
Clusters. Programai�on en ClustersAlgebra Lineal en Paralelo sobre ClustersFernando G. Tinettifernando�info.unlp.edu.arCurso de PostgradoFaultad de Inform�atia, UNLP50 y 115, 1900, La PlataArgentina2007



Clusters. Programai�on en ClustersAlgebra Lineal en Paralelo sobre ClustersUNLP - 20071. Menionar los tres problemas m�as importantes que resolvi�o utilizando omputadoras.2. Identi�ar el ontexto en el ual resolvi�o ada problema (produi�on, proyeto deinvestigai�on, proyeto de �atedra, inter�es personal).3. Indique qu�e aprendi�o de ada uno de los problemas.4. Enumere los pasos que sigui�o para resolver ada problema.5. Indique si est�a en un proyeto de investigai�on atualmente e indiar u�ales son losobjetivos a orto, mediano y largo plazo desde su punto de vista (en aso de estar en unproyeto).Nombre:Cargo-Posii�on:Universidad:
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1 IntrodutionPrograma del Curso publiadoTemas del CursoIntrodui�on.Algebra lineal: arater��stias, apliaiones, problemas l�asios.Evaluai�on de rendimiento seuenial y paralelo.Clusters: arquitetura de proesamiento paralelo.Presentai�on y an�alisis de biblioteas de software disponibles.An�alisis de los problemas y soluiones posibles para el balane de arga.Ejemplo de modelizai�on: desde un problema hasta un modelo a paralelizar.An�alisis de posibles trabajos.Levantando el nivel de abstrai�on:Soporte de sistemas operativosBiblioteas en generalAbstraiones interlusterInternet omputingGrid omputing...Shedule Original CurrentLetures Every Monday Every Day, 1 WeekPratie Written homeworks. Individual. Some Little Work. Individual.Every Moday. Conlusions. Every Day?Grading Projet. Individual. Projet. Individual.Objetives:� Linear algebra.� Parallel omputing on lusters.� Parallel algorithms analysis (on lusters).� Heterogeneity and workload balane.� Some pratie with MPI.Assumptions (should be):� Minimum algebra.� Parallel omputing.� Parallel algorithms analysis. 3
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Many algorithms proposed and used with strong emphasis on� Mathematial models to real problems.� Numerial stability, error analysis.� Performane. Well, it is not possible to avoid this...� Parallel approahes... (un)fortunately.From a Call for Papers\The use of superomputing tehnology, parallel and distributed proessing, and so-phistiated algorithms is of major importane for omputational sientists. Yet, the si-entists' goals are to solve the hallenging problems, not the software engineering tasksassoiated with it. For that reason, omputational siene and engineering must be ableto rely on dediated support from program development and analysis tools. Fousing onthis bakground, the following question must be investigated:How to support users of omputational siene and engineering during program de-velopment and analysis?"From the Basi parallel luster omputing ideas:� Parallel algorithms are not initially proposed for lusters.� Clusters have strong di�erenes with parallel omputers (?).� Algorithms should be analyzed in the ontext of parallel luster omputing.1.1 Current Computing HardwareJust another lassi�ation:
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1.2 Utilizai�on de ClustersDos (>Tres?) Grandes Areas:� High Throughput >Paralelo?� High Performane Appliations� >Desarrollo?� Server Farms >Paralelo?1.- High Throughput:� Resoure Management and Sheduling (RMS)� Motivai�on: CPUs disponibles (M. Livny)� Requerimientos{ Computadoras en red - Instituiones{ Identi�ai�on de arga de trabajo{ Meanismo de ejeui�on remota{ Meanismo de monitorizai�on{ Mantenimiento de olas de trabajos (bath){ Meanismo de anelai�on o migrai�on1.1 High Throughput - Funionamiento (CONDOR):� Manejador de olas + utilizai�on de ilos libres� Red loal monitoreada (proesamiento)� Identi�ai�on de arga (libre o on usuario)� Disparo de proesos en omputadoras libres� Migrai�on de proesos a omputadoras libres� Aeso a arhivos remotos abiertos� Apliaiones \linkeadas" y \no linkeadas"� Manejador de olas
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1.2 High Throughput - >Paralelo?� Para el que lo hae s�� lo es� Los trabajos que orren no neesariamente...� >Gang-Cosheduling?� Manejadores de olas =) CPU intensivos� Carga en la red... \suess stories"2.- High Performane:� Motivai�on{ Tienen todo: CPUs y omuniai�on entre ellas{ Costo/rendimiento (osto por Mop/s)� Pasaje de mensajes disponible{ Sokets{ PVM, MPI (ambos portables)� Muhas apliaiones ya hehas{ Estabilidad (suess stories){ Reusabilidad{ Diferentes lases-�areas2.1 High Performane - Problemas:� No todos los problemas resueltos� No todos los algoritmos son \usables"� No se onoe el grado de granularidad (muy gruesa)� A�un no hay estabilidad en desarrollo� A�un no hay estabilidad en debugging� A�un no hay muha estabilidad en terminolog��a� A�un no hay muhas osas estables, s�� hay \suess stories"
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3.- Desarrollo:� A�un en las universidades� \Ejemplo Clementina"� Clusters de Produi�on y de Desarrollo� Implia{ \No" esribir{ Debugging{ Evaluai�on de rendimiento{ Monitorizai�on-Sintonizai�on� Trabajos
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2 Linear AlgebraReasons:� Appliations and users� Bakground =) starting point� Parallel: proessing requirementsGeneral harateristis:� Matrix proessing. Matrix Computations, Golub G., C. Van Loan, 2nd Edition,The John Hopkins University Press, 1989.� Bakground =) starting point� (Huge) proessing requirements =) parallel approahesClassial Problems:� Matrix Multipliation: simple, benhmark, the best� LU Matrix Fatorization: relatively omplex, the benhmark, the problem (appli-ations)Matrix Multipliation. GivenA 2 IRm�k; aij; 1 � i � m; 1 � j � kand B 2 IRk�n; bij; 1 � i � k; 1 � j � nmatrix C = A�B; C 2 IRm�n; ij; 1 � i � m; 1 � j � nis obtained by ij = kXr=1 aikbkjLU Matrix Fatorization. Given A 2 IRn�n, �nd out two matries, L and U suh that� L 2 IRn�n is a lower triangular, unit diagonal matrix.� U 2 IRn�n is an upper triangular matrix.� A = L � U . 9



