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Lecture Goals

v’ Parallel systems, distributed computing infrastructures, like
Grids and P2P networks, and Cloud computing platforms, offer
an effective support for addressing both the
= computational and

= data storage needs

of Big Data mining and parallel analytics applications.

v Complex data mining tasks involve data- and compute-
intensive algorithms that require large storage facilities

together with high performance processors to get results in
suitable times.
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Lecture Goals

= |n this lecture we introduce the most relevant topics and the
main research issues in high performance data mining
including

= parallel data mining strategies,
» distributed analysis techniques, and
= knowledge services and Cloud-based data mining.

= We discuss parallel models, scalable data mining algorithms,
data mining programming tools and applications.

General Outline

LESSONS

1. Parallel Data Mining Strategies

2. Distributed and Service-oriented Data Mining

3. Data Mining Tools on Clouds
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LESSON 2

Distributed and Service-oriented Data

Mining

Parallel and Distributed Data Mining

= Parallel data mining
= Task or control parallelism
= Independent parallelism
= SPMD parallelism
= Hybrid parallelism

= Distributed data mining
= Voting
= Meta-learning
* Ensemble learning
= Collective data mining

Can bea

component of
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Data Mining and Computational Needs

= Today data is often distributed geographically or locally. Data
come from the Internet, from sensors, from mobile devices,
from the sky, from distributed DBMS.

= When
= large data sets are coupled with
= geographic distribution of data, users, and systems,

it is necessary to combine different technologies for
implementing high-performance distributed knowledge
discovery systems.

Talk outline

Distributed Data Mining
Meta-Learning

Collective data mining
Ensemple learning
Distributed Mining systems
Service-oriented data mining

WekadWs, Knowledge Grid, mobile data mining.
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Distributed Data Analysis Patterns

= Data parallelism? SPMD or Task parallelism?

= Managing data dependencies

* Dynamic task graphs/workflows (data dependencies)

= MapReduce, MPI, OpenMP, Web Services, Java, ...

= Dynamic data access involving large amounts of data

= Parallel data mining and/or Distributed data mining

» Programming distributed mining operations/tasks/patterns

Programming Levels

Grain size —

Components, Patterns,
Distributed Objects, ...

A
Process #




Distributed Data Mining

= Typically, in distributed data mining algorithms the same

code runs on each data site concurrently, producing one local

model per site.

= Subsequently, all local models are aggregated to produce the

final model.
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Distributed Data Mining
= The most important (and used) distribute data mining
strategies are
= Ensemble learning,
= Meta-learning, and
= Collective mining.
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Meta-Learning

= Meta Learning can be defined as learning from learned

knowledge.

®= The Meta Learning techniques aim at implementing a global model
from a set of local models coming from some distributed data sets.

® |n a data classification scenario, a global model is obtained by
learning from the predictions of a set of base classifiers on a

common validation set.

1. Inthe first step a set of classifiers are generated by applying a
data mining algorithm on a collection of data sets.

2. Then the classifiers are combined in a single site to produce a

global classifier.

Meta-Learning

= A meta-class attribute indicates

the best algorithm for the
problem, among a set of
candidate algorithms.

= The class label stored in a meta-
example is usually defined via a
cross-validation experiment
using the available problem’s
dataset.

= The meta-learner in this case is

Meta-learning

Classifier 2

learning
algorithm

Predicted
decisions
JINY The University of Iowa

Predicted Predicted
decisions decisions

Meta-
training
data

Intelligent Systems Laboratory

simply a classifier which predict:
the best algorithm for a given
problem based on its descriptive
meta-attributes.
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Meta-Learning

= The steps needed to build a global classifier from a set of
distributed training sets according to a meta-learning
approach:

1. Theinitial training sets are used as input of N learning
algorithms that in parallel build N classification models
(base classifiers).

2. A meta-level training set is built by combining the
predictions of the base classifiers on a common validation
set.

3. Aglobal classifier is trained from the meta-level training
set by a meta-learning algorithm.

Stacking and Boosting

= Stacking is a way of combining multiple heterogeneous
models in meta-learning.

