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GEON ..
"" http:%ggd.org \&::;-/

NATIONAL VIRTUAL OBSERVATORY

Ontology for Psychosis

hitp://www.us-vo.org http://www.neuropsygrid.org

@] &

http://Ihc.web.cern.ch/lhc

ﬁm
http://nctr.pmel.noaa.gov/Dart E S D I S v

Earth Science Data and Information
System (ESDIS) Project

GODDARD SPACE FLIGHT CENTER

http://esdis.eosdis.nasa.gov

~ SINAPSE

http://www.sinapse.ac.uk

3 ADMIRE @ DADC'09, Munich, Germany - June 9, 2009 ...making data-mining easier



Data Driven Science
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Combinatorial Complexity

* Data integration

— precursor to Data Mining from multiple sources
* Data mining

— key to learning from today’s wealth of data
* Growing opportunity and challenge

— growing number of distributed data

— growing content and complexity per data source
— growing number of users
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Our Mission

e Radically improve enactment of Data Mining
and data Integration (DMI) processes across
heterogeneous and distributed data resources
and data mining services.
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Principal Innovations

* De-coupling of the enactment technology
from the tools used to prepare data mining

and integration (DMI) processes

 Accommodate independent DMI enactment
services, some of which may be tightly
coupled with curated data
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Separating DM levels of diversity
using DMI canonical language

User and application diversity

Hypothesis:

By enforcing logical
decoupling, both the
tools development

and the platform onemodel
engineering will

proceed rapidly and et
independently

Ilterative DMI
process
development

Accommodating

Many application domains
Many tool sets

Many process representations
Many working practices

Tool level

DMI canonical representation and abstract machine

Composing_or hiding

Many autonomous resources & services
Multiple enactment mechanisms
Multiple platform implementations

Mapping
optimisation
and
enactment

System diversity and complexity
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High-level Architecture

A DMI Tool
direct dialogue
bulk DMI X Gateway about
data enactment
delivery status

Enactment Platform

Hidden diverse autonomous services
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Components of the Architecture
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Data resources accessible through this gateway
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DMI Language (DMIL)

* notation for all DMI requests to a gateway

e encodes the following:

— Requests for information about the services, data
resources, data collections, defined components
and libraries supported by the gateway.

— Definition, redefinition and withdrawal of any of
the above.

— Submission of requests to enact a specified data
mining and integration process.
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User communities
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User interaction with DMI systems

DADC Engineers

a

B
&

Custom data
‘ mining process \ DMI Experts
Data
source 1
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The path to DMI enactment
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DMI Enactor

14 ADMIRE @ DADC'09, Munich, Germany - June 9, 2009 ...making data-mining easier



Use case: EUREXxpressll|
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Walkthrough:
- Processing of a DMI Request

/ Decide l
/ gateway
Terminate the
enactment

Validate
request

[

Coordinate Organise

computation

and Monitor

Initiate
L enactment

 ADMIRE
a8 I
R4 ‘ \/
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Walkthrough: Request in DMIL

/* import components */

use dmi.rdb.SQLQuery;

use dmi.samplers.ListRandomSample;

use dmi.image.ImageRescale; ...

use dmi.classifiers.nFoldValidation;

use dmi.classifiers.LDAClassifier;

/* set up and identify instances of the PE */
SQLQuery sqlQuery = new SQLQuery;
ListRandomSample listSample = new ListRandomSample;
TupleProjection tupleProj = new TupleProjection;
GetFile getFile = new GetFile;

ImageRescale imageRescale = new ImageRescale;
MedianFilter medianFilter = new MedianFilter;
WaveletDecomp wavelet = new WaveletDecomp;
TupleMerge tupleMerge = new TupleMerge,;
ViaStatus deliver = new ViaStatus;

String query = “SELECT leName, . . .

FROM EURExpress.images, . . .

WHERE ... "”;
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Walkthrough: Request in DMIL

/* the literal “query" gets connected to sglQuery's input “expression"*/

|- query -| => expression->sqlQuery;

/* sglQuery's output “data" gets connected to listSample’s input “dataln" */

sqglQuery->data => dataln->listSample;

|- 0.01 -| => fraction->listSample;

Connection c1; listSample->dataOut => c1;

cl => filename->getFile;

cl => data->tupleProj;

|- ["date", "assay#", ... ] -| => columnlds->tupleProj;
getFile->data => dataln->imageRescale;
imageRescale->dataOut => dataln->medianfFilter;

|- repeat enough < 300, 200 > -| => size->medianFilter;
medianFilter->dataOut => dataln->wavelet;
wavelet->dataOut => dataln[0]->tupleMerge,;
tupleProj->result => dataln[1]->tupleMerge;
Validation val = nFoldValidation (10, LDAClassifier);
tupleMerge->dataOut => data->val;

val->results => data->deliver;
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Walkthrough: Decide Gateway