3 A Few Comments on PerformaneEvaluai�on de rendimiento: una vez que no hay errores...>C�omo funiona?>Podr��a ser m�as r�apido?>Por qu�e es importante?>C�omo evaluar��an el rendimiento? (no hay nada aqu�� a prop�osito, >eh?)M�as espe���amente:>C�omo evaluar��an el rendimiento seuenial?>C�omo evaluar��an el rendimiento paralelo?
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4 Parallel ArhiteturesClasi�ai�on de Flynn: SISD - MISD - SIMD - MIMD� >Pipeline? >Superesalares? >Arquiteturas Harvard?� >Por qu�e se onsidera que MIMD es la m�as general? Apliable a una amplia gamade problemas (al menos m�as amplia) que las dem�as arquiteturas� >Por qu�e se onsidera que MIMD es la m�as esalable? Esalabilidad: apaidad deaumentar la antidad de reursos para resolver problemas mayores (en datos y/o enproesamiento) \M�as esalable": no neesita sinronismo al nivel de lokDos lases de MIMD� Memoria ompartida (multiproesadores)
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MIMD - Multiproesadores1. Con toda la memoria ompartida y en un solo bloque� Ventajas: Sinronizai�on por aeso a memoria, Comuniai�on de proesos poraeso a memoria, "Historia" de la onurrenia: (Con. - par.).� Desventajas: t de aeso a memoria (ya es un problema on 1 proesador),Aesos simult�aneos a memoria: Memoria en banos, buses.� Tiempo de aeso a memoria: tmem + tol(fre;#pro).2. Agregando Cahe a los proesadores� Reduir los requerimientos de aeso a memoria: freuenia de aesos a lamemoria ompartida.� Problema: Falta de oherenia de memorias ahe =) Hardware (tiempo ytransparenia): protoolos de oherenia de ahe (snoop o aviso).� Tiempo de aeso: tahe + tmem + tol(fre(ahe);#pro).� SMP: aso partiular, �enfasis en el aeso a todos los reursos.3. Agregando memoria loal independiente de memoria ompartida (\loal data")� Ventaja: independenia de aesos a la memoria loal.� Desventajas: Hardware-\disriminai�on" de aesos a memoria.� Tiempo de aeso: tahe + tmeml + tmem + tol(fre(ahe;ml);#pro).4. Memoria ompartida f��siamente distribuida� SGI Origin.� La visi�on de la memoria sigue siendo �unia.� Sigue habiendo problemas on oherenia de ahes.� Tiempo de aeso: tahe + tmeml + tmemr + tol(fre(ml;mr);#pro).Las �ultimas dos son NUMA por onstrui�on, por su misma arquitetura.
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MIMD - Multiomputadoras� La red de interonexi�on omunia omputadoras o proesadores, no memoria.� La omuniai�on entre proesadores: I/O, y de heho no es aeso a memoria.� Los bloques de P/M son \onvenionales", las mayores variaiones se dan en:{ Canales o links: hardware (a vees en el proesador) para interonexi�on.� Ej1: transputers: dise~nados expl��itamente on anales.� Ej2: DSP (Digital Signal Proessors): on varios ports de I/O y analesde DMA m�as la doumentai�on neesaria para utilizarlos.{ Redes de interonexi�on de proesadores (entre los proesadores)� Est�atias: interonexiones �jas entre proesadores, veindario.� Din�amias: Conexiones pto. a pto. pueden variar en el tiempo.� Caso muy partiular de MIMD losely oupled: lusters{ Algo m�as o menos nuevo.{ Estaiones de trabajo y/o PCs onetadas a una red est�andar.4.1 Clusters omo Computadoras ParalelasCaraterizai�on y terminolog��a: \High Performane Cluster Computing (Arhiteture,Systems, and Appliations)", ISCA-2000, The 27th Annual International Symposiumon Computer Arhiteture, June 10-14, 2000, Vanouver, British Columbia, Canada,Sponsored by ACM SIGARCH, IEEE Computer Soiety TCCA.Capas - Visiones
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Carater��stias de Rendimiento� Los lusters no naen omo m�aquinas paralelas.� Las CPUs suelen ser \High Performane".� Desfasaje entre C�omputo y Comuniai�on.� LAN, WAN, MAN, SAN, diferentes objetivos.� Gran �enfasis atual en redes \ad ho" (osto).� Algoritmos: �areas nuevas, \trasladados".� Caraterizai�on de rendimiento aeptable...� Cada apa agrega su overhead.� Algunas apas no se pensaron para proesamiento paralelo.� Algunas apas para proesamiento paralelo tienen m�as overhead del aeptable.� Las apas dan una visi�on, no rendimiento.� Overhead =) Aumentar Granularidad.� Heterogeneidad =) Apliaiones \aware".4.2 Clusters Parallel PerformaneClusters hardware: omputers (PCs and/or workstations) and interonnetion network.Interonnetion network: LAN, Ethernet.
Hubs: failures
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Swithes: performane
Clusters as parallel omputers:� Computing Nodes Performane{ Sequential: very good{ Relative: homogeneous and heterogeneous.� Interonnetion Network Performane{ Ethernet: startup and bandwidth{ Standard Ethernet: bus based (CSMA/CD){ Swithed Ethernet: swithing does not redue startup.� Parallel Programming Model{ Shared Memory{ Message Passing� Parallel Proessing Model{ SPMD{ Other/s4.2.1 Computing Nodes PerformaneHomogeneous nodes =) no new problems.Heterogeneous nodes =) two added tasks:� Spei� performane measures� Proessing workload balaneSpei� Performane Measures1) Spei� programs: the same kind of proessing but saled to one proessor/node.This does not mean the parallel program with only one task.2) General benhmarks: generalization =) ?15