= Stacking is not used to combine models of the same type. It is
applied to models built by using different learning algorithms.

= |t does not use a voting approach, but tries to learn which
classifiers are the reliable ones, using another learning
algorithm (the meta-learner) to discover how best to
combine the output of the base learners.

® |n Boosting techniques a weight is assigned to the different
models produced on the basis of the errors of each model on
the training data.
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Collective Data Mining

= Collective data mining does not combine a set of complete
models generated at each site on partitioned or replicated
data sets,

But

It builds the global model through the combination of partial
models computed in the different sites.

= The global model is directly composed by summing an
appropriate set of basis functions.

Collective Data Mining

= The global function f(x) that represents the global model can
be expressed as:

flx) = Sk wic yk(x)
where 1k(x) is the k-th basis function and wk is the
corresponding coefficient that must be learned locally on
each site based on the stored data set.

= This result is founded on the fact that any function can be
expressed in a distributed fashion using a set of appropriate
basis functions that may contain nonlinear terms.
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Collective Data Mining

Main steps of the collective data mining approach:

1. Select an appropriate orthonormal representation for the
type of data model to be generated.

2. Generate at each site approximate orthonormal basis
coefficients.

2.1 If the global function includes nonlinear terms, move a

sample of data sets from each site to a central site and

generate there the approximate basis coefficients
corresponding to such nonlinear terms.

3. Combine the local models to generate the global model and
transform it into the user described model representation.

Ensemble Learning

= An ensemble learning method builds a set of base classifiers
from training data and performs classification

* by voting (in the case of classification) or

» by averaging (in the case of regression) on the predictions
made by each classifier.

= The final result is the ensemble classifier, which very often
have higher classification quality than any single classifier
that has been used to compose it.

20
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Ensemble Learning (Democratic Learning)

These are the main steps that compose an ensemble learning
strategy for data classification:

Using a partitioning tool the input data set is split into a
training set and a test set.

The training set is given in input to N classification
algorithms that run concurrently on different processing
nodes to build N independent classification models.

Then, a voter tool V accesses the N models and performs an
ensemble classification by assigning to each instance of the
test set the class predicted by the majority of the N models
generated at the previous step.

21

Ensemble Learning

The identification of optimal ways to combine the base clas-
sifiers is a crucial point here.

The most adopted approaches are two schemes called
bagging and boosting.

Bagging (called voting for classification and averaging for
regression) combines the predicted classifications
(prediction) from multiple models.

In bagging, the models receive equal weight, whereas in
boosting, weighting is used to give more influence to the
more successful ones.

22
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Distributed data mining: Papyrus

= Papyrus is a distributed data mining system
developed for clusters and super-clusters of
workstations as composed four software layers:

» data management,

= data mining,

» predictive modeling, and
» agent.

23

Distributed data mining: Papyrus

® The data management layer is implemented as a
global data warehouse that allows to move data
from node to node.

= The agent layer selects strategies and resources and
move predictive models among the cluster nodes.

= Thus this system has the ability to combine data and
models movement.

= Papyrus is based on mobile agents implemented
using Java aglets.

24
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Distributed data mining: PaDDMAS

m PaDDMAS is a component-based tool set that
integrates pre-developed or custom packages
(that can be sequential or parallel) using a
dataflow approach.

m PaDDMAS provides three types of components:
data management components,
= data analysis components and
= data visualization components.

25

Distributed data mining: PaDDMAS

m Each component is wrapped as a Java object with
its interface specified in XML.

m Components can be located at distributed nodes.

m Connectivity to databases is provided thorough
JDBC bridges.

26
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Distributed data mining: KEDM

m Kensington Enterprise data mining is a PDKD
system based on a three-tier client/server
architecture.

m The three tiers include:

m client,

m  application server and

m third-tier servers (RDBMS and parallel data mining
service).

m The data models (knowledge) built on a remote
server are moved, under the control of the
application server, to the client node for

evaluation.
27

Distributed data mining: KEDM

m The Kensington system has been implemented in
Java and uses the Enterprise JavaBeans
component architecture.

m C+MPI data mining packages can be integrated in
the Java framework.

m Databases located on the Internet can be
accessed via a JDBC connection.

