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® Hideyuki Kawashima (Assistant Professor)

(Joined CCS in February 2007)
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® MoonBae Song (JSPS Postdoctoral Fellow)

m Students
® Doctoral Program: 5
e Master Program: 13
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Overview

B Management and utilization of databases and
large datasets

B R&D in data engineering and databases

B Main Research Areas

® Meteorological Databases
- GPV/JMA data archive

e Information Integration

- Integrated use of different types of information sources:
Databases, Web, Files, Sensors, -

® Data Mining and Knowledge Discovery
- Extraction of useful information from databases and web
e XML

- XML: Standard format for data interoperability

- XML data management and databases
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Collaboration

Division of Global Environment
and Biological Sciences
Global Environmental Science Group

- Monthly Division
- Development and Meeting
Maintenance of (Computational
GPV/IJMA Data Informatics Seminar)

Archive - Real-world Sensing
Data Management

Division of Computational Informatics
Computational Media Group

Division of Computational Informatics
Computational Intelligence Group
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Research Areas

v Meteorological Databases
e GPV/JMA data archive

B Information Integration

® Integrated use of different types of information
sources: Databases, Web, Files, Sensors, -

B Data Mining and Knowledge Discovery

® Extraction of useful information from databases
and web

m XML
e XML: Standard format for data interoperability
e XML Data management and databases
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GPV/JMA Data Archive
http://gpvjma.ccs.hpce.jp
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GPV/IMA Archive

Data by Japan Meteorological Agency

Contents Provided by the Center for Computational Sciences

University of Tsukuba
L HOME J About the archive
@ Thus Archive offers the daily operahonal weather forecasting data prowded by the Japan Meteorological & gency
(JMA). The data are called Grid Pownt Values (GPV). The Archive 13 mamntaned by the Center for |
m Computational Bciences, University of Tsuluba, for the purpose of scientific development of the weather and

clitnate forecasting technology. All weather thaps posted here are the product by the CCE, University of Tsuluba,
«»
Files stored
In the Archive, there are six kinds of IMASGPV data i, global spectral model data (gem_jma), regional spectral
model data (rem_jma), meso-scale non-hydrostatic model data (msm_jma), weekly ensemble forecast data
(ensemble_week_jma), monthly ensemble forecast data (ensemble_month_jma), and seasonal ensemble forecast
data (ensemble_3month_jma). Those GPV data are stored in subdirectories describing the date (yyyyrnmdd00)

when the data are generated The dated subdirectories are combined in the main directory describing the year

Motice: Drue to the system upgrade of JMA, the resolution and format of the GPV data have changed after

-
W mamde 4 IANE D fir dm e il A sk Smmesmn ] e TR _I
4
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Developed and maintained in collaboration with Global

Environmental Science Group since Jan. 2005
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GPV/JMA Data Archive &

m Daily operational weather forecasting data (Grid
Points Values Data (GPV)) provided by the Japan
Meteorological Agency (JMA)

m For scientific development of weather and climate
forecasting technology

Sea-level Pressure (hPa)
2007082412 + 00 hr (IMA/GPV/RSM) Sea-level Pressure (hPa)
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GPV/JMA Data Archive

JMA Week Ensemble Forecast (PRMSL)
Anomaly 20070824 12UTC +000hr
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GPV/JMA Data Archive © 2

Number of Registered Users
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GPV/JMA Data Archive
Archived Data Size
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Weather Maps on GoogleEarth &S

B GoogleEarth

e Virtual globe program
by Google

® Can show several kinds
of images overlaid on

m KM

the surface of the earth

__ (Keyhole Markup Language)

® Tag—based file format
used to display
geographic data in an
earth browser

T. Amagasa, H. Kitagawa and T. Komano, “Constructiong a Web Service
System for Large-scale Meteorological Grid Data,” IEEE Conf. on e-Science

and Grid Computing, Dec. 2007.
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Research Areas

v Meteorological Databases
e GPV/JMA data archive

v Information Integration

® Integrated use of different types of information
sources: Databases, Web, Files, Sensors, -

B Data Mining and Knowledge Discovery

® Extraction of useful information from databases
and web

m XML
e XML: Standard format for data interoperability
e XML Data management and databases
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Information Integration =2

B A huge number of online information sources
eDifferent data formats, access methods, query languages, **-

m Information integration framework for data
Interoperability

Information Intgration Framework [ Mediator

| o o—
Wrapper Wrapper] Wrapperi [Wrapper] [ Wrapper ] Wrapper
y | ——Z A | W L W
XQuery XML
Contents URL Web XPath Bocument
keywords pages File
mail mail Path SQL Relation
addresso s | N
% DB XML
Web DB
Data Mailing—list | File System |
Broadcast
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Information Integration

m StreamSpinner

® Integration framework
for heterogeneous
information sources

® Can cope with streaming
data sources such as
sensors, location data,
streaming media, etc.