Linear algebra: given P omputers, ompi, 0 � i � P � 1, Mflop=s(ompi), relativeomputing power, rp(ompi),rp(ompi) = rpi = Mflop=s(ompi)maxj=0:::P�1(Mflop=s(ompj ))Normalized omputing power, np(ompi)np(ompi) = npi = Mflop=s(ompi)PP�1j=0 (Mflop=s(ompj ))where 0 < npi < 1P�1Xi=0 (npi) = 1Proessing Workload BalaneThere are many ways: \automati", dynami and stati proessing workload balane.Master-slave ould be onsidered automati proessing workload balane. Dynami pro-essing workload balane is relatively justi�ed on \unknown" data-dependent systems.Stati proessing workload balane is strongly \suggested" for linear algebra operationsand methods.Note the relationship among: number of oating points operations and npi as de�nedabove. Some questions:� And blok proessing? (remember op ount is from sequential and mathematiallyde�ned operation or method).� What about iterative methods (used on general sparse linear systems)? These meth-ods end when omputed solution is lose enough to the real solution (onvergene).4.2.2 Interonnetion Network PerformaneStandard parameters/indexes: Lateny (or startup) and Bandwidth (or data rate). Mod-eling message time: t(n) = �+ �nwhere n is the number of data items, � is the lateny, and � is bndw�1 where bndw is thedata bandwidth. Usually, lateny and bandwidth are found experimentally.If lateny is not taken into aount, � is the total ost (in time) per data item (andfor short messages � is distributed on the data items), i.e.t(n) = �nwhih is almost true when n is large enough (�� �n).LatenyAording to literature, on 100 Mb/s Ethernet the measured lateny is about 0,5 ms.On omputers with 1 Gop/s (109 oating point operations per seond) this meansflxlat = 109 � 5 � 10�4 = 5� 105 = 50000016



i.e. waiting for any message ompletion implies a time equivalent to 500000 oating pointoperations. The main problem: lateny is almost onstant and omputer performane isenhaned eah year (Moore's Law).BandwidthBandwidth is given in number of data items per seond, e.g. 100 Mb/s (100 x 106bits per seond). The time taken to transmit a single data item is easily alulated as �.Even when � is assumed to be the ost per data item, for small enough messages (n), theost per data item is, in fat, �n + �beause t(n) = n��n + ��and limn!1��n + �� = �Sometimes it is useful to know the message length for whih half the data bandwidth isobtained (n1=2).Lateny-Bandwidth LawGiven an interonnetion network, adding hardware (NIC: Network Interfae Card)impliesmultiplying bandwidth, but lateny is onstant (in the best ase) or worse (drivers-routers omplexity).Ethernet Hardware-CablingPerformane in bus based abling (old oaxial able and hubs) is strongly inuened bythe CSMA/CD (Carrier Sense-Multiple Aess/Collision Detet) protool. Simultaneousommuniations are arried out sequentially: random order and penalized performane.Swithed Ethernet: just adding Ethernet swithes. Swithed Ethernet works most ofthe time as a standard dynami interonnetion network. Some issues:� Performane: multiple point-to-point operations without restritions: pairs of om-puters, performane, and time (ollisions are not avoided and are solved as in thestandard Ethernet).� Cost (by 2003-2004). 8 omputers: as a hub. 9 to 24 omputers: as three hubs.More than 24: depends... Hint: swithing ost grows more than linear.� Casades: diÆult to model performane.
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5 LAPACKFrom LAPACK Homepage http://www.netlib.org/lapak/\LAPACK is written in Fortran77 and provides routines for solving systems of si-multaneous linear equations, least-squares solutions of linear systems of equations, eigen-value problems, and singular value problems. The assoiated matrix fatorizations (LU,Cholesky, QR, SVD, Shur, generalized Shur) are also provided, as are related ompu-tations suh as reordering of the Shur fatorizations and estimating ondition numbers.Dense and banded matries are handled, but not general sparse matries. In all areas,similar funtionality is provided for real and omplex matries, in both single and doublepreision."\The original goal of the LAPACK projet was to make the widely used EISPACKand LINPACK libraries run eÆiently on shared-memory vetor and parallel proessors."\LAPACK routines are written so that as muh as possible of the omputation isperformed by alls to the Basi Linear Algebra Subprograms (BLAS). While LINPACKand EISPACK are based on the vetor operations kernels of the Level 1 BLAS, LAPACKwas designed at the outset to exploit the L3 BLAS"Aknowledgements: ... NSF Grant ... DOE Grant ...
LAPACK
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Problems

Appl ications

Implementation

Optimization

L1  L2  L3From LINPACK Homepage http://www.netlib.org/linpak/\LINPACK is a olletion of Fortran subroutines that analyze and solve linear equa-tions and linear least-squares problems. The pakage solves linear systems whose ma-tries are general, banded, symmetri inde�nite, symmetri positive de�nite, triangular,and tridiagonal square. In addition, the pakage omputes the QR and singular valuedeompositions of retangular matries and applies them to least-squares problems."From EISPACK Homepage http://www.netlib.org/eispak/\EISPACK is a olletion of Fortran subroutines that ompute the eigenvalues andeigenvetors of nine lasses of matries: omplex general, omplex Hermitian, real general,real symmetri, real symmetri banded, real symmetri tridiagonal, speial real tridiago-nal, generalized real, and generalized real symmetrimaties. In addition, two routines areinluded that use singular value deomposition to solve ertain least-squares problems."Finally, there are a lot of funtions (well, subroutines...), eah one with a lot of parameters.Classi�ations (from LAPACK doumentation):� driver routines, eah of whih solves a omplete problem, for example solving asystem of linear equations, or omputing the eigenvalues of a real symmetrimatrix.Users are reommended to use a driver routine if there is one that meets theirrequirements. 18



� omputational routines, eah of whih performs a distint omputational task, forexample an LU fatorization, or the redution of a real symmetri matrix to tridi-agonal form. Eah driver routine alls a sequene of omputational routines. Users(espeially software developers) may need to all omputational routines diretly toperform tasks, or sequenes of tasks, that annot onveniently be performed by thedriver routines.� Auxiliary routines, whih in turn an be lassi�ed as follows:{ routines that perform subtasks of blok algorithms { in partiular, routinesthat implement unbloked versions of the algorithms;{ routines that perform some ommonly required low-level omputations, for ex-ample saling a matrix, omputing a matrix-norm, or generating an elementaryHouseholder matrix; some of these may be of interest to numerial analysts orsoftware developers and ould be onsidered for future additions to the BLAS;{ a few extensions to the BLAS, suh as routines for applying omplex planerotations, or matrix-vetor operations involving omplex symmetri matries(the BLAS themselves are not part of LAPACK).i.e. (approx.)
LAPACK Routines

Driver

Computational
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Linear Systems

Least Squares

Eigens

Problem Oriented

Factorizations

Block−Subtasks

Low−LevelWhat are the \important" routines? Well, it depends...� \...the sientists' goals are to solve the hallenging problems..." ) Driver.� Performane) Computational. Our work! (?).19