28

13/02/15

14



13/02/15

Distributed data mining: JAM

m JAMis an agent-based distributed data mining
system developed to mine data stored in
different sites for building so called meta-
models.

m A meta-model is a combination of several models
learned at the different sites where data are
stored (Meta-learning).

29

Distributed data mining: JAM

m JAM uses Java applets to move data mining
agents to remote sites.

m Knowledge discovery is speeded up by

m executing in parallel a number of data mining
processes on different data subsets and

m  combining the results through meta-learning.

30
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Distributed data mining: BODHI

m Collective data mining, is implemented in the BODHI
system.

m BODHI is implemented in Java as a hierarchy of four
main components:

= theindividual agents,
= the agent stations on each processing node,

= the facilitator for coordination of agent stations
and

= the user interface for system configuration and
control.

31

Distributed data mining: BODHI

m Like JAM and the Kensington system, BODHI
supports the migration of mining agents over
the nodes where data are stored.

m Produced models are collected on a central
node where models are combined and analyzed.

32
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Services for distributed data mining

= Exploiting the SOA model it is possible to define basic
services for supporting distributed data mining tasks/
applications.

= Data analysis in large scale distributed systems for science
and industry (for example: from a private Cloud to InterClouds).

= Those services can address all the aspects of data mining and
in knowledge discovery processes

» data selection and transport services,
» data analysis services,
* knowledge models representation services, and

» knowledge visualization services.

33

Collection of Services for Distributed Data Mining

* |tis possible to design services corresponding to

Data Mining Applications or KDD processes

This level includes the previous tasks and patterns composed in a
| multi-step workflow.

Distributed Data Mining Patterns

This level implements, as services, patterns such as collective learning,
| parallel classification and meta-learning models.

Single Data Mining Tasks

Here are included tasks such as classification, clustering, and association
| rules discovery.

Single KDD Steps

All steps that compose a KDD process such as preprocessing,
filtering, and visualization are expressed as services.

34
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Data mining services

= By exploiting the Web/Grid/Cloud services features it
is possible to develop data mining services accessible
every time and everywhere (remotely and from small
devices).

= This approach can result in

Service-based distributed data mining applications
Data mining services for communities/virtual organizations.
Distributed data analysis services on demand.

A sort of knowledge discovery eco-system formed of a large
numbers of decentralized data analysis services.

35

Data mining services

* Service-based systems

WekadWsS

36
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Wekad4dWs

37

The Wekad4WsS framework

= Weka is one of the most used open source suite for data
mining.

= |n Weka, the overall data mining process takes place on a
single machine; the algorithms can be only locally executed.

= WekadWsS extends Weka to support distributed execution
of the Weka data mining algorithms

« All data mining algorithms provided by the Weka library are exposed as a
stateful Web Service

* Globus Toolkit 4 is used for basic Grid functionalities such as security and
data transfer.

D. Talia, P.Trunfio, O.Verta, "The Weka4WS framework for distributed data mining in service-oriented

Grids". Concurrency and Computation: Practice and Experience, vol. 20, n. 16, pp. 1933-1951,Wiley, 2008.
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Wekad4WSs Architecture

= We distinguish Wekad4WS nodes in two categories:

+ user nodes, which are the local machines of the users providing the
WekadWs client software

» computing nodes, which provide the Weka4WS Web Services allowing
the execution of remote data mining tasks

= Data can be located on computing nodes, user nodes, or
third-party nodes

= |f the dataset to be mined is not available on a computing
node, it can be copied or replicated by means of the Globus
data management services.

