Abstract ˙

In this paper we analyze the design of polylibraries, w here the prog rams call routines fro m different libr aries according to the characteristics of the proble mand of the system used to solve it. An architecture for this type of libraries is proposed. Our aimis to develop a methodology w hich can be used in the design of parallel libraries. To evaluate the via bility of the proposed method, the ty pical linear algebra libraries hierarchy has been considered. Ex periments have been perfor med in different systems and w ith linear algebra routines fro mdifferent levels of the hierarchy. The results confirmthe design of polylibraries as a good technique for speeding up comp utations.

Keywords ˙ Linear Algebra, Automatic Tuning .

I. I

NTRODUCTION inear algebra functions are widely used in the solutio n of scientific and engineering problems, which means that there is muc h interest in the develop ment of highly efficient linear algebra libraries, and these libraries are used byno n - experts in parallel programming. I n recent years several groups have been wor king o n the d esign of highlyefficient parallel linear algebra libr aries. T hese groups work in different ways: optimizing the librar yin the installation process for shared memor y machines [1] or for message - passing systems [2,3], analyzing the adaptation of the routines to the conditions of the system at a particular mo m ent [4,5,6], or using polyalgorithms [7,8]. Polylibraries can be used in combinatio n with other techniques to speed up linear algebra comp utatio ns, in such a way that a user will not need to decide the best libraryto use, and the polylibrar yis responsibl e for obtaining a near optimum executio n.

In Sectio n 2, an architectur e for a polylibrar yis proposed, and the ensuing variations in the librar y hierarchyare considered. Section 3 sho ws so me of the

* Partiallysupported byComision Interministerial de Ciencia y

Tecnología, project TIC2000/168 3 - C03. Partiallysupported by

Fundación Séneca, reference number PI - 34/00788/FS/01. This work has been developed using the systems of the CEPBAEuropean enter for Parallelism of Barcelona), the CESCA(Centre de

Supercomputació de Catalunya) and the Innovat ive Computing

Laboratoryat the Universityof Tennessee.

1 Departamento de Sistemas Informáticos yComputación,

Universidad Politécnica de Valencia

2 Departamento de Ingeniería yTecnología de Computadores.

Universidad deMurcia.

3 Departamento de Informát ica ySistemas Informáticos. Universidad de Murcia.

experimental results obtained. Finally, in Sectio n 4, so m e conclusio ns are given.

A. The design of polylibreries

When solving linear algebra problems, basic linear algebra routines are called to solved different parts o f the problem. T ypicallyso me version of BLAS [9] or

LAP ACK [10] is used in sequential or share d memor y systems, and ScaLAP ACK [11] can be used in message - passing systems. But there maybe different versions of the libraries. It is possible to have libraries optimized for the machine (either provided bythe vendor or freelyavailable [12,13]), or au tomatic tuning libraries like AT LAS [1] can be installed, or again alternative libraries can be used [14].

T he hierarchyo f linear algebra libraries is sho wn i n figure 1. At the lo west level of the hierarchy is the basic linear algebra library(BLAS), whic h maybe the reference B LAS, a B LAS optimized for the machine, or an auto matic tuning library. T o performthe communications in message passing programs a libraryoptimized for the machine can be used, as could a free version of MPI [15] or PVM [16]. At hi gher levels of the hierarchy there are also different libraries with the same or similar functionality.

For example, it is possible to solve an eigenvalue problemusing ScaLAP ACK, LAP ACK, AT LAS and machine MPI; alternatively, it could be solved using

PLAP A CK, machine BLAS and MPICH. Likewise, the same problem, with different sizes, may requir e distinct libraries.

Fig 1. Hierarchyof linear algebra libraries

Designing Polylibraries to Speed Up Parallel

Computations

*

Pedro Alberti 1 , Pedro Alonso 1 , Antonio Vidal 1 , Javier Cuenca 2 , Domingo Giménez 3

L

ODE librar y eigenvalue librar y least square Toeplitz librar y reference ScaLAP ACK

PLAP ACK

machine ScaLAP ACK reference LAP ACK machine LAP ACK

ESSL reference BLAS

PBLAS

BLACS machine BLAS

ATLAS

ma chine MPI

MPICH

LAM

PVM

B. The Advantage of Polylibreries

T raditionallythe user decides to use a particular set of librarie s in the solution o f all the problems. T here are so me considerations which make it advisable to use different libraries for different problems.

