,
the marketing cacihase of 2 consumer

COMMSICE TIOE O THE ACH Nombe (Al 3 e 1 RT

TE AT WE R

28



Data Mining

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

Pre- Trans- : Data : Interpretation/
Selection @ processing s formation Mlnln -Evaluauon W
: : l

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. 29



Knowledge Discovery (KDD) Process

B A\
'[ l l 7, 1y I\\L| K‘
Ly
Data mining: Pattern Evaluation

core of knowledge discovery process I
Data Miy
4

Task-relevant Data '
Data Warehouse Ation

|

|

Data Cleaning : |
mm————— :

Kzﬁ; Integration

Databases

Source: Han & Kamber (2006) 30



Data Mining Processing Pipeline

Data
Collection

Data Preprocessing

Feature SR
Extraction and
Integration

Analytical Processing

Building

Block 1

Building
Block 2

Output
—>» for

Analyst

31



[Data Mining

]

‘-»[Prediction ]

r

1

L

Classification

e

.

L

Regression

A Taxonomy for Data Mining Tasks

Learning Method

Popular Algorithms

Classification and Regression Trees,

»[Association ]

r

>

L

Link analysis

r

>

L

N\

Sequence analysis

Supervised ANN, SVM, Genetic Algorithms

Supervised Decision trees, ANN/MLP, SVM, Rough
g sets, Genetic Algorithms

Supervised Linear/Nonlinear Regression, Regression

trees, ANN/MLP, SVM

Unsupervised

Apriory, OneR, ZeroR, Eclat

J

‘-»[Clustering ]

Outlier analysis ]

Unsupervised

Unsupervised

Expectation Maximization, Apriory
Algorithm, Graph-based Matching

Apriory Algorithm, FP-Growth technique

Unsupervised

K-means, ANN/SOM

Unsupervised

K-means, Expectation Maximization (EM)




DATA MINING,
ano MACHINE
LEARNING

Value Creation for Business Leaders
and Practitioners |

Jared Dean
Cogyrighted m.umml. W l L E Y

http://www.amazon.com/Data-Mining-Machine-Learning-Practitioners/dp/1118618041
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Intelligence from Big Data

Deep Learn



https://www.vlab.org/events/deep-learning/

BIG DATA
ANALYTICS

TURNING BIG DATA INTO BIG MONEY

Hlll HEE EEE
. AEmERE T Em
im HEEEER = =

http://www.amazon.com/Big-Data-Analytics-Turning-Money/dp/1118147596
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. M - Copyrighted P.1.~.-I.|.'n.a| -
- o
pi

R @

: A REVOLUTION

THAT WILL TRANSFORM HOW
WE LIVE, WORK, AND THINK

= VIKTOR MAYER-SCHONBERGER
m » KENNETHCUKIER = « ®
i 2 i s
http://www.amazon.com/Big-Data-Revolution-Transform-Mayer-Schonberger/dp/BO00D81X2YE
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National Cyber Maritime Smarter

Security security security Transport
VISUAL ANALYTICS
DYNAMIC & INTERACTIVE ENHANCE
Dashboard Graph Understanding Investigation
Map User Experience
wars [A] BE =4 =) PY B
BIG ANALYTICS
QUERY & FILTER DETECT PREDICT DECIDE
Complex queries Anomalies Tending Simulation
R?? Communities Real-time Optimization
Typologies Prediction

BIG DA'I'A Batch BIG DATA - Real Time
(]

Complex by nature DATA Complex by structure

gF[/ G

37



Big Data with Hadoop Architecture

LOGICAL ARCHITECTURE PROCESS FLOW

Processing: MapReduce

+rm [ Reduce 0 |8

Job Tracker Split 0

Task Tracker Task Tracker Task Tracker

'I T 'I

s & o e

[ reocer R reovcer PRI Reoucer | Spite

¥

N\ .
> g T 2z [

PHYSICAL ARCHITECTURE
Hadoop Cluster

Storage: HDFS

Hhaasen

Data Node Data Node Data Node
S Blox coo [l
BLOCK BLOCK BLOCK

https://software.intel.com/sites/default/files/article/402274/etl-big-data-with-hadoop.pdf

S
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Big Data with Hadoop Architecture

Logical Architecture
Processing: MapReduce

Job Tracker

Task Tracker Task Tracker Task Tracker
| e |

Jil

Shuffle and Sort

oo R reovcer IR rooucer

https://software.intel.com/sites/default/files/article/402274/etl-big-data-with-hadoop.pdf

|
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Big Data with Hadoop Architecture

Logical Architecture
Storage: HDFS

Data Node Data Node Data Node

BLOCK

BLOCK

Source: https://software.intel.com/sites/default/files/article/402274/etl-big-data-with-hadoop.pdf
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Big Data with Hadoop Architecture
Process Flow

A
s Creaceo [8

Split O

Split 1 \
N b
S i T, - R

Split n

o \i— 1"

Source: https://software.intel.com/sites/default/files/article/402274/etl-big-data-with-hadoop.pdf 41
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Big Data with Hadoop Architecture
Hadoop Cluster