DMI expert

Workbench

Gribfile
access

Request/
response

I

|

|

|

:

| |
N : (GW2, (classifierbuilding, SQLquery), (LDA classifier, getimages), 1) :
|

|

|

|

|

|

|

I

: (GW1, image processing(rescale, filter), (standardisation, denoising), 1)

|
: (GWS3, (feature generation, feature extraction), (wavDecomp, fisheratio), 1)

|mage
processing
mage
flltenng

systems

Source2
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Walkthrough: Validate & Compile

/* import non-universal components from the computational environment */ Literal Literal
import uk.org.ogsadai.SQLQuery; //get definition of SQLQuery
import uk.org.ogsadai.TupleToWebRowSetCharArrays; // serialisation
import uk.org.ogsadai.DeliverToRequestStatus;

/* construct and identify jg
SQLQuery query = new S(
TupleToWebRowSetCharA
DeliverToRequestStatus d

P ro d u Ce S /r‘esour‘ce expressio\r?

SOLQuery

);

/* form connection c1 wi
and query as its destination */

pression as its source

package eu.admire.requests;

. _n * ", import java.util.Arrays;
St”ng ql = "SELECT * FROM Weather ’ import eu.admire.gateway.dmil.graph.CompositeProcessingElement;
_ o => ion-> . import eu.admire.gateway.dmil.graph.ConnectionDescription;
| 91 | éxpression->query; import eu.admire.gateway.dmil.graph.Graph;
String resourcelD = "MySQLResource"; import eu.admire.gateway.dmil.graph.ListMarker;

import eu.admire.
|- resourcelD -| => resource->query; import eu.admire.
import .admire.
query->data => data->wrs; inport eu.adnire.

wrs->result => input->del;

gateway.dmil.graph.LiteralValuesNode;
.graph.ProcessingElementNode;

public class Request 13

public Graph createGrag
query = graph.add("
graph.add("uk.q
ProcessingElementN S
graph.add("uk.org.og

* FROM weather'

ProcessingElementNode
EsingElementNode wrs =
Lrays");

input

"SELECT
de (gl

Del iverToRequestStat%

:
g

. LiteralValuesNode literal2 = new LiteralValuesNode(resourceID );
Com p | I e query.connectInput("resource", 0, literal2.getOutput());
graph.add(literal2); wrs.connectInput(“data”, 0, query.getOutput('data",
)); del.connectInput("input", O, wrs.getOutput(“result", 0));
retuin graph; } }
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Walkthrough: DMIL Processor

Registry

Parses DMIL

A

Produces OGSA-DAI client toolkit
DMIL DMIL request from a DMIL graph with one

equest | ENERENID> o one mappin
Compiler

DMIL Graph DMIL Graph

Data

— \ To
Java
Source l OGSA-DAI

Produces Java
source code

OGSA-DAI
Workflow

N
N

Java
Compiler
OGSA-DAI
OGSA-DAI
ClientToolkit w
Request
Compiles and executes Java to
produce a DMIL graph
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Walkthrough:
Organise
computation

22

function nFoldCrossValidationPattern()PE(
Integer k;
PE (Connection datalIn: [(...)]) — (Connection output: Classifier) buildClassifier,
PE (Connection classifier: Classifier; dataln: [(...)] ) — (Connection score: Real) evaluator )
PE(Connection inputData: [(...)] ) —
(Connection results: [(score: Real, classifier: Classifier )|){
ListRandomSplitNWays lrs = new ListRandomSplitNWays;
Connection inputData; //shouldn’t be necessary
inputData => dataln->1rs;
UnlimitedBuffer buffer = new UnlimitedBuffer [n];
TupleProjection[] projectInputVariables = new TupleProjectionl[k];
TupleProjection|]| projectOutputVariables = new TupleProjection[k];
Classify[]| classify = new Classify[k];
ListMerge[] listMerge = new ListMerge[k];
TupleMaker tupleMaker = new Tuplemaker;
Connection[] splits = new Connection[k];
for (i =1;1i <=k; i++) {
for (j =1;j <=k j++) {
if (i == ) {
/* connect test set */
1lrs->dataOut[j] => dataln->buffer[il;

else {

/* connect training set */

1lrs->dataOut [j] => dataIn[jl->1listMergel[il;
}
/* training phase */
listMerge[i]->dataOut =>Dataln->buildClassifier[i];
inputVariables[i] =>columnIds->projectInputVariables[i];
buffer[i]->dataOut =>dataln->projectInputVariables[i];
buildClassifier[i]->classifier =>classifier->classify[i];
projectInputVariables[i]->result =>dataln->classify[i];
/* testing phase */
classify[i]->class =>proposedClass->evaluator[i];
buffer[i]->datalOut =>dataln->projectOutputVariables[i];
outputVariables[i] =>columnIds->projectOutputVariables[i];
projectOutputVariables[i]->result =>desiredClass->evaluator[i];
buildClassifier[i]->classifier =>element [1]->tupleMaker;
evaluator[i]->score =>element [2]->tupleMaker;