Auto matic selectio n is therefore interesting for a number of reasons:

· A librar yoptimized for the system might n ot b e available. T he use of an automatic tuning librar y wo uld be satisfactor y, altho ugh with time a better librarymay beco me available. T hus, it is necessar y to have a co mmon method to evaluate libraries or routines in the libraries, so that when a librar yi s installed, the preferred libraryis changed.

· When the characteristics of the system change, the preferred librarycan also change. T his makes it necessar yto reinstall the libraries.

· Which librar yis the best may not be clear since librarypreference will var y according to the routines and the systems in questio n. T his makes it necessar yto develop the concept of polylibrar y.

T he infor mation generated in the installation o f each librar yis used to construct the polylibrar y.

· Even for different problem sizes or different data access schemes the preferred librarycan change.

T his makes it necessar y to design polylibraries i n such a way that a routine in the polylibrar y calls to one librar yor another not only according to the routine, but also to other fa ctors such as the problemsize or the data access scheme.

· We maybe working in a parallel systemwith the file system shared b yprocessors of different types, which may or may not share the libraries. In the case of their sharing a basic library, this may be optimized for one type of processors and not for the others. I n any case, the resulting librar ywill be different for the different types of processors.

In this paper, we propose the architecture o f a polylibrar y, and sho w with experiments with so me lin ear algebra routines ho w the use of polylibraries helps in the decision o f the libraries to be used to reduce the executio n time when solving a problem.

C. Architecture of a Polylibrary

A possible architecture for a polylibrar yis sho wn in figure 2. For each of the basic libraries an installatio n file ( LIF) will be generated, containing infor matio n about the perfor mance of the different routines in the libraryfor different variable factors. T he for mat of the different LIFs must be the same, and the generation of the LIFs must be carried out in the polylibrar y installation or updating process.

T his generation can be made by using so me model o f the routines to predict the execution time or b y performing so me executio ns [17,2]. When the generatio n is made b yperf or ming so me executions, the process must be guided in order to avoid an overlong installation [18]. For each routine in the polylibrar y, an inter face routine is developed.

T he polylibrarywill use the infor matio n generated in the lo wer level libraries inst allation (LIFs) to generate the code of the inter face routine. T o do this, the for mat

of the different LIFs wo uld be the same, and what we propose is to develop each libraryto gether with an installation engine which generates the LIF in the for mat req uire d. T his for mat must be decided b ythe linear algebra co mmunity in order to facilitate the use of the infor mation to design polylibraries or libraries of higher level in the libraries hierarchy. T he infor mation in the LIF could be the cost of an arithmetic operation using some routines. In so me cases this could be obtained for different problem sizes, because the use of different costs for different sizes can produce a better prediction and consequentl y a reduction in the executio n time [19].

Fig 2. Architecture of a polylibrary

For some routines more than one parameter can be used, as for examp le in matr ix - matrix multiplicatio n, where it could be interesting to store the cost with square or rectangular matrices. Also the different acce ss schemes can produce different co sts, for example, the B LAS routine drot can have different costs when the data in the vectors are stored in adjacent positions of memo rythan when they are stored in non - adjacent positions. T he for mat of the LIF could be as follo ws:

drot ld dgemm column

1 100 200 20 40 80

100 20 n 200 row 40

400 80

T he development of installation engines must be included in the basic libraries (BLAS, AT LAS, MPI,

PVM,...), but also in lib raries of higher level

(LAPACK, PLAP ACK, ScaLAP ACK,...), which allo ws the develop ment of higher level libraries, which could include an installation engine to generate their o wn LIFs.

