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Infroduction

What is the motivation of the project?

To fill the gap with respect to applications to Bayesian analysis of data
with minimal prior information...

...eventually high performance computing applied to problems of
Bayesian statistics.

o As a starting point we have developed the first version of the
desktop application OBANSoft with:

o A modulardesign to facilitate:

o Future extension with new functionality.
o Non dependence on the statistical model.

o Try to include aspects of technology integration, parallelism and
transparency to the user (self-optimization).

o The integration of different languages, tools and parallel libraries
(OpenMP, MPI, CUDA...) would be done fransparently to the end user,
who only uses the graphics application that remains invariable.




Infroduction

o UMU: Parallel Computing Group.

Experience in the development and
optimization of parallel code. Including
self-optimization techniques and the
application of parallel computing iIn
various scientific fields.

o UMH: Bayesian Statistic Group.

Experience in the development of
simulation codes applicable to the
]Eeslgluflon of Bayesian analysis in various
ields.

sAdNoJ5 Yyolunasay




Preliminary analysis

Summary of the methodology.

Addressing various areas leads us to divide the
methodology in 4 parts:

o Part 1: development of a Bayesian operations
catalog to be supported by the application.

o Part 2: decision of the fechnology and resources
to be used.

o Part 3: design and implementation of the library
and desktop application.

o Part 4. preliminary pardllelization of the
simulation algorithms, and study of the
performance.




Preliminary analysis
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Preliminary analysis

Artifacts, fools and technology

o After a preliminary analysis of the
alternatives available to perform Bayesian
analysis...

Software Element Technologies m

Statistical Library Java (JSE) +R JRI
Desktop Application Java Swing Swing
Parallelization Parallel R Snow Fall

o...the above options were selected (free
and reusable software platforms).




Application Design

The model
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Application Design

Object Model
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Application Design

View objects

DBANSoft

File Edit Objecks Descriptives Inference Windows Help

Framel ] Frames j
X. (Factor) |TE5I:1.Eamma (Mumeric) |TE5I:1.Binun‘ial...|TE5I:1.Puissun (M um...l
0 14.579729050200195 1385492110252 10,773793935775757
1 13.6162810532562256 6.381501913070... 5.920418977737427
2 g.0647850035366211 7135601997375, 6.014244073589544
3 g.64148253004 7607 2.63513158359375 6.920522928237915
I 4 25.678485155105549 2389325499534 . 17.050047545840454 .
= 25,90150117574145 15.327085015815... 16.6211199760457 B
’ & 17.71405005455017 1712072920799 . 16,256925106045554
7 17.30145502090454 16,17130730220... 13.841892004013062
g 46.68676280975342 2845922495934 . 37.44199204444555
e 40,390345096555135 36, 7743239402771 33.51 248812675476
10 28.658941617012024 2473985000471 .. 22,9229199886322 =
11 27 67305302619934 2307673501965, 22.94900107383725

I Frame: Framel [ 4 x 12 ) Information: ---




Application Design

Controller Objects

The Main Controllermanages all events that require the
partficipation of the “MainForm’: Main Controller

Modular organization Other Objects

FileController DataFramesController
EditController

DescriptiveController

InferenceController




Application Design

Bayesian algorithms.
Infegration of technologies.

Interface of the Algorithms
Facade Object
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Application Design

Bayesian algorithms.
Infegration of technologies.
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Application Design

Bayesian algorithms.
Infegration of technologies.

OBANSoft - NetBeans IDE 6.9.1

File Edit iew Navigate Source Refactor Run Debug Profile Team Tools Window Help
BEHES B E sk VT H D B G
Projects “""IF'L% lsewlcea ~ ||El® randomsimulation.java X

DescriptivoNumeHcoCaso-ﬂ.java |
E ] ; L | - - |
DescriptivoMumericoContinuo.java = QA &_

DescriptivoMumericoCorrelacion java 35 . ) . . . S
DescriptivoNurnericoFactor java 36 B public double[] wniform ( int nsim, double a, double b, int signifDigits) th

FuncionesElementales java 7 . .
|RDataFrame java 38 // We check the preconditions...
] 39 if (be=a){

o o )
F.‘\.ndorr'|5|r'r|u|amr1.|.=wd 40 throw new Exception('b should be greater than a.");
SimuladoresRuido java a1 T