}

tupleMaker->result =>[{(score: classifier )|:

/% form and return a PE comprising this DMI process subgraph */
return new PE(
Integer k; PE (dataIn: [(...)] — output : Classifier) buildClassifier,
PE (classifier : Classifier; dataln: [(...)] ) — score: Real evaluator )
PE(inputData : [(...)] ) — [(score: Real; classifier : Classifier )|
}

easier



dataln

ListRandomSplit

dataln

FisherRatio

dataOut

= 2N

dataln

TopN

dataOut

AN

N

dataOut

LITERAL

dataln

LITERAL

dataln [dataln
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LITERAL

dataOut

N
columnlds
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\ dataOut ) U result ) U result )
y
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result result
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Classify

result

S
dataln

LITERAL

ImageRescale

dat

LITERAL

aOut

dataln

MedianFilter

dataOut

dataln

WaveletDecomp

dataOut

JEEE SN

expression

SQLQuery
DataResource

TupleMerge

dataOut

[classiﬁchcsult I dcsircdRcsult\

Evaluate

result

.

input

W

chlivchochucstStatus )

LITERAL

data

[dataln | fraction

~

ListRandomSample

dataOut

filename

LITERAL

columnlds

GetFile

TupleProjection

FileResource \

result

data

Enactment
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Walkthrough: Coordination

Image Noise image

image Image | >

Scaling Reduction

Original workflow

<preNR, 10> <postNR, 10>
image image image ] image image
Image Noise
— _ Observer , Observer
Scaling Reduction
<preNR,t1, 100, tuple> <postNR,t?,200, block>

{ Gatherer }
|

Modified workflow with Observer and Gatherer

Database €
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Walkthrough: Monitoring

Timeline of processes execution in EURExpressll workflow (single machine with 800 images)
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Walkthrough: Terminate

* Final stage, still under
construction, includes:

— Resource-lifetime
management

— Provenance and audit
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Outstanding Issues

DMIL

— One language -> full gamut of DMI processes?

Process optimisation

— What can we optimise in DMI processes?

Pipeline streaming model

— Automatically insertion of unlimited buffer?

Large amount of data movement

— How to store, partition, cache & move data?
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Conclusion

Introduce a separation of concerns between data mining
and integration (DMI) process development and the
mapping, optimisation and enactment of these processes.

Postulate this separation of concerns will allow handling
separately the user and application diversity and the
system diversity and complexity issues simultaneously.

Introduce an architecture, which as a principal element
defines gateways as the point where these two concerns
meet.

Validate our hypothesis of separation of concerns with a

feasibility study that comprises building prototypes of the
architecture
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ADMIRE Goals

Accelerate access to and increase the benefits
from data exploitation;

Deliver consistent and easy to use technology for
extracting information and knowledge;

Cope with complexity, distribution, change and
heterogeneity of services, data, and processes,

through abstract view of data mining and
integration; and

Provide power to users and developers of data
mining and integration processes.
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ADMIRE Structure

— WP1: High-Level Model and Language Research
* Incremental development of models and languages
— |WP2: Architecture Research J

L * Incremental development of a flexible, scalable, open DMI arch.

— WP3: Platform Support & Delivery
* Deliver robust service platforms, support users

— WPA4: Service Infrastructure Development and Enhancement
* Develop technology and services to enhance the DMI service infra.

— WP5: DMI Tools Development
* Develop and integrate tools that make the technology easier to use

— WP6: Integrated Applications
* Demonstration of validation and performance

— WP7: Project Management
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ADMIRE Partners

* Partners:

University of Edinburgh, UK
(Coordinator)

Fujitsu Laboratories of Europe, UK
University of Vienna, Austria
Universidad Politécnica de Madrid,
Spain

Institute of Informatics, Slovak
Academy of Sciences, Slovakia
ComArch S.A., Poland

Finance:

€4.3 Million in costs, €3 Million in EC
funding (EU FP7 ICT 215024 )
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Further Information

http://www.admire-project.eu/
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