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São Paulo State

 Area: ~United Kingdom

 Population: ~Spain

 Economy GDP: 2x Switzerland

 Investment in S&E: 1.66% GDP (~Argentina)

UNESP (São Paulo State University)

 2nd largest (in size) among all 

Brazilian universities

 A successful model of a 

multicampus university



UNESP Center for Scientific Computing

Consolidates scientific computing resources for UNESP researchers

 HPC resources - Grid / Cloud computing paradigms

 Datacenter facility (120m2)

Users

 UNESP researchers, students, and software developers

 SPRACE (São Paulo Research and Analysis Center): HEP researchers

– São Paulo LHC/CMS Tier-2 Facility 

– Collaboration with Fermilab, CERN
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UNESP Center for Scientific Computing
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SPRACE Project

São Paulo Research and Analysis Center

 High Energy Physics (HEP) group

– Part of the CERN LHC/CMS experiment (Tier-2 class HPC cluster)

– Funded by São Paulo Research Foundation (FAPESP)

– Close collaboration with Fermilab and CERN

– Started operating in March 2004

 Physics Analysis and Monte Carlo simulation for CMS

– Physics beyond the Standard Model (extra-dimensions, dark matter)

– Heavy-ion collisions (strong interaction at high density and temperature)
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GridUNESP Project (spin-off of SPRACE)

First Campus Grid in Latin America

 Provides HPC resources to > 375 researchers

 Distributed computing infrastructure (7 distinct UNESP campi)

– one main cluster and 6 smaller, secondary systems

 > 400 compute nodes (~90 TFlops); ~300 TB high-end storage system

 Partnership with US Open Science Grid [ https://www.opensciencegrid.org/ ]

– first VO outside US

 ANSP Grid Certificate Authority operation & management

– issues X.509 digital certificates for Grid/Cloud computing & Web Services
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Intel® Parallel Computing Center @ UNESP
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 Started in November 2014

 Goal: R&D efforts to adapt HEP software tools and explore manycore

architectures

 Parallelization / vectorization of GEANT (geant.cern.ch)

– a toolkit for the simulation of the passage of particles through matter

 Broad impact

– extremely important tool for HEP and other S&E fields of socio-economic 

impact (Medical applications, space physics & Engineering)

 Partnership

– CERN Geant-V development team, Fermilab Computing Division



Intel® Modern Code Partner Program @ UNESP
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 Started in May 2015

 Goals:

– Regular parallel programming and code modernization training workshops 

using Intel hardware and Intel software development tools

– Training activities on Data Science using Intel DAAL and similar tools, 

aiming to explore confluences of HPC and Big Data

– Technical support to local developer community

 Intel MCP representative for Latin America

– https://software.intel.com/en-us/modern-code/live-workshops

 Computing resources (Xeon, KNC / KNL) fully dedicated to R&E activities

https://software.intel.com/en-us/modern-code/live-workshops


Intel® Modern Code Partner Program @ UNESP
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 Training sessions being delivered in regional events and even abroad

– Hamburg (INFIERI school), Cartagena (CCGrid’16), Porto (VecPar’16)

 Partial results (since May 2015)

– 23 training sessions delivered

– 1340 participants (350 followed hands-on activities)

 New training activity (introduced in 2016)

– Introduction to Data Science (with hands-on activities using Intel DAAL)

 Goal to the end of the 2nd year of the project (May 2017)

– Total number of training sessions: 36 (~1.5 session per month)

– Total number of participants: 1500 (~40 participants per session)
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Protein Structure Prediction (PSP)
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Protein structure prediction is a challenging task in bioinformatics

 It consists in the prediction of the three-dimensional structure of a protein from its amino 

acid sequence;

 The knowledge about the structure of a protein helps on the understanding of the 

protein's function;

Applications

 Development of new drugs,

 Design of novel enzymes,

 Projects related with the study of Genome, etc

The use of Fragment libraries is one of the strategies employed by several PSP methods.



Profrager
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[1] dos Santos, K. B., De Oliveira, R. T. R., Custodio, F. L., Dardenne, L. E. ; 'Profrager Web Server: fragment libraries generation for protein structure 

prediction'; 2015; The 16th International Conference on Bioinformatics & Computational Biology; p. 38-42; 

• Developed at the Brazilian “National Laboratory for Scientific Computing” (LNCC) –
https://www.lncc.br/sinapad/Profrager/

• Criteria to select the sequences to compose a Library is based on scores;
• Scores are obtained using 

• Substitution Matrices (e.g. Blossun62)
• Structural Databases (e.g. Protein Data Bank (PDB) )
• Secondary Structural Databases ( Geometry Databases )

• Commonly a PSP experiment will need several libraries

A tool for the generation of a fragment library from a 
database of experimentally determined  structures and 
a target protein sequence [1];