39
Software components
a2
g, Jf, ==
User node Computing node
= User nodes include three software components:
« Graphical User Interface (GUI)
« Client Module (CM)
* Weka Library (WL)
40
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Software components

raphical

ser Interface

eka Client
ibrary odule

eka
ibrary

Globus Services Globus Services

User node

Computing node

= Computing nodes include two software components:
* Web Service (WS)

* Weka Library (WL)

41

Software components

raphical
ser Interface

local
task

eka lient
ibrary odule

remote
task

Globus Services

User node

Computing node

= The GUI extends the Weka Explorer environment to allow the
execution of both /ocal and remote data mining tasks:
 local tasks are executed by directly invoking the local WL

remote tasks are executed through the CM, which operates as an

intermediary between the GUI and Web Services on remote computing
nodes

42
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Software components

raphical

ser Interface

eka Client
ibrary odule

Algorithm
invocation

Globus Services Globus Services

User node Computing node

= The WS is a Web Service that exposes the data mining
algorithms provided by the underlying Weka Library

= Therefore, requests to the WS are executed by invoking
the corresponding WL algorithms

43

Web Services operations

f
createResource Creates a new WS-Resource.
- . Subscribes to notifications about resource
Service < |subscribe s ch
specific properties changes.
Explicitly requests the destruction of a WS-
destroy
& Resource.
-~
classification Submits the execution of a classification task.
D?t? < |clustering Submits the execution of a clustering task.
mining - - —
L. Submits the execution of an association rules
L associationRules task

= The first three operations are related to service-specific
invocation mechanisms

= The last three operations are used to require the execution of a
specific data mining task
44
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Web Services operations

= The classification operation provides access to the complete
set of classifiers in the Weka Library (currently, more than 70
algorithms)

= The clustering and associationRules operations expose all
the clustering and association rules algorithms provided by
the Weka Library (5 and 2 algorithms, respectively)

= To improve concurrency the data mining operations are
invoked in an asynchronous way:

* the client submits the execution in a non-blocking mode, and results
are notified to the client whenever they have been computed

45

Wekad4Ws Graphical User Interfaces

= WekadWs extends the GUIs of Weka:
= Explorer

* KnowledgeFlow

= Both available with Weka4ws 2.1 (grid.deis.unical.it/wekadws)

13/02/15
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Wekad4WSs Explorer

(+] Wekaaws Explorer. N
Classify

[ cnoose [p8-co2s-u2 | ‘
Test opti lassifier outp

© Use training set

© supplied test set

® Cross-s lation  Folds |10
© Percentage split %

Qo
Control panel

o v

‘ Hosts addresses loaded.

Lo | g0
-

allowing to submit both local and remote tasks has
been added to the original Weka Explorer environment

A “Control panel”

47

WekadWSs Explorer

WekaaWs Explorer.

Classify

ci

| choose [148 -c 025 -m 2

‘ Hosts addresses loaded.

= ‘nﬂ
A drop down menu allows to choose where to run the current data

mining task (“Local”, “Auto”, or a specific host)

48
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Wekad4Ws Explorer

WekaaWs Explorer.
Classify

ci

| cnoose |48 -cozs-m2

Test opt

Classifier outpt

© Use training set

=== Run infornation (carme.deis.unical.it) ===

© Supplied test set SEE Schene: weka, classifiers. trees. 148 ~C 0.25 -M 2
® Cross-validation Folds [10 Relation: e
Instances: 150
© Percentage split % (65 ||| areributes: s
sepallength
More options... Sepalwidth
petallength
[ o cass = petalwidth
| Control p: ||| Test node:

10-fold cross-validation
” st | stop | Reloadhosts |

| carme.deis.unicatit -

Result list right-dlick for op 1

13:46:55 - wees.J48
13:46:55 - wrees.J48
13:46:56 - trees.}48
13:46:56 - trees.J48

‘ Weka4Ws: Remote datamining in progress. See log for details. ‘ ) ‘ ‘ =9

= Each task in the GUI is managed by an independent thr&ad’ A user can
;tart multiple data mining tasks at the same time on different remote

49

Wekad4Ws Explorer

WekaaWs Explorer.

o
lassify

“ Choose [148 -C0.25 - 2

Test opt

© Use training set

Run inforaation (carne.deis.unical.it) ===
Osumettesises [ 5| o
® Cross-validation Folds [10 Relatior

Instances: 150
© Percentage split EE |

weka. Classifiers.trees. 148 -C 0.25 M 2

Attributes: 5
~ sepallength
| moreoptions. | Sepamidtn
petallength
| ovom) cass - petalwidth

| Control panel

class
Test mode:  10-Told cross-validation
” st | <o | Reload hosts

Classifier nodel (full training set) =
| carme.deis.unicatit ~

148 pruned tree

Result list ight-click for options) |

13:46:55 - rees a8 e < 0 1 0
as petalwidth <= 0.6: Iris-setosa (50.