Summarizing LAPACK soures and doumentation
LAPACK Documentation − Sources

Homepage wi th software LAPACK User’s Guide

Hardcopy Book HTML BookAnd \lawns" (LAPACK Working Note/s) and A LOT of papers.
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6 BLASFrom LAPACK Homepage http://www.netlib.org/lapak/\LAPACK routines are written so that as muh as possible of the omputation isperformed by alls to the Basi Linear Algebra Subprograms (BLAS). While LINPACKand EISPACK are based on the vetor operations kernels of the Level 1 BLAS, LAPACKwas designed at the outset to exploit the L3 BLAS { a set of spei�ations for FORTRANsubprograms that do various types of matrix multipliation and the solution of triangularsystems with multiple right-hand sides"Finally, almost everything is written in terms of the BLAS and most of the whole perfor-mane depends on the L3 BLAS performane.From BLAS Homepage http://www.netlib.org/blas/\This material is based upon work supported by the National Siene Foundationunder Grant No. ASC-9313958 and DOE Grant No. DE-FG03-94ER25219. Any opinions,�ndings and onlusions or reommendations expressed in this material are those of theauthor(s) and do not neessarily reet the views of the National Siene Foundation(NSF) or the Department of Energy (DOE)."So??? ok, information is on its FAQ:1.1) What are the BLAS?1.2) Publiations/referenes for the BLAS?1.3) Is there a Quik Referene Guide to the BLAS available?1.4) Are optimized BLAS libraries available?1.5) What is ATLAS?1.6) Where an I �nd vendor supplied BLAS?1.7) Where an I �nd the Intel BLAS for Linux?1.8) Where an I �nd Java BLAS?1.9) Is there a C interfae to the BLAS?1.10) Are prebuilt Fortran77 ref implementation BLAS libraries available from Netlib?What kind of operations are inluded? Every operation is inluded in one \Level", asdesribed in the next setion.6.1 BLAS LevelsSubroutines inluded in BLAS are lassi�ed aording to its requirements of memory andoating point operations. Assuming� � and � are salars.� x and y are n-elements vetors.� A, B, and C are square matries with n� n elements.The BLAS are divided in three levels:� Level 1 or L1 BLAS: routines making operations among vetors, thus with aess toO(n) data and number of oating point operations also O(n), suh as y = �x + y.21



� Level 2 or L2 BLAS: routines making operations among vetors and matries, thuswith aess to O(n2) data and number of oating point operations also O(n2), suhas y = �Ax+ �y.� Level 3 or L3 BLAS: routines making operations among matries, thus with aess toO(n2) data and number of oating point operations O(n3), suh as C = �AB+�C.Summaryzing:
BLAS

Level  1

Level  2

Level  3

O(n) data

O(n) f lops

O(n2) data

O(n2) f lops

O(n2) data

O(n3) f lopswhere ops: \number of oating point operations". Note that� L1 and L2: 1 op per aess.� L3: n ops per aess. !And this is why\Finally, almost everything is written in terms of the BLAS and most of the wholeperformane depends on the L3 BLAS performane."6.2 Level 3 BLASGiven that \...most of the whole performane depends on the L3 BLAS performane" itis worth analyzing L3 BLAS in deeper detail. The subroutines de�ned in this level are:1) \General" Matrix Multipliation, or matrix multipliation with \general" matries( GEMM) C  � Op(A) Op(B) + � Cwhere A, B, and C are matries, � and � are salars, and Op(X) may be X, XT or XH .2) Matrix multipliation involving a symmetri or Hermitian matrix ( SYMM or HEMM)C  �AB + �C or C  �BA+ �Cwhere matrix A is symmetri ( SYMM) or Hermitian ( HEMM) and is multiplied at leftor right of matrix B depending upon a parameter.22



3) Matrix multipliation involving a triangular matrix ( TRMM)B  �Op(A)B or B  �BOp(A)where matrix A is triangular, Op(X) may be X, XT or XH , and Op(A) is multiplied atleft or right of matrix B depending upon a parameter.4) Rank-k update of a symmetri or Hermitian matrix ( SYRK or HERK)C  �AOp(A) + �C or C  �Op(A)A + �Cwhere matrix A is symmetri ( SYRK) or Hermitian ( HERK), if A is symmetri thenOp(A) = AT and Op(A) = AH otherwise, and A is multiplied at left or right of matrix Bdepending upon a parameter.5) Rank-2k update of a symmetri or Hermitian matrix ( SYR2K or HER2K)C  �AOp(B) + �BOp(A) + �C or C  �Op(A)B + �Op(B)A+ �Cwhereif matrix C is symmetri ( SYR2K) then Op(X) = XT and � 2 IR, thus � = �,if matrix C is Hermitian ( HER2K) then Op(X) = XH ,and A is multiplied at left or right of matrix B depending upon a parameter.6) Solution of triangular systems of equations with multiple right-hand sides ( TRSM)B  �Op(A)B or B  �BOp(A)where matrix A is lower or upper triangular (eventually with unit diagonal), Op(A) maybe A�1, A�T or A�H, and Op(A) is multiplied at left or right of matrix B depending upona parameter.6.3 Wait, Wait, What about Matrix Multipliation?Good question, beause
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MultiplicationWell, from GEMM to XXR2K -items 1) to 5) in the previous enumeration of L3 BLASdesription- subroutines are basially matrix multipliations. How are related solutionsof triangular systems of equations to matrix multipliations?K�agstr�om B., P. Ling, C. Van Loan, \Portable High-Performane GEMM-based Level3 BLAS", R. F. Sinove et al., Editor, Parallel Proessing for Sienti� Computing,Philadelphia, 1993, SIAM, pp. 339- 346. 23
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Thus, C1 = T11X1 (1)C2 = T21X1 + T22X2 (2)C3 = T31X1 + T32X2 + T33X3 (3)or T11X1 = C1T21X1 + T22X2 = C2T31X1 + T32X2 + T33X3 = C3And? Solving Eq.(1) X1 = T�111 C1 (4)It is possible to use X1 in Eq.(2) C2 � T21X1 = T22X2 (5)beause C2 � T21X1 is known given X1. Now, solving Eq.(5),X2 = T�122 (C2 � T21X1) (6)it is possible to use X1 and X2 in Eq.(3)C3 � T31X1 � T32X2 = T33X3 (7)whih is solved easily as X3 = T�133 (C3 � T31X1 � T32X2) (8)24



Otherwise, one X1 is obtained as shown in Eq.(4), it is possible to de�neC2 � T21X1 = T22X2 (9)C3 � T31X1 = T32X2 + T33X3 (10)whih is solved using the same proedure and, also, has two simultaneous matrix multi-pliations, i.e. C2 C2 � T21X1C3 C3 � T31X1Ups! It's just like the GEMM already de�ned...C  � Op(A) Op(B) + � CDo you see the relationship?...Note: expressions like T�111 C1 do not imply �nding out an inverse matrix expliitly, butsolving a system of equations with multiple right-hand sides (only unknown values areneessary, not the inverse matrix).6.4 Matrix Multipliation, L3 BLAS and PerformaneGiven that \...most of the whole performane depends on the L3 BLAS performane" andeverything in L3 BLAS may be GEMM-based, the BIG question is:Matrix multipliation performane is the whole performane to be obtained by theappliations?By the way: What about parallel performane? And parallel performane on lusters?