D. Combining Polylibraries with other

Optimisation Techniques

T here are different technique s for obtaining optimized libraries, and better libraries can be obtained byco mbining different techniques.

In polyalgorithms we have different algorithms to solve the same problem. T he algorithms can be implemented in different libraries, and the use o f different algorithms does not differ fro m the use o f

PolyLib rary inter face routine 1 inter face routine 2

...

interface routine 1 ifn<value callroutine 1 fro mlibrar y1 else depending on data storage call routine 1 fro mlibr ar y1 or call routine 1 fro mlibr ar y2

...

Installat ion

Librar y2

LIF 2

Librar y3

LIF 3

Installat ion

Librar y 1

LIF 1

Installat ion different libraries. I f one o f the basic libraries used is an auto maticallytuned library a large amount o f time maybe necessar yto install the librar yin the system

[1,2], which means a large amount o f time is necessar y to update the polylibrar ywhen the conditions on the systemchange. T he same is true when installing or reinstalling the polylibrar y, and in a parallel syste m multiple installations will be necessar y(possiblyin parallel). T hus the ins tallatio n process must be guided bythe system manager [3], which decides when it is convenient to reinstall the polylibrar yor include a new library, or a new type of processor, and which factors and range of values to consider.

In so me cases the value o f so me algorithmic parameter s are obtained at execution time [19]. T hese values can be the block size in algorithms b y blocks;

the number of processors or some parameters determining the logical topologyin a parallel system,

..T his means different values of these parameters must be considered in the polylibrary installation.

T o adapt the method to systems where the load varies d ynamicallyso me heuristic can be used [6]. T he values obtained at installation time can be influenced byusing so me measures of t he system load obtained at running time.

II. E

XPER IMENTAL R ESULTS

Experiments have been carried out with routines o f different levels in the hierarchy:

· In the lo west level of the hier archy, the routines are the typical B LAS ones. T hese routines must be install ed b yperfor ming selected computations, and the infor mation is stored in the LI F of the librar y.

T he matrix - matrix multiplication has been used because it is a representative operation of the lo west level libraries, it is used in algorithms b yblocks and i s a good example to sho wthe methodology.

· Matrix factorizations b yblocks [21] have been analyzed ( LU and QR) because theyare basic operations at a second level of libraries, and use routines o f a lo wer level, as for example the matrix - matrix multiplicati on.

· As examples of the highest level of libraries a lift - and - project algorithm to solve the inver se additive eigenvalue problem[22] and an algorithmto solve the T oeplitz least square problem[23,24] have been considered. In both cases they use routines o f lo wer levels, and those routines ar e used in a blackbox way.

T he experiments have been carried out over different systems because the goal is to obtain a methodology valid for a wide range of systems. T he platfor ms used have been: a shared memor y space s ystem (Origin

2000 with 32 processors), and so me networ ks of processors. So me of the experimental results obtained are reported in this section. More experimental results can be found in [25].

A. Matrix - matrix Multiplication

T he matrix - matrix multiplication i s an operation fro mthe lo west level o f the hierarchy, but higher level implementations have been considered. For

polyalgorithms we use a direct multiplication, a multiplicatio n b yblocks, and a Strassen multiplicatio n.

T he use of these algorithms allo ws u s to co mbine the design of polylibraries with the auto matic choice o f algorithmic parameters: in the algorithm b y blocks the block size is an algorithmic parameter, and in the

Strassen multiplication the algorithmic parameter is the size of the matrix to s top the recurrence.

For routines in the lo west level of the hierarchy only the seq uential case is analyzed, because these routines wo uld be used b y parallel r outines which will call themin each processor.

In a networ k o f six SUNs with two different types o f processors (five SUN Ultra 1 and one SUN Ultra 5) the inter face of the routine wo uld have one part for each type of processor. T he libraries used in the experiments have been: a fr eelyavailable reference

BLAS (BLASref), the scientific librar yof SUN

(B LASmac), and three versions of AT LAS [26] : a version o f AT LAS installed in SUN Ultra 1

(AT LAS1), and another two p rebuilt versions o f

AT LAS 