134655 - rees.J48 pealwath <=0

RO | petalwidth <= 1.7

13:46:56 - trees.|48 i

I petallength <= 4.9: Iris-versicolor (48.0/1.0)
|| petallength > 4.9

| | | petalwidth <= 1.5: Iris-virginica (3.0)
[ petalwidth > 1.5: Iris-versicalor (3.071.0)
| petalwidth > 1.7: Iris-virginica (46.0/1.0)

W e

Whenever the output of a data mining task has been received from a
remote computing node, it is visualized in the standard Output panel

50
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WekadWsS KnowledgeFlow

= A data mining workflow can be composed and run on several Grid nodes

51

WekadWsS KnowledgeFlow

Remote execution

52
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WekadWS: Application speedup

Execution time (s)

12000

10000 -

8000 -

6000 -

4000

2000 -

3 4
Number of nodes

The covertype dataset ¥ from the UCI archive has been used as data source. The dataset,
has a size of about 72 MB and contains information about forest cover type for 581012 sites in
the United States. Each dataset instance, corresponding to a site observation, is deseribed by
54 attributes that give information about the main features of a site (e.g., elevation, aspect,
slope, ete.). The 55th attribute contains the cover type, represented as an integer in the range
1toT.

WekadW$ has been used to run an application in which 6 independent instances of the

KMeans algorithm [17) perform a different clustering task on the coverfype dataset. In

5
A
44
(=% N
g3 A
I
g
» 2
14
0
1 2 3 4 5 6
Number of nodes

53

Knowledge Grid

54
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The Knowledge Grid

= Knowledge Grid: a distributed knowledge discovery
architecture that can be configured on top of generic Grid
middleware

= A first prototype has been implemented on Globus based
on a high-level user interface for application composition
(VEGA) mpe= . E—

Ds:m: =
* The Knowledge Grid services are currently being re-
implemented as stateful Web Services.

M. Cannataro, D.Talia, The Knowledge Grid, Communications of the ACM, vol. 46, no. |, pp.

9-93, b
89-93,2003 55

Service-oriented Knowledge Grid

2 e e _ &
2 282 B8 a2 B Service Selecti on

Service Workflow
Composition

Application Execution
on the Grid

56
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Service-oriented Knowledge Grid

Management Service
x

High level K-Grid layer Resour‘_}e Metadata
4-------p Execution Plan Metadata
NS .__Model Metadata
DAS TAAS EPMS RPS
Data Access Tools and Algorithms Execution Plan Result
Service Access Service Presentation Service
Ld

" \
. \
§ < ..
Ky S, \ 3
KDS =— RAEMS =
Knowledge plrectory KEPR = Resourcle Alloc. KBR i
Service Execution Mng. 1

Basic and Data GRID Services

57

The Knowledge Grid Services

= The Knowledge Grid operations have been re-implemented

as stateful Web Services.

= They can be invoked by client interfaces, programs, and other

services.

— Local interaction

------ » Possibly remote interaction DAS

A. Congiusta, D.Talia, P. Trunfio, Distributed Data Mining Services Leveraging WSREF, Future
Generation Computer Systems, vol. 23, no. |, pp. 34-41,2007.

58
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The Knowledge Grid Services

Each K-Grid service is
exposed as a Web Service
that exports one or more
operations

— Local interaction Client
=== Possibly remote interaction interface

The operations exported byz
the High-level K-Grid

services are invoked by user-
level applications

High-level K-Grid Services

N
3 .

-....---...----...--{...---....--.s..---...---....--..

The operations provided by 7

3
KMR KDS RAEMS
ssarchR

Core-level K-Grid Services

KEPR

lOé

the Core K-Grid services
are invoked both by High-
level and Core K-Grid
services

Basic Grid Services

Knowledge Grid: Service operations

Service Operation

Description

This operation is invoked by a client for publishing a
newly available dataset. The publishing requires a set
of information that will be stored as metadata in the
local KMR.