25



7 Examples from LAPACK and (L3) BLASFrom LAPACK man pages:SGETRF(l) ) SGETRF(l)NAME SGETRF - ompute an LU fatorization of a general M-by-Nmatrix A using partial pivoting with row interhangesSYNOPSISSUBROUTINE SGETRF( M, N, A, LDA, IPIV, INFO )INTEGER INFO, LDA, M, NINTEGER IPIV( * )REAL A( LDA, * )PURPOSESGETRF omputes an LU fatorization of a general M-by-Nmatrix A using partial pivoting with row interhanges.The fatorization has the formA = P * L * Uwhere P is a permutation matrix, L is lower triangularwith unit diagonal elements (lower trapezoidal if m > n),and U is upper triangular (upper trapezoidal if m < n).This is the right-looking Level 3 BLAS version of thealgorithm.ARGUMENTSM (input) INTEGERThe number of rows of the matrix A. M >= 0.N (input) INTEGERThe number of olumns of the matrix A. N >= 0.A (input/output) REAL array, dimension (LDA,N)On entry, the M-by-N matrix to be fatored. Onexit, the fators L and U from the fatorization A= P*L*U; the unit diagonal elements of L are notstored.LDA (input) INTEGERThe leading dimension of the array A. LDA >=26



max(1,M).IPIV (output) INTEGER array, dimension (min(M,N))The pivot indies; for 1 <= i <= min(M,N), row iof the matrix was interhanged with row IPIV(i).INFO (output) INTEGER= 0: suessful exit< 0: if INFO = -i, the i-th argument had an illegal value> 0: if INFO = i, U(i,i) is exatly zero. Thefatorization has been ompleted, but the fator Uis exatly singular, and division by zero willour if it is used to solve a system of equations.LAPACK version 3.0 15 June 2000 SGETRF(l)Two details: LDA and REAL A( LDA, * ). Well... the third detail: name? From LAPACKonline doumentation:Naming ShemeThe name of eah LAPACK routine is a oded spei�ation of its funtion (within thevery tight limits of standard Fortran 77 6-harater names).All driver and omputational routines have names of the form XYYZZZ, where for somedriver routines the 6th harater is blank.The �rst letter, X, indiates the data type as follows:S REALD DOUBLE PRECISIONC COMPLEXZ COMPLEX*16 or DOUBLE COMPLEXWhen we wish to refer to a LAPACK routine generially, regardless of data type, wereplae the �rst letter by \x". Thus xGESV refers to any or all of the routines SGESV,CGESV, DGESV and ZGESV.The next two letters, YY, indiate the type of matrix (or of the most signi�ant matrix).Most of these two-letter odes apply to both real and omplex matries; a few applyspei�ally to one or the other, as indiated in Table 2.1.Table 2.1: Matrix types in the LAPACK naming shemeBD bidiagonalDI diagonalGB general bandGE general (i.e., unsymmetri, in some ases retangular)GG general matries, generalized problem (i.e., a pair of general matries)GT general tridiagonalHB (omplex) Hermitian bandHE (omplex) Hermitian 27



HG upper Hessenberg matrix, generalized problem (i.e a Hessenberg and a triangularmatrix)HP (omplex) Hermitian, paked storageHS upper HessenbergOP (real) orthogonal, paked storageOR (real) orthogonalPB symmetri or Hermitian positive de�nite bandPO symmetri or Hermitian positive de�nitePP symmetri or Hermitian positive de�nite, paked storagePT symmetri or Hermitian positive de�nite tridiagonalSB (real) symmetri bandSP symmetri, paked storageST (real) symmetri tridiagonalSY symmetriTB triangular bandTG triangular matries, generalized problem (i.e., a pair of triangular matries)TP triangular, paked storageTR triangular (or in some ases quasi-triangular)TZ trapezoidalUN (omplex) unitaryUP (omplex) unitary, paked storageWhen we wish to refer to a lass of routines that performs the same funtion on di�erenttypes of matries, we replae the �rst three letters by \xyy". Thus xyySVX refers to allthe expert driver routines for systems of linear equations that are listed in Table 2.2.The last three letters ZZZ indiate the omputation performed. Their meanings will beexplained in Setion 2.4. For example, SGEBRD is a single preision routine that performsa bidiagonal redution (BRD) of a real general matrix.The names of auxiliary routines follow a similar sheme exept that the 2nd and 3rdharaters YY are usually LA (for example, SLASCL or CLARFG). There are two kindsof exeption. Auxiliary routines that implement an unbloked version of a blok algorithmhave similar names to the routines that perform the blok algorithm, with the sixthharater being \2" (for example, SGETF2 is the unbloked version of SGETRF). A fewroutines that may be regarded as extensions to the BLAS are named aording to theBLAS naming shemes (for example, CROT, CSYR).And, �nally, on \Setion 2.4"xyyTRF: fatorize (obviously not needed for triangular matries);
28