e SQL-like continuous
query language

® Distributed stream
processing and data
Integration

MASTER Sensor

SELECT x*

FROM Sensor[1sec]
WHERE Sensor.Temp >= 30

~Query result

~

| spinlet AP1 |

[ Query Analyzer ]

Mediator

-

Stream
Archiver
|

[

Proxy
Module

‘-‘ —
Spinner — ‘ b
Spinner

Sensors

Stream
-l
(e

Connector Wrapper | Wrapper |

Camera

Spinner

Splnner



Example 1: Simple Filtering

Notify when the temperature
value (ttxd11) exceeds 25°C

MASTER Sensor :
SELECT timestamp. fsr timestamp | ttxd11| ttxd12| tnhrpn]  fsr
P, 0867664... | 23.3 | 23.9 | 1234| 87.2
ARCLY Sensor[l] 9867664 23.4 | 24.1 | 1234| 87.3
WHERE Sensor.ttxd11l > 25 ' ' '
0867664... | 23.6 | 24.1 | 1235| 87.5
(ttxdll expresses a value 0867664... | 24.1 | 24.4 | 1244 | 87.8

of the temperature sensor)

Sensors monitor
behavior of a
plant

Temperature
RPM

2007/10/30 Computational Intelligence
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Example 2: Storing Stream Data &
Into Database

System can meet various

MASTER Sensor insertion requirements
INSERT INTO SensorDB VALUES ( -Store data directly
SELECT * e
FROM Sensor [now] «Store data after filtering
) Store the average value
3 )
Store sensor data into a % )=
database when a new data item >\ )
arrives nserion

| < StreamSpinner
SensorDB ﬁ
—F Sensor streams 16
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Example 3: Integration of Streams &
and Database

I Function to compute Monitor similarity between

the recent pattern and the

MASTER Clock_1minute I similarity of two arrays

SELECT dist(S1.v, S2.v past pattern in the database
FROM 9=

( SELECT array(value) AS v. FROM Turbine[60s]) AS S1, = )=

( SELECT array(value) AS v . FROM TurbineDB) AS S2 )( 2

Sen

Historical sensor data
stored in DB 10:02 26°C
2007/10/30 Computational Intelligence
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Integration of Streams and Database

Location—based

information delivery
|

| Virapper Tahle 1
| FaceStream FaceStream ‘ < GOTerminal

MASTER FaceStream StreamSplnner

SELECT* I
FROM FaceStream(1] || Fe=st .
] Locatlond;ﬁ Exhibits inf.
treamD.. tream.F. FaceStream5S...

FaceStreamTi. = FaceStreamlID..  Faoi
1139454072859 |0 Bi@164bi9
1139454073484 |1 Ly B@1635aad
39484074281 0 B@58d7c?

|Ei!gDB\.l‘|l‘rapper pinfo ‘

£ PictureDraw L |56 EREE Akiyama Ryofikiyama BR53fdes
=ictueD EEX 9484081640 -1 ’ - B@1104a1t
D e StreamSpinner Face Rec.
Camera jg% Personnel inf.
|

Video stream monitoring
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Research Areas

v Meteorological Databases
e GPV/JMA data archive

v Information Integration

® Integrated use of different types of information
sources: Databases, Web, Files, Sensors, -

v' Data Mining and Knowledge Discovery

® Extraction of useful information from databases
and web

m XML
e XML: Standard format for data interoperability
e XML Data management and databases
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Data Mining and Knowledge Discover@

m Qutlier Detection
m Ratio Rule Mining

m Information Extraction from Document
Databases

m Novelty—based Document Clustering
m [opic Detection from Documents

2007/10/30 Computational Intelligence 20



0

Qutlier Detection

® Detecting outliers is an important problem with
many applications such as anomaly and other
Interesting event detection.

® Intuitively, an object is an “outlier” if it is in some
way * significantly diﬁem other objects.

70 *

oL E B <:{ |tis an outlier because the
LI oS .r}".:. :'..;:':."‘-:.‘.:":.'..‘. _ _ )

USRS number of its neighbors 1S

N very small compared with

: . | , A others. .
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Example—based Outlier Detection =
for High Dimensional Data

m Focusing on low dimensional projections to
detect outliers in high dimensional datasets.

m Based on user supplied outlier examples.