DAS

Data to be used in a KDD computation is located dur-
ing the application design by invoking this operation.
The searching is performed on the basis of appropriate
parameters.

TAAS

This operation is used to publish metadata about a
data mining tool in the local KMR. As a result of the
publishing, a new DM service is made available for
utilization in KDD computations.

It is similar to the searchData operation except that
it is targeted to data mining tools.

60

13/02/15

30



Knowledge Grid: Service operations

Service Operation Description

This operation receives a conceptual model of the ap-
plication to be executed. The EPMS generates a cor-

EPMS submitKApplication':} ! k D
it - responding abstract execution plan and submits it to
"""""" the RAEMS for its execution.
RPS "'..“éet;Result.s“..:' Retrieves results of a performed KDD computation

................. and presents them to the user.

This is the basic, core-level operation for publishing
data or tools. It is thus invoked by the DAS or TAAS
services for performing their own specific operations.

KDS

The core-level operation for searching data or tools.

: . This operation receives an abstract execution plan of
RAEMS .. manageKExecution. the application. The RAEMS generates an instanti-
. ated execution plan and manages its execution.

61

S-0 Distributed Data Mining Workflows

= DIS3GNO is a visual framework for programming and running
service-oriented data mining workflows in the KNWOLEDGE
GRID.

= DIS3GNO supports all the phases of a distributed knowledge
discovery process, including composition, execution, and
results visualization.

62
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S-0 Distributed Data Mining Workflows

= A data mining workflow is a graph in which

= nodes typically represent data sources, filtering tools, data mining
algorithms, and visualizers, and

= edges represent execution dependencies among nodes.

= DIS3GNO supports all the phases of a distributed knowledge
discovery process, including composition, execution, and
results visualization.

= Each node is a service.

63

S-O Distributed Data Mining Workflows

= The workflow concept plays a fundamental role in the
KNWOLEDGE GRID at different levels of abstraction.

= A client application submits a distributed data mining
application to the KNWOLEDGE GRID by describing it through
an XML workflow formalism (conceptual model).

= The conceptual model describes data and tools to be used,
with or without specifying information about their location or
implementation.

64
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DIS3GNO: The Knowledge Grid GUI

The Knowledge Grid user and programming interface is composed by 4
panels

Rl o o oy

| E——
F S

3. The BempehitBan@hdcdieckfion Padéing ) 65

DIS3GNO : A Visual Framework

= DIS3GNO is the user front-end for two main
KNOWLEDGE GRID operations:

* Metadata management. DIS3GNO provides an interface to
publish and search metadata about data and tools.

» Design and Execution management. DIS3GNO provides an
environment to design and execute distributed data
mining applications as workflows, through the interaction
with the execution services of the KNOWLEDGE GRID.

66
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DIS3GNO: The Knowledge Grid GUI

The state of a node is represented by a different icon

3. Riskiijotipdedentoblistied yet

67

Workflow composition in DIS3SGNO

5 editing modes

8. The cifasitiexoiieleceniivdion

68
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Searching resources

= Example of dataset search

B DISIGNO - class w1 .oml

File Help

000 [E[g WX [

© tuber: 3

* Max: . -

= senl o

=
C X, tre
§ G fest
2
s (o———

(dataset1.arf @87.108.43.21 ¥, 0 @
dataset2.arf @ 188.67.60.240 N3
dataset3.arf @ 198.60.167.17
datasetd.arf @ 248.152.26.39
atasets.arf @ 245.221.11.148 FTY

,,&g,,;i&&:,,
(dataset8.arf @ 206.46.245.175

3. Bgmultbfyghectenrching criteria

69

DIS3GNO: A Visual Framework

B DISIGNO - class wi.xmi EIERX
o otire Assuks oo

000 = ¢ ‘Iﬁx [ebsrwtm |
oot propeses

K05 LR

() Search paremetarz

Neme |
Fnd0iDeta it | .
Nrdofscitwars exnitebio v Kj i
G >
hon 148!

[ .