From BLAS man pages:SGEMM(l) BLAS routine SGEMM(l)NAME SGEMM - perform one of the matrix-matrix operations C :=alpha*op( A )*op( B ) + beta*C,SYNOPSISSUBROUTINE SGEMM ( TRANSA, TRANSB, M, N, K, ALPHA, A, LDA,B, LDB, BETA, C, LDC )CHARACTER*1 TRANSA, TRANSBINTEGER M, N, K, LDA, LDB, LDCREAL ALPHA, BETAREAL A( LDA, * ), B( LDB, * ), C( LDC, * )PURPOSESGEMM performs one of the matrix-matrix operationswhere op( X ) is one ofop( X ) = X or op( X ) = X',alpha and beta are salars, and A, B and C are matries,with op( A ) an m by k matrix, op( B ) a k by n matrixand C an m by n matrix.PARAMETERSTRANSA - CHARACTER*1. On entry, TRANSA speifies the formof op( A ) to be used in the matrix multipliation as follows:TRANSA = 'N' or 'n', op( A ) = A.TRANSA = 'T' or 't', op( A ) = A'.TRANSA = 'C' or '', op( A ) = A'.Unhanged on exit.TRANSB - CHARACTER*1. On entry, TRANSB speifies the formof op( B ) to be used in the matrix multipliation as fol29



lows:TRANSB = 'N' or 'n', op( B ) = B.TRANSB = 'T' or 't', op( B ) = B'.TRANSB = 'C' or '', op( B ) = B'.Unhanged on exit.M - INTEGER.On entry, M speifies the number of rows ofthe matrix op( A ) and of the matrix C. Mmust be at least zero. Unhanged on exit.N - INTEGER.On entry, N speifies the number of olumns ofthe matrix op( B ) and the number of olumns of thematrix C. N must be at least zero. Unhanged onexit.K - INTEGER.On entry, K speifies the number of olumns ofthe matrix op( A ) and the number of rows of thematrix op( B ). K must be at least zero.Unhanged on exit.ALPHA - REAL .On entry, ALPHA speifies the salar alpha.Unhanged on exit.A - REAL array of DIMENSION ( LDA, ka ),where ka isk when TRANSA = 'N' or 'n', and is m otherwise. Before entry with TRANSA = 'N' or 'n', theleading m by k part of the array A must ontainthe matrix A, otherwise the leading k by m partof the array A must ontain the matrix A.Unhanged on exit.LDA - INTEGER.On entry, LDA speifies the first dimension of A asdelared in the alling (sub) program. When TRANSA= 'N' or 'n' then LDA must be at least max( 1, m), otherwise LDA must be at least max( 1, k ).Unhanged on exit.B - REAL array of DIMENSION ( LDB, kb ),30



where kb isn when TRANSB = 'N' or 'n', and is k otherwise. Before entry with TRANSB = 'N' or 'n', theleading k by n part of the array B must ontainthe matrix B, otherwise the leading n by k partof the array B must ontain the matrix B.Unhanged on exit.LDB - INTEGER.On entry, LDB speifies the first dimension of B asdelared in the alling (sub) program. When TRANSB= 'N' or 'n' then LDB must be at least max( 1, k), otherwise LDB must be at least max( 1, n ).Unhanged on exit.BETA - REAL .On entry, BETA speifies the salar beta. WhenBETA is supplied as zero then C need not be set oninput. Unhanged on exit.C - REAL array of DIMENSION ( LDC, n ).Before entry, the leading m by n part of thearray C must ontain the matrix C, exept whenbeta is zero, in whih ase C need not be set onentry. On exit, the array C is overwritten bythe m by n matrix ( alpha*op( A )*op( B ) +beta*C ).LDC - INTEGER.On entry, LDC speifies the first dimension of C asdelared in the alling (sub) program. LDCmust be at least max( 1, m ). Unhanged onexit.Level 3 Blas routine.-- Written on 8-February-1989. Jak Dongarra,Argonne National Laboratory. Iain Duff, AERE Harwell. Jeremy Du Croz, Numerial Algorithms GroupLtd. Sven Hammarling, Numerial Algorithms GroupLtd.BLAS routine 16 Otober 1992 SGEMM(l)31



8 A Step Forward: SaLAPACKFrom SaLAPACK homepage http://www.netlib.org/salapak\The SaLAPACK projet was a ollaborative e�ort involving several institutions:� Oak Ridge National Laboratory� Rie University� University of California, Berkeley� University of California, Los Angeles� University of Illinois� University of Tennessee, Knoxvilleand omprised four omponents:� dense and band matrix software (SaLAPACK)� large sparse eigenvalue software (PARPACK and ARPACK)� sparse diret systems software (CAPSS and MFACT)� preonditioners for large sparse iterative solvers (ParPre)Funding for this e�ort ame in part from DARPA, DOE, NSF, and CRPC."From SaLAPACK (again) homepage http://www.netlib.org/salapak/salapak home(ok, it is some onfusing)\The SaLAPACK (or Salable LAPACK) library inludes a subset of LAPACK routinesredesigned for distributed memory MIMD parallel omputers. It is urrently writtenin a Single-Program-Multiple-Data style using expliit message passing for interproes-sor ommuniation. It assumes matries are laid out in a two-dimensional blok ylideomposition."This �rst paragraph has a lot of information:� Subset of LAPACK routines.� Distributed memory MIMD parallel omputers.� SPMD.� Expliit message passing.� Matries data distribution!Most of the doumentation (and muh of the ode) is like LAPACK. In fat, the \graphialview" of the SaLAPACK soures and doumentation is32



ScaLAPACK Documentation − Sources

Homepage wi th software ScaLAPACK User’s Guide

Hardcopy Book HTML BookAnd some \lawns" (LAPACK Working Note/s) and A LOT of papers.The oÆial relationship among SaLAPACK, LAPACK and BLAS is shown in the SaLA-PACK homepage, whih an be summarized as
ScaLAPACK

  PBLAS

 BLAS BLACSAdded by SaLAPACK� PBLAS.� BLACS.A little introdution to \...two-dimensional blok yli deomposition..." Having a matrixand a 2-Dimensional array of proessors:
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67Reason: matrix fatorization algorithms. Why does matrix distribution beomes visibleto the user?What about an example?PSGETRF(l) ) PSGETRF(l)NAME PSGETRF - ompute an LU fatorization of a general M-by-Ndistributed matrix sub( A ) = (IA:IA+M-1,JA:JA+N-1) usingpartial pivoting with row interhangesSYNOPSISSUBROUTINE PSGETRF( M, N, A, IA, JA, DESCA, IPIV, INFO )INTEGER IA, INFO, JA, M, NINTEGER DESCA( * ), IPIV( * )REAL A( * )PURPOSEPSGETRF omputes an LU fatorization of a general M-by-Ndistributed matrix sub( A ) = (IA:IA+M-1,JA:JA+N-1) usingpartial pivoting with row interhanges. The fatorizationhas the form sub( A ) = P * L * U, where P is a permutation matrix, L is lower triangular with unit diagonal ele-ments (lower trapezoidal if m > n), and U is upper triangular (upper trapezoidal if m < n). L and U are stored insub( A ).This is the right-looking Parallel Level 3 BLAS version ofthe algorithm. 34