 Master e N e
siave sl |,
- slave e NN | [S5500l |,
| siave s i ool |
- slave s N | [S=o0l |
slave g N | [0l |,
- slave SN | [S5o0l |,
slave Sl | Sl |,
 Slave N | S0l s

https://software.intel.com/sites/default/files/article/402274/etl-big-data-with-hadoop.pdf
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CRM

ERP

WEB SITE
TRAFFIC

Traditional ETL Architecture

> TL)
>

Source: https://software.intel.com/sites/default/files/article/402274/etl-big-data-with-hadoop.pdf

csv

Staging
Area

\A A/

—

DATA
WAREHOUSE

S——

it e
H '3 B

Data
Marts

DATA
MINING

REPORTING
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CRM

ERP

WEB SITE
TRAFFIC

SOCIAL
MEDIA

SENSOR
LOGS

Sqoop
Flume JDBC
Sqoop Sqoop

Offload ETL with Hadoop
(Big Data Architecture)

> 1L> i B
> sV

Staging
Area

https://software.intel.com/sites/default/files/article/402274/etl-big-data-with-hadoop.pdf

\A A

/_\

DATA
WAREHOUSE

S—

|

ITL

L N R R N

HEE
‘H @3 '8

=
£

OLAP
ANALYSIS

DATA
MINING

REPORTING
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Big Data Solution

SAS® Display SAS® SAS' SAS' SAS” Visual
Manager Enterprise Integration  Enterprise Analytics
Guide" Miner

®
Base SAS & SAS/ACCE§S Interface to In-Memory Data Access
Hadoop el N
s semnces SAS® LASR™ Analytic )
AMBAR) P N Server
FALCON® PIG MCATALOG HBASE
i SQO0P &
OO2IE ® gyt
Lows SAS" High Performance
e “*| rer | oren Analytics
WetHDFS ::: \\i

aMmM.  HORTONWORKS &
Hortonworks  DATA PLATFORM (HDP) :

i S S )

Existing Sources Emerging Sources
(CRM, ERP, Clickstream, Logs) (Sensor, Sentiment, Geo, Unstructured)

SOURCES

http://www.newera-technologies.com/big-data-solution.html 45
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HDP

A Complete Enterprise Hadoop Data Platform

GOVERNANCE

INTEGRATION

Data Workflow,
Lifecycle &
Governance

Falcon

WebHDFS
NFS
Flume
Sqoop
Kafka

DATA ACCESS SECURITY OPERATIONS

Script SQL  Javal/Sc... NoSQL Stream Search In-Mem  Others...

Pig Hive Cascading HBase Storm Solr Spark Engines
HCatalog Accumulo
Phoenix

EE , Emm Tez JSNS /T

YARN: Data Operating System

HDFS
Hadoop Distributed File System

DATA MANAGEMENT

Source: http://hortonworks.com/hdp/

Authentication,
Authorization, Audit &
Data Protection

Storage: HDFS
Resources: YARN
Access: Hive
Pipeline: Falcon
Cluster: Knox
Cluster: Ranger

Provision, Manage &
Monitor

Ambari
ZooKeeper

Scheduling

Qozie

46
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Spark and Hadoop

Spor‘lzz

cassandra

MESOS oo o c e

Source: http://spark.apache.org/

AVAVA
AVAVAVA
VAVAVAY

VAVAY

47
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Spark Ecosystem

Spark MLlib
Streamingll (machine

learning)

Apache Spark

Source: http://spark.apache.org/
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SAS Big data Strategy
— SAS areas

~D Datameer () & splunk> MicroStrategy
Witableaw w §Sas RevOLuTIoN [ platfora DEV & DATA TOOLS

APPLICATIONS

g "

5 TERADATA ETYHANA OPERATIONS TOOLS
& B —

< o

g ﬁb ORACLE' System Center

g SQL Server 2012 Data Management Te RADATA openstack

tidd

= E E & 08 © |pna

cisco

OLTP, ERP, Documents Web Logs, Social Machine Sensor Geo-location
CRM Systems & Emails Click Streams Networks Generated Data Data

Source: Deepak Ramanathan (2014), SAS Modernization architectures - Big Data Analytics



SAS Big data Strategy
— SAS areas

Osas T

2
£
S
2
g

g r
5 TERADATA FTYHANA
> e w E -
g i 7 oracLe $f Sytem Conter
SQL Server 2012 Y o Data Management TFRJ:\_[‘)-/'\—TL\' openstack

tidd

= B B & 08 © jpma

cisco
OLTP, ERP, Documents Web Logs, Social Machine Sensor Geo-location
CRM Systems & Emails Click Streams Networks Generated Data Data

Source: Deepak Ramanathan (2014), SAS Modernization architectures - Big Data Analytics



SAS® Within the
HADOOP ECOSYSTEM

EG EM VA
User En?ep;s:?se i o= En?g'sise SASEVisual SASSt®tI'n;'Me:‘n e
Int ti P atistics for
l Interface | e ntegration Miner ™ Analytics Haodon
SAS® User Metadata SAS Metadata
Data Base SAS & SAS/ACCESS® In-Memory
Access to Hadoop™ Data Access
SAS Embedded SAS® LASR™
Process .
: Analytic
Data
Processing Accelerators Serrver
SAS® High-
Performance
Map Reduce Analytic Procedures
File HDFS
System