Profrager Algorithm

READ Input Files

loop 1 - loop all positions of the target sequence protein amino acid (Fasta File)

loop 2 - loop all sequence of structural database (db.db) (PDB)

createFragments()

end loop2 

sort fragments

loop 6 – print frags to output file

end loop 1
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Profrager Algorithm - createFragments

loop 3 - loop all positions of each structural database sequence

obtain score_matrix according to blossun62 matrix

create new fragment

search compatible Geometries;

loop 4 - loop all positions retrieved from compatible Geometries

obtain score_PSIPRED; 

end loop 4 

if (score_PSIPRED+score_matrix) > score min -> save frag

end loop3
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Hybrid Parallel Architectures
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Identifying Parallelization Opportunities

 Intel® Advisor XE

– Identify parallel opportunities

– Scalability prediction: amount of threads/performance gains

 Survey

– Vectorization of loops: detailed information about vectorization

– Total Time: elapsed time in each loop considering the time involved in internal loops

– Self Time: elapsed time in each loop without internal loops

 Suitability

– Speedup gains obtained parallelizing annotated loops
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Profrager Survey Data - Total Time and Self Time
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Loop 1 – T: 331 s – S: 0s

Loop 2 – T: 255 s - S: 0s

Loop 3 – T: 255 s  - S: 8s

Loop 4 – T: 36 s - S: 27s



Profrager Annotations
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Profrager Suitability Data



Profrager Optimizations

Two optimizations were developed to parallelize loop 1: [1]

 1. Using OpenMP to execute loop 1 iterations in multiple threads on Host;

 2. Using MPI to execute loop 1 iterations in multiple devices and OpenMP to 

execute iterations in multiple threads on Devices;

Offload model cannot be used because Profrager is based on C++ std::vector, 

that is not bitwise copyable.
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[1] Silvio Stanzani , Raphael Cobe, Rogério Iope, Igor Freitas, Laurent Dardenne, Fábio Custódio “Optimization of 
ProFrager, a Protein Structure and Function Prediction Tool” in https://software.intel.com/en-us/articles/optimization-
of-profrager-a-protein-structure-and-function-prediction-tool



Profrager Optimization - OpenMP

#pragma omp parallel for

loop 1 - loop all positions of protein amino acid sequence (Fasta File)

loop 2 - loop all sequence of structural database (db.db)

createFragments()

end loop2 

sort fragments

loop 6 – print frags to output file

end loop 1
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Profrager Optimization - OpenMP
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Read Input Files

Core 0 Core 1 ... Core N

Loop 1 - iterations

Xeon

Output Fragments



Profrager Optimization - MPI-OpenMP

MPI/OpenMP model

Rank 0 is mapped to host

 Performs I/O operations only

– Read Input files;

– Output fragments;

 Data Transfer among ranks using MPI_SEND and MPI_RECV

Rank 1 .. N are mapped to each device

 loop1 iterations is parallelized using OpenMP;
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If (rank == 0)

READ Input Files

mpi_send Inputfile

else

mpi_recv Inputfile

If (rank > 0)

#pragma omp parallel for

loop 1 - loop all positions of protein amino acid

sequence (Fasta File)

loop 6 – mpi_send(frags);

end loop 1

else

while mpi_recv(frags);

print frags to output file

Profrager Optimization - MPI-OpenMP
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Profrager Optimization - MPI-OpenMP
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Hardware

– Host:

– Two Intel Xeon processors with 18 cores each 

(E5-2699 v3)  total 36 physical cores

– 36 cores with Hyper-threading  72 logical 

cores

– 128 GB RAM Memory;

– Devices: four Intel Xeon Phi Cards (5110P)

– 61 physical cores - 4 Hardware threads - 228 

logical cores

– 16 GB RAM Memory

Workload

– Datasets (serial time): 

– 0820 : 7 min 19 seconds

– 0793 : 28 min 21 seconds

Tests

 Execution of a Single Profrager 

Experiment using OpenMP optimization

 Execution of multiple Profrager 

experiments using OpenMP-MPI 

optimization

 Execution of multiple Profrager 

experiments using OpenMP-MPI 

optimization and OpenMP optimization

Evaluation
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OpenMP Optimization - Execution of a Single Profrager Experiment

28

 -

 100

 200

 300

 400

 500

 600

 700

 800

 900

 1,000

2 4 6 8 10 12 14 16 18 20 22 24 26 28 30 32 34 36 38 40 42 44 46 48 50 52 54 56 58 60 62 64 66 68 70

Se
co

n
d

s

Amount of Threads

793 820

Speedup Achieved: 14x for Dataset 820 and 22x for Dataset 793.



MPI-OpenMP Optimization - Execution of multiple Profrager experiments 
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Executing four experiments of Dataset 793 on Xeon Phi is faster than 

executing one sequential experiment.
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OpenMP and MPI-OpenMP Optimization - Execution of 30 

Profrager experiments at steps

30
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Profrager Survey Data

Only one loop was automatically vectorized

32



Profrager Suitability Data - Xeon
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Profrager Suitability Data - Xeon
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Profrager Suitability Data - Xeon Phi
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MPI-OpenMP Optimization - Test 2
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Executing four experiments of Dataset 793 on Xeon Phi is faster than 

executing one sequential experiment.



37



GridUNESP Project (spin-off of SPRACE project)
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General-purpose infrastructure: 

users from distinct research fields
68+ projects, 375+ users 

(as of Oct 2016)