Data: Abalone (UCI Machine Learning Repository) 4177 items

. whole '
Whole : Height ! ; S
v Weight R g Weight -
5 s L - - g
2ty . 7,
s g
1&;‘_ - "
_; e o ot
;{-- - X i
= v ﬁ '_— \_ '_t:' 2 = -
-? I. -:::-;.-' .:K: -- A
LE & Sage
. L —-:'-' & " "
-
o TP
. Diameter Length CEE il TR Diameter
Outlier Examples in Subspace (A) Outlier Examples in Subspace (B) Detected Ouitliers in The Optimal Subspace
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QOutlier Detection for Categorical Records (&

Detects anomaly records in which many attribute values are not observed
despite they should occur in association with other attribute values.

Association rules with high confidence

Animal Data { (Egg, Yes) }—{ (Legs#, 4) }
Each record presents ( ) 1 ( . )
a habit of an individual animal { (Egg, Yes) }—1{ (Aquatic, Yes) |
. { (Egg, Yes) }—{(Legs#, 4), (Aquatic, Yes) }
ID | Egg | Legs# | Aquatic Support = 40%, Confidence = 75%
1 | Yes 4 Yes Rule’ s right hand itemset must have a
2 | Yes| 4 Yes strong association with the left hand
itemset.
3 | Yes 4 Yes Outlier d . 4
4 | Yes 4 Ves ut |erl egreel or recora ¢ | |
= |y 0 N Consider an ideal form ¢+ of ¢ including
°° ° all items which should observed in ¢
+
| 5 = {(Egg, Yes), (Legt, 0), (Aquatic, No),
Our metlhod. shows enough detectlop (Legs#, 4), (Aquatic, Yes) }
accuracies in an accuracies evaluation
compared with the recent related work |t | 9
[KDDO7, Das] for network intrusion data. od (t) =——=04
[t 5

2007/10/30 Computational Intelligence
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Ratio Rule Mining &S

(weight) = 0.6 X (height) - 40

m Extract Ratio Rules (linear
relationships) in numeric data
e Capture linear relationships
In the data

weight (kg)

m Features SR W
® Can extract local linear relationships as well as
global ones
® Introduce Support (population size relevant to the
rule) and Confidence (confidence degree of the
rule) to characterize each ratio rule

2007/10/30 Computational Intelligence
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Ratio Rule Mining

Example: Wine Data

!..‘_ RAViewer
file Camais  Experiment

Data

= OPT COMF

oPT SUP

OPTIMIZED CONFIDENCE RATIO RULES

01 00 041 03 05

Flavanolds

Our Ratio Rules extract both two
linear relationships separately

2007/10/30
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!..‘_ RAViewer
file Camais  Experiment

Data

= OPT COMF

oPT SUP

OPTIMIZED CONFIDENCE RATIO RULES

03 01 00 041

Flavanolds

Only strong correlation can be extracted
by setting appropriate parameters

T W nr
Filn Caman  Fxparmant

Computational Intelligence

B % |

Linear regression: only the global
linear relationship

25



Record Extraction from Document =
Databases
IBM New York
Problem: Extract records fit for Intel Santa Clara
] . . Google Mtn. View
user interests with high Record extraction
accuracy and efficiency 1 from documents
Basic idea: Narrow the search — ~ e ™
d hich will ‘ ‘ - c
to documents which wi S manager at
contain target information at 15 in Intel in
hew or Santa Clara
ave doing ---
S~ ——F ——————_F
Document Document .
database database
User interest: s
. elevance
IT Company & Location l Evaluation
Apple Cuperting Y
Seed | Micresoft | Redmond . Record Goople Mtn, View Y
Records | IBM Armonk | Extraction |—{ guw Munich N—
| Intel | Santa Clara | Module
Documents which are more likely
Extracted Records to contain the target inf.
Sort records by their confidence
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Research Areas

v Meteorological Databases
e GPV/JMA data archive

v Information Integration

® Integrated use of different types of information
sources: Databases, Web, Files, Sensors, -

v’ Data Mining and Knowledge Discovery

® Extraction of useful information from databases
and web

v XML
e XML: Standard format for data interoperability
e XML Data management and databases
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Processing XML data in PC cluster systems @

Background
e XML data processing is not cheap
=» Parallel XML processing to
cope with growing XML data volume
Approach
e Path-based partitioning of XML data

— Cost estimation for XPath queries

— Using GA to compute optimal

partitions and allocation based on

workload information

.
t a P 1 p t p
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Path-approach 4 } E ?’ : :
’ I )
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B ot P —=
pathid | pathexp | count ” = ®
’
0 #/s 1 ’ -
p
/ | 1
#/3%/b 1 B ,’ ’/ /S/b/t-_
2| #7a8/me/t 1 ’ - E
7 =1 | =
30 | #retmira | 4 e e R —
e ’
. e tee A ., e
Node e -
e, ’
doci pathid | type | node# | value ,' ’4
’ e,
=~ - ’ ..
0 1 E |1 LA Bt C T
, . Seally
o 2 E L1 & -
o ’
[ 2 T LLL1 DB 4
,