€] rConnection.java 42
b [H rModelo.BayesianAnalysis 43 // We execute the routine.
b [ rModelo.Decorator 44 String comando = " .tmpOist =- runif("+nsim+", "+a+", "+b+")";
45 re.eval {comando);
a5
Members View . 47 return (signifbDigits(".tmpDist", nsim, signifDigits));
LE
& signifDigits(String namev/ar, int lenghvar, int numsSic[|| 49
& signifDigits(String namevar, int lenghvarl, int lenghv
snedecorFlint nsim, double alpha, double beta, int si
standarStudentT{int nsim, double nu, int SigﬂifDigitS: [Previously saved workspace restored]
studentT(int nsim, double nu, double mu, double sigi:
s o . .
signifDigits )| Rengine created, waiting for R
Java Result: 1
BUILD SUCCESSFUL (total time: 7 seconds)

fer laulen &
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Output - Umh_Program (run) ¥ Xl Tasks
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Application Design

The R-Model and its
integration with R. i

al Maodel

Interface of the Algorithms

Facade Object
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Rengine
(Instance of R in runtime)
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Performance and parallelization

What algorithms to optimize
and parallelize

o Among all programming algorithms, we
focus on simulation algorithms.

o They require more runtime.

o Critical point in the resolution of a Bayesian
analysis.

o All analyses are based on the simulation.
They are used for Bayesian inference
models.

However... there are 27, Who starts...¢
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Performance and parallelization

Experiment 1:
Trend growth

Trend of the simulators
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Performance and parallelization

Experiment 2:
Comparison of simulators
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There were two types of simulators: simple simulators and
compound simulators.




Performance and parallelization

Composite Structure Simulator

o One invocation of a simple function of size X.

o X invocations of another simple function ;function chain)
with parameters extracted from the above tunction.

rgamma.gamma = function (nsim,alpha, beta nu) {
theta=rgamma(nsim ,alpha , beta);
x=vector(length=nsim);
for(i in 1:nsim) {
theta[i]=rgamma(1l,nu,theta[i]);
I

return(theta);

¥
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Code 1: simulation algorithms of the composite function Gamma-Gamma

o The experiments indicated that the function chain
consumes 90% of the total execution time.

Chain functionin parallel with R parallel code (library).




Performance and parallelization

Parallelization for shared
memory (SnowkFall

1 # Calculariamos con la funcion simple los parametros

2 # alpha y beta que usaremos en la funcion rgamma.

4 library (snowfall)

5

6 # 1. Inicializamos snowfall

7 sflnit( parallel=TRUE, cpus=1, type="SOCK")

8

9 # 2. Cargariamos bancos de datos que queremos que

10 # sean leidos por todos los procesadores

11 # require(mvna)

12 # data(sir.adm)

13

14 # 3. Definimos el wrapper, el cual va a ser paralelizado.
15 wrapper <— function(idx) { return(rgamma(l,mu, theta)); }
16

17 # 4. Exportariamos los datoes y paquetes que queremos

18 # que sean leidos por todos los procesadores

19 # sfExport("sir.adm")

20 # sflibrary (cmprsk)

21

22 # 5. Inicializamos el generador paralelo de numeros aleatorios
23 sfClusterSetupRNG ()

24

25 # 6. Distribuimos los calculos

26 result <— sfLapply (1:tamSimulaciones, wrapper);

a7

28 # 7. Detenemos snowfall

29 sfStop ()

30

31 ## Devolvemos el resultado de la simulacion

Code 2: Parallel algorithm chain simulator function (Gamma-Gammal)




Performance and parallelization

Experiment 3:
Results of the parallelization

Parallelization of the function chain
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The reduction in the execution time is far from the theoretical limit...
(Efficiency only 50%)

L What is thereason...? D)




Conclusions

O—w Current work.... —_—

oWe are studying a Bayesian Analysis
algorithm: study of parallelism (Snowtfall,
multithreaded BLAS, OPENMP...) I

oWe analyze the simulation codes
programmed in C to compare with the
corresponding R versions.

IMSL Libraries for linux.

o Parallelize these algorithms programmed
in C and compare SnowFall against
OpenMP.




Conclusions

Future work....

With the tool we cover that gap in the applications of
Bayesian statistics, and it serves as a basis for
integrating future developments hiding parallelism.

o Integrate other models that involve the
simulation algorithms based on Markov

chains.

o Expand OBANSoft modules with new
functionality.

o Adapt the statistical model in a website to
exploit as Cloud Computing.




Conclusions
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Thank you for your
attention.

Any questions...?