Notes=====Eah global data objet is desribed by an assoiateddesription vetor. This vetor stores the informationrequired to establish the mapping between an objet element and its orresponding proess and memory loation.Let A be a generi term for any 2D blok ylily distributed array. Suh a global array has an assoiateddesription vetor DESCA. In the following omments, theharater _ should be read as "of the global array".NOTATION STORED IN EXPLANATION--------------- ---------------------------------------------------- DTYPE_A(global)DESCA( DTYPE_ )The desriptor type. In this ase,DTYPE_A = 1.CTXT_A (global) DESCA( CTXT_ ) The BLACS ontext handle,indiating the BLACS proess grid A isdistribu- ted over. The ontextitself is glo- bal, but the handle (theinteger value) may vary.M_A (global) DESCA( M_ ) The number of rows in theglobal array A.N_A (global) DESCA( N_ ) The number of olumns inthe global array A.MB_A (global) DESCA( MB_ ) The bloking fator used todistribute the rows of the array.NB_A (global) DESCA( NB_ ) The bloking fator used todistribute the olumns of the array.RSRC_A (global) DESCA( RSRC_ ) The proess row over whihthe first row of the array A is distributed. CSRC_A (global) DESCA( CSRC_ ) The proess olumn over whih the first olumn of the array Ais distributed.LLD_A (loal) DESCA( LLD_ ) The leading dimension of35



the loal array. LLD_A >=MAX(1,LOCr(M_A)).Let K be the number of rows or olumns of a distributedmatrix, and assume that its proess grid has dimension p xq.LOCr( K ) denotes the number of elements of K that a proess would reeive if K were distributed over the p proesses of its proess olumn.Similarly, LOC( K ) denotes the number of elements of Kthat a proess would reeive if K were distributed overthe q proesses of its proess row.The values of LOCr() and LOC() may be determined via aall to the SaLAPACK tool funtion, NUMROC:LOCr( M ) = NUMROC( M, MB_A, MYROW, RSRC_A, NPROW), LOC( N ) = NUMROC( N, NB_A, MYCOL, CSRC_A, NPCOL). An upper bound for these quantities may be omputedby: LOCr( M ) <= eil( eil(M/MB_A)/NPROW )*MB_ALOC( N ) <= eil( eil(N/NB_A)/NPCOL )*NB_AThis routine requires square blok deomposition ( MB_A =NB_A ).ARGUMENTSM (global input) INTEGERThe number of rows to be operated on, i.e. thenumber of rows of the distributed submatrix sub( A). M >= 0.N (global input) INTEGERThe number of olumns to be operated on, i.e. thenumber of olumns of the distributed submatrixsub( A ). N >= 0.A (loal input/loal output) REAL pointer into theloal memory to an array of dimension (LLD_A,LOC(JA+N-1)). On entry, this array ontains theloal piees of the M-by-N distributed matrix sub(A ) to be fatored. On exit, this array ontainsthe loal piees of the fators L and U from thefatorization sub( A ) = P*L*U; the unit diagonalele- ments of L are not stored.IA (global input) INTEGER36



The row index in the global array A indiating thefirst row of sub( A ).JA (global input) INTEGERThe olumn index in the global array A indiatingthe first olumn of sub( A ).DESCA (global and loal input) INTEGER array of dimension DLEN_.The array desriptor for the distributed matrix A.IPIV (loal output) INTEGER array, dimension (LOCr(M_A)+MB_A )This array ontains the pivoting information.IPIV(i) -> The global row loal row i was swappedwith. This array is tied to the distributedmatrix A.INFO (global output) INTEGER= 0: suessful exit< 0: If the i-th argument is an array and the j-entry had an illegal value, then INFO =-(i*100+j), if the i-th argument is a salar andhad an illegal value, then INFO = -i. > 0: IfINFO = K, U(IA+K-1,JA+K-1) is exatly zero. Thefatorization has been ompleted, but the fator Uis exatly singular, and division by zero willour if it is used to solve a system of equations.SaLAPACK version 1.7 13 August 2001 PSGETRF(l)
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9 Spei� Algorithms for Simple OperationsFirst: there are not omplex operations. However, the simplest (and most important?):matrix multipliation. Given A 2 IRm�kand B 2 IRk�nwhere the elements of matrix A are denoted asaij; 1 � i � m; 1 � j � kand the elements of matrix B are denoted asbij; 1 � i � k; 1 � j � nmatrix C 2 IRm�nwith elements denoted as ij; 1 � i � m; 1 � j � nfrom the multipliation C = A�Bis de�ned by ij = kXr=1 aikbkjIf m = n = k, the number of oating point operations is O(n3). Furthermore, the exatnumber of oating point operations, flopsMM , isflopsMM = 2n3 � n2having square matries of order n. The general parallel matrix multipliation algorithms:� For multiproessors (shared memory parallel omputers).� For multiomputers (distributed memory parallel omputers).� For Clusters!9.1 Matrix Multipliation on MultiproessorsThe simplest
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With reursion
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Addition B
10

mat_mul(A, B, C, s) /* C = A×B */
/* A, B: operands */
/* C   : result */
/* s   : matrices (square) size */
{
   if (sequential multiplication)
   {
      C = A×B;
   }
   else
   {
      mat_mul(A

00
, B

00
, C0

00
, s/2);   /* (1) */

      mat_mul(A
01
, B

10
, C1

00
, s/2);   /* (2) */

      mat_mul(A
00
, B

01
, C0

01
, s/2);   /* (3) */

      mat_mul(A
01
, B

11
, C1

01
, s/2);   /* (4) */

      mat_mul(A
10
, B

00
, C0

10
, s/2);   /* (5) */

      mat_mul(A
11
, B

10
, C1

10
, s/2);   /* (6) */

      mat_mul(A
10
, B

01
, C0

11
, s/2);   /* (7) */

      mat_mul(A
11
, B

11
, C1

11
, s/2);   /* (8) */

   }
   C

00
 = C0

00
 + C1

00
;

   C
01
 = C0

01
 + C1

01
;

   C
10
 = C0

10
 + C1

10
;

   C
11
 = C0

11
 + C1

11
;