Next-Gen
SAS® User

51



Yves Hilpisch,

Python for Finance: Analyze Big Financial Data,

O'Reilly, 2014
' '

Yves Hilpisch
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Business Insights
with
Social Analytics



Analyzing the Social Web:
Social Network Analysis



Jennifer Golbeck (2013), Analyzing the Social Web, Morgan Kaufmann

Analyzmg the
Social'Web

Jennifer Golbeck

Source: http://www.amazon.com/Analyzing-Social-Web-Jennifer-Golbeck/dp/0124055311 55
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Mining the Social Web:
Analyzing Data from Facebook, Twitter,
LinkedIn, and Other Social Media Sites

Analyzing Data from Facebook, Twitter, Linkedin,
and Other Social Media Sites

%’%: o
ini
Social Web

O'REILLY" Matthew A. Russell

Source: http://www.amazon.com/Mining-Social-Web-Analyzing-Facebook/dp/1449388345
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Web Mining Success Stories

e Amazon.com, Ask.com, Scholastic.com,
* Website Optimization Ecosystem

Customer Interaction Analysis of Interactions Knowledge about the Holistic
on the Web s N\ View of the Customer
Web
Analytics J
Voice of
Customer )

wrennt of U
;;J$}5g§£s

Customer Experience
Management

I!l!a
t J

Source: Turban et al. (2011), Decision Support and Business Intelligence Systems




A

Business Intelligence Trends

Agile Information Management (IM)
Cloud Business Intelligence (Bl)
Mobile Business Intelligence (Bl)
Analytics

Big Data

Source: http://www.businessspectator.com.au/article/2013/1/22/technology/five-business-intelligence-trends-2013
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Business Intelligence Trends:

 Clouc
e Mobi
* Socia

Computing and Service

Computing and Service
e Computing and Service
Computing and Service
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Business Intelligence and Analytics

e Business Intelligence 2.0 (Bl 2.0)
— Web Intelligence
— Web Analytics
— Web 2.0
— Social Networking and Microblogging sites

* Data Trends
— Big Data
* Platform Technology Trends

— Cloud computing platform
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Business Intelligence and Analytics:

Research Directions
1. Big Data Analytics

— Data analytics using Hadoop / MapReduce
framework

2. Text Analytics
— From Information Extraction to Question Answering
— From Sentiment Analysis to Opinion Mining
3. Network Analysis
— Link mining
— Community Detection
— Social Recommendation
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Harvard =
Business
Review

SPOTLIGHT ON EBIG DATA

Source: McAfee, A., & Brynjolfsson, E. (2012). Big data: the management revolution.Harvard business review.
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Data Scientist:

The Sexiest Job of the 21st Century

hen Jonathan Goldman ar-
rived for work in June 2006

Meet the people who

can coax treasure out of
messy, unstructured data.
by Thomas H. Davenport
and D.J. Patil

at LinkedIn, the business
networking site, the place still
felt like a start-up. The com-
pany had just under 8 million
accounts, and the number was
growing quickly as existing mem-
bers invited their friends and col-
leagues to join. But users weren’t
seeking out connections with the people who were already on the site
at the rate executives had expected. Something was apparently miss-
ing in the social experience. As one LinkedIn manager put it, “It was
like arriving at a conference reception and realizing you don’t know
anyone. So you just stand in the comner sipping your drink—and you
probably leave early.”

70 Harvard Business Review October 2012
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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 g3 [ a1 )
published in the Springer Lecture Notes on Computer Science (LNCS) series. Computer Suente

http://research.nii.ac.jp/ntcir/ntcir-14/index.html 67

NTCIR 12
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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
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NTCIR-14 STC-3

Short Text Conversation Task (STC-3)

Ch| ese Emotional Conversation Generation (CECG) Subtask

N CIR

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.ora/p/challenae.html 63
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Short Text Conversation
(NTCIR-13 STC2)
Retrieval-based

retrieval-based method

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

—’. post

J

/ 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
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Short Text Conversation
(NTCIR-13 STC2)
Generation-based

generation-based method

_ The Trained Generator
Givenanew post,cana | o,

fluent, coherent and useful
comment be generated?

Understanding

Sunessusn

post-comment reposito/

post comment post comment comment

post comment

comment comment comment comment

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

* This course introduces the fundamental concepts and
applications technology of big data mining.

* Topics include
— Big Data Mining
— Big Data, Artificial Intelligence and Deep Learning
— Association Analysis
— Classification and Prediction
— Cluster Analysis
— Data Mining Using SAS Enterprise Miner (SAS EM)
— Case Study and Implementation of Big Data Mining
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Contact Information
# % F <+ (Min-Yuh Day, Ph.D.)

BAEBh IR M IR
RIKXKZE BREEZA

T 3L 0 02-26215656 #2846

2 & : 02-26209737

MR E  B929

Mohk 0 25137 #ab Wk K& 3% E 15158
Email : myday@mail.tku.edu.tw

#uk - http://mail.tku.edu.tw/myday/
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