-y
hddosp Seliter

Aeasks

ielsfjocb  fes.ria 16 el

el jjyiceb. des.urica 140t 0.l

diifjidab3. des.rica 148t 0ol
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fefsfforctabi, fes.urical £46_L) sl = —n—>

(@ —we
MaiveBayes

™

Programming a data mining workflow as a graph

of services and run them in parallel. o
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DIS3GNO: A Visual Framework

B DISIGNO - class-vel xml
File Options  Results  Help
000 = ¢ L, B DIS3GNO - class.wi.anl
Fle Optos Resdts Heb
Tool croperties 8 — ——
= =] sy
Owsin 00 =0¢ NIX
£ Todl roperties
 Seerch peraieters
@i oms
Naro| 48 L
[ e S48 madel
ut %) Seerchperaeters. —
L O B === Classifier mocel [Full training seb === =
Srqerts tianc 63
e reeony | (ki
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: wsin —
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i
1 s GBI smurl. (22046 0) |
FPealts | det bytes >0
el e el s ol S | | root_shell <= 0:normal (76385.0)
ical146_1.0. 2] \ | | roct_shell= 0
Ve g de unical /46 _1.0xm | Fesite 111 hot <= 1-normal. 3.1 05
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Workflow running and results visualization after workflow

completion.
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Data Mining Workflows with DIS3GNO
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Eight similar classifiers in parallel produce different
classifications (using different parameters) of the same
dataset. The best classification is selected by the
ModelChooser node. 79
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Performance Results
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Execution time and speedup with different dataset sizes. With
the 36 MB dataset, time is reduced from 21 hours to 3,5

hours.
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Data Mining Workflows with DIS3GNO
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In an ensemble learning application four different classifiers
in parallel produce 4 classifications from 4 different training

sets. The best classification is selected by voting.
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Performance Results
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Execution time and speedup with different dataset sizes. The
overall execution time is bound to the execution time of the
slowest algorithm, thus limiting the total speedup.
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Mobile Data Mining Grid Services
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Services for Mobile Data Mining

= The main research goal is to support a user to access
data mining services on mobile devices.

= The system includes three

components:
. ] o o e Lo
provider fi) provider
+ Data providers U N =
\ 7’ \\ 7
N P ~ ’
e o \l » \\ ¥
* Mining servers = =1
ﬂ s I

» Mobile clients

[g 5l I:‘ | (;' |
S (7 -
Mobile client Mobile client  Mobile client obile client

Mobile client
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The Mining server

= A Mining server implements two Grid Services:

+ Data Collection Service (DCS): invoked by a data provider to store data
in the data store.

» Data Mining Service (DMS): invoked by a mobile client to ask for the
execution of a data mining task.

. Mining server
Data collection
Jreque ft_s _____ Store / update

Data mining
requests

OF
Mobile client
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Services for Mobile Data Mining

= A user can select which part of a result (data mining model)
he wants to visualize.

79
.
Impact of Services overhead
Execution times
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= |t can be observed that the data mining phase takes approximately from
95% to 99% of the total execution time
= Thus the overhead due to the WSRF invocation mechanisms is negligible
for typical data mining tasks on large datasets
80
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Impact of the Services overhead

Execution times
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~—®— Notification subscription
~—+ Task submission
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—®— Results notification
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® |n alarger Grid scenario the data mining step represents from 85%
to 88% of the total execution time, the dataset download takes
about 11%, while the other steps range from 4% to 0.5%
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Final Remarks

= We are much more able to store data than to extract
knowledge from it.

= Scientific and industrial applications must be able to analyze
very large data sources (archives, databases, flat files).

= HPC, Grid and Cloud systems may be used as distributed
infrastructures for service-oriented data mining applications.

= New HPC infrastructures allow us to attack new problems,
BUT require to solve more challenging problems.
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Final Remarks

= New models, frameworks, and environments

are required
» Data is becoming a BIG player, programming data N
analysis applications and services is a must.

Massive Data

* New ways to efficiently compose different models
and paradigms are needed.

* The service-oriented approach can be a viable
integration paradigm.

= |n along-term vision, pervasive collections of data analysis
services and applications must be accessed and used as public
utilities over the Internet.
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Thanks

Questions?
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