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DATA SCIENCE (Holt et al. 2010) =» relevant scientific discoveries
1. Morphology and its theoretical paradigm evolution
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MORPHOLOGICAL CLASSIFICATION IS NOT A SIMPLE TASKI!
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MORPHOLOGICAL CLASSIFICATION IS NOT A SIMPLE COMPUTATIONAL TASK!
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Protocolo de Concorréncia WORKLOAD &
no CLUSTER HETEROGENEO WORKFLOW
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F l *l P/ Direcionamento
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"7 VR N v
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| | - &
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Simplest Preliminary Search

https://www.galaxyzoo.orqg/
FILE RB0115: 64.328
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14,2 hours (K40)
Accuracy: 86,4 %

CONCLUDING REMARK: FOR BIG DATA ANALYSIS IN ASTRONOMY
MAHA AS NONCONCURRENT MACHINE IS MORE
APPROPRIATE THAN BIG CLUSTERS!!!
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MAIN CONCLUDING REMARK FOR EXTRA-GALACTIC ASTROPHYSICS

By studying global properties of local ETGs,
from Big Data Files, such as color gradients, the
fundamental plane, stellar populations, their
initial  mass  function (IMF) and their
morphometric properties, it should be able to

formation and cosmic evolution.

It is important to characterize these galaxies’
environments using a physically meaningful
and consistent measure of the host
group/cluster velocity distributions into the
context of high resolution galaxy morphology,
so that we can begin to separate the effects of
environment (nurture) and individual galaxy
properties(nature).

. . |#
constrain and improve models of galaxy |

http.//www.epacis.net/ccis2016/en/index.php
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UPDATING MORFOMETRIKA: SOFTWARE (GFEC-LAC-CTE)

Algorntmo Técnica S':j.g;inal Pacote/Programa Versio Paralelizada m:;:l;:ﬂ
Espago de OpenMP Yoon, I, Weinberg, M. I, and
. . tacso) | Kot N. (2011). Monthly Notices
EDB P[ fi ?]:hll Clr|:]:1.++ EWT I:EIII. lmgluﬂ]:];;n ! of the Rn:r:] Axtronomical
S Fython _ Saciety, 414:1625.1655.
Bayesiana (em implementacan) | dpi:1965-2066.2011.18501 x
B A Hosa A S Sharma T A
Valdivia, Int. J. Mod. Phys.C,
Cocficicnt de GPA++ OpenMP | o1y, 147 (1908,
CPA Assimetria ':]-’]EE+ (a ser u:E;{]lEl;kcnuda; doi: 10.1142/S0120185190000103
Gradiente GFEC_CODES em implementagio) f.s.‘;n_nm et al. Phrysica A 283,
doi: 10.1016. 50378437 1/00)001 44-8
Bong-Cuan Yeh et al ,
PHYSIONET OpenMP doi:10.1 1552012947101
MDFA Evpemins e TURICA (a ser implementada) | M. Baroni, A De Wit, R Rosa
PETaD Python CUDA EPL (Euraphysics Letters) 82 [6),
- 2011,
GFEC_CODES |a ser implementada) | 52 0 yonmons. sorsmss0
Entropia estrutural ﬂpmli[P tadal
E+ e medidas Python | MORFOMETRYEA (a ser EE%D ;“ % | Rerrari et al arXiv:I 500056301
relacionadas ) .
[em implementagio)
OpenMP
ldentificar e \a ser implementada) L. Shamir, Ap. I, 736:141, 2011
SPIRAL quatificar C GANALYZER CUDA dni:10.1088/0004.637X 73672141
espiralidade [a ser implementada)
F . is d M. France, 2010
UnNClonals o arand
Minkowski para CRAL/WGM OpenMP | Wi Hemarsndum.
EULERCHAR Cmctﬂi.uqiu de CiC++ [a e lmle:ntldaf B HAosa et al
Padrées GFEC_CODES CUDA | Physica A, 386(z):665, 2007.
Filamentares (a ser implementada) | dei:10. 1016 physa 2007 08044




Workstation
Abax Gamma

Custo

Roegquerimentos

Servigos

Componentes
® 2 Processadores Intel Xeon Octa Core E52630v3 2.4-3.2CHZ {16 micleos
reais 32 Threads)

s | Placa-mae Supermicro X10DRG-Q
# 128 GB Memdria Kingston DDR4 KVR21R15D4/16 128GE RDIMM
# Chassis Workstation Supermicro CSE-T32D4-1200 1200Watts Platinum

# 3 Disco Seagate Darracuds 2TD SATA 11 Seagate T200RFPM o 64MDE
Buffer

» 2 Units Inte] Xeon Phi 5110P 31 MB L2 Cache PCI Express x16 245 W
SC5110P {60 Cares)

s [ntel Parullel Studio XE 2016 Professional Edition

0 custo do equipamento com ¢ de RS 84.900,00, Orcamento vilido por 21 dia.
Entrega em 60 dins. Frete Incluso,

o Requer 1200 Watts de poténcin elétricn.

» Todos os servigos de despacho e Instalagio estio inclusos neste orgumento

& Suporte téenieo por telefone e emadl 2477 por 1 ano incluindo instalacio
de pacotes (sujeito a verificagio de compatibilidade).

CGarantia Garantis Abax de 3 anos