}Is C00 = C000 + C100?C00 C0100 01 02 0310 11 12 1320 21 22 2330 31 32 33C10 C11 = A00 A01a00 a01 a02 a03a10 a11 a12 a13a20 a21 a22 a23a30 a31 a32 a33A10 A11 x B00 B01b00 b01 b02 b03b10 b11 b12 b13b20 b21 b22 b23b30 b31 b32 b33B10 B1139



C000 = A00 x B00C100 = A01 x B10C000 = a00b00 + a01b10 a00b01 + a01b11a10b00 + a11b10 a10b01 + a11b11C100 = a02b20 + a03b30 a02b21 + a03b31a12b20 + a13b30 a12b21 + a13b31Thus, C000 + C100a00b00 + a01b10 + a02b20 + a03b30 a00b01 + a01b11 + a02b21 + a03b31a10b00 + a11b10 + a12b20 + a13b30 a10b01 + a11b11 + a12b21 + a13b31Important: this is blok proessing.Avoiding extra memory requirements and inluding data dependene
mat_mul_sum(A, B, C, s) /* C = A×B + C */
/* A, B: operands */
/* C   : result */
/* s   : matrices (square) size */
{
   if (sequential multiplication)
   {
      C = A×B + C;
   }
   else
   {
      mat_mul_sum(A

00
, B

00
, C

00
, s/2);   /* (1) */

      mat_mul_sum(A
01
, B

10
, C

00
, s/2);   /* (2) */

      mat_mul_sum(A
00
, B

01
, C

01
, s/2);   /* (3) */

      mat_mul_sum(A
01
, B

11
, C

01
, s/2);   /* (4) */

      mat_mul_sum(A
10
, B

00
, C

10
, s/2);   /* (5) */

      mat_mul_sum(A
11
, B

10
, C

10
, s/2);   /* (6) */

      mat_mul_sum(A
10
, B

01
, C

11
, s/2);   /* (7) */

      mat_mul_sum(A
11
, B

11
, C

11
, s/2);   /* (8) */

   }
}Strassen's Method (works? op ount?)
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9.2 Matrix Multipliation on MultiomputersOn distributed memory parallel omputers: basially Cannon & Fox. However,
a

02

a
21

a
10

a
01

a
22

a
11

a
00

a
20

a
12

b
20

b
12

b
01

b
11

b
10

b
02

b
00

b
22

c
00

c
01

c
02

c
10

c
11

c
12

c
20

c
21

c
22

Cycle delay

Processing element

b
21

The most ommon interproessor network

41



Cannon: reloation and shifts
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Three dimensions and more: DNS (data repliation)
   a) Processors identification.           b) Distribution of columns of A.        c) Broadcast by Planes.
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(2) Fousing on stati interonnetion networks (lassial on traditional multiomputers),broadasts are not easily implemented (poor performane is expeted a priori). Broadastsare transformed into (and the whole algorithm) multiple and pipelined point-to-pointmessages through the ring of olumns or rows.
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10 Trabajos, Areas AbiertasPara Empezar por alguna parte, material introdutorio:� Anderson T., D. Culler, D. Patterson, and the NOW Team, \A Case for Networksof Workstations: NOW", IEEE Miro, Feb. 1995.� R. Buyya Ed., High Performane Cluster Computing: Arhitetures and Systems,Vol. 1, Prentie-Hall, Upper Saddle River, NJ, USA, 1999.� R. Buyya Ed., High Performane Cluster Computing: Programming an Applia-tions, Vol. 2, Prentie-Hall, Upper Saddle River, NJ, USA, 1999.Espe���amente para los trabajos �nales del urso:� Los que ya tienen proyeto de proesamiento paralelo/distribuido que involuralusters: dimensionar un subproyeto.� En todos los asos: un subproyeto. Algo que funione y que se pueda medir/evaluardesde alg�un punto de vista.� Areas abiertas de investigai�on.10.1 PosibilidadesVarios niveles de abstrai�on/omplejidad en varios niveles de los lusters omo omputa-doras paralelas:
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� A nivel de RMS: Condor, manejadores de olas, sistemas operativos \para lusters",et.� A nivel de middleware-SSI: sistemas operativos \para lusters", quiz�as alg�un aspetode DSM, et.� High Availability - Repliai�on: quiz�as RMs, quiz�as SSI, et.� A nivel de apliaiones paralelas: desde herramientas de debugging hasta paraleli-zai�on de apliaiones.� A nivel de omuniaiones: muhas osas, on bastante omplejidad y niveles deabstrai�on.Algunos temas relativamente gen�erios, sobre los uales se pueden de�nir algunos proye-tos y/o subproyetos:� Condor.� OSCAR.� Evaluai�on de Rendimiento: Linpak.� Debugging y Optimizai�on de una Apliai�on Paralela.� Espe���o: migrai�on de proesos.� Otros.Sobre Condor:� Desripi�on de laDoumentai�on.� Instalai�on.� Ejemplo de utilizai�on/aprovehamiento.� >Trabajos paralelos?� >Monitorizai�on (arga) de la red?� Demostrai�on de migrai�on.� Otras arater��stias.
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Sobre OSCAR (Open Soure Cluster Appliation Resoures):� http://osar.soureforge.net/� osar-users�lists.soureforge.net� The Open Cluster Group http://www.openlustergroup.org/� Objetivos - Instalai�on.� Instalai�on.� Ventajas - Desventajas.� Requerimientos (hardware - software).� Reursos que maneja y �omo.Sobre Evaluai�on de Rendimiento: Linpak� Desripi�on de la Doumentai�on.� Instalai�on.� Funionamiento.� Analizar sobre uno o m�as lusters.� Comparar on TOP500.� Como para enviar a TOP500.Sobre Debugging y Optimizai�on de una Apliai�on Paralela: XMPI� http://www.lam-mpi.org/software/xmpi/� Desripi�on de objetivos.� >Trazas, breakpoints, variables?� Ejemplo de uso - Manual del usuario.� Metodolog��a de debugging y optimizai�on (ej.).� Evaluar overhead.
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Sobre Chekpoint and Restart:� En entorno Linux.� Ejemplo de Condor.� Restriiones.� Bibliotea - Runtime.� Ejemplo de instalai�on - utilizai�on.� Tolerania a fallas-restart de omputadoras.� Manual de referenia - usuario.Sobre Interluster:� Posibilidades.� Motivaiones.� Contexto de propuestas.� <Hagamos algo!Sobre Comuniaiones:� Overhead de apas (software).� Aknowledgements (software).� Hardware.� Otros.
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