2007/10/30 k—‘ Relational tables ‘4-/

-/
R— T

Results

e Nearly optimal partitioning and
allocation of XML fragments

e Good scalability for XML data size

[sec] 120
100 Bia -
|54
80 o104
60
40
20
0 LLL
10MB 100MB 1GB
o i
pexp= //b \ | XPath//b[t:nPCu]/p ‘
I>qst Parse @
G 1 ’
pexp= //b/t/ \ -y
|
and val="PC’ Query planning I
Nst <:| b
({\f‘Pc"
O pexp="//b/p’
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Storage and retrieval of XML in P2P &

Approach
e Based on DHT
e Separate DHTs for XML contenxts and
structures
Contents (C-DHT)
Structure (S-DHT)
Results
* Prototype system implementation
e Good query performance compared
;. with an existing method

Motivation
e Overlay network (P2P)
Infrastructure for sharing information
among distant / different organizations
=>» Efficient XML query processing
over P2P network

ID circle of Chord

regions

8Q1 proposed " QI1-XP2P BQ2 Proposed " Q2-XP2P

europe Bq3 Proposed = Q3-XP2P B4 Proposed =q4-xp2p

15

item

2500

2000

loc : pay iname @id loc

#ext #ext ' E#text #text me"!-""#iext 5 1500
e icardno: 1000
N Pl
g ] i #text : 500
C-DHT 12 ——
pay | .. | “cash” C-DHT
pay “ecard” ‘ cardno l l 123" 0
S-DHT 8 S-DHT
pay | /regions/asia/item/pay #text | cardno | [ regions/ europe/item/ pay/cardno | Ftoxt |

pay | /regions/europe/item/pay | #text, cardno
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Analytical processing of XML (XML OLAP)@

Motivation

Approach

* In-depth analysis on large volume of XML ¢ Definition of facts/dimensions in XML

data

— Decision making
— Detailed analysis of scientific

data
=>» Interactive analysis of XML data
(XML OLAP)
System | Implementation
] T
éﬂ_ __I h/:'* A Pith H efa ] "'@wttmt
L Al b o T hee  ——
| =
ths !
Fact |Difnension B Path Quékry Translation
x be |
Somn e g |
" | 1 I
hEaE?ii_ﬁe @@ 1
ALY iyt
n \ 'vax : Queyy Translation
groupl | group2 | group3 —
Al ==
A AT = -

..........

T T
AAAA AAAA

* Definition of XML datacube

* Mapping XML datacube to RDBMS
Making use of relational storage

Results

e Prototype system implementation

e Performance evaluation

10,000.000 ﬁl;ﬁ
- 1,000.000 | —
S
()
£
= 100.000

10.000
i0OMB 100MB 200MB 300MB 400MB 500MB
File size

—o— rollup(payment) —=— rollup(region) —&— rollup(regionpay) ‘
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Funds

B Grant—in—Aid for Scientific Research from
Ministry of Education, Culture, Sports, Science
and Technology ("$0.6 million; past 3 years)

® Grant—in—Aid for Scientific Research A

® Grant—in—Aid for Scientific Research on Priority
Areas (Infoplosion Project)

® Grant—in—Aid for Exploratory Research
® Grant—in—Aid for Young Scientists

m JST CREST Project (in collaboration with OS
group) (C$0.3 million: past 3 years)

B From industry

2007/10/30 Computational Intelligence 31



Publication and Awards S

B Refereed Papers
® 2004: 17 (Journal 10, Conference 7)
® 2005: 14 (Journal 7, Conference 7)
® 2006: 18 (Journal 7, Conference 11)
® 2007: 20 (Journal 9, Conference 11) (As of August 2007)

m Awards
® 2 Best Paper Awards (DBSJ, IEICE)
® Young Researchers’ Award (DBSJ)

e 2 Achievement Awards (IPSJ Fellow, IEICE
Fellow)

® 15 Students’ Awards

2007/10/30 Computational Intelligence 32
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Future Plan

B Research and development of technologies
for data engineering infrastructure

B Scientific databases

® Collaboration with Global Environmental Science
Group

® Other datasets, data mining, -*-
B Reinforcement of collaboration with other
groups and divisions to tackle new research
Issues In data engineering

2007/10/30 Computational Intelligence 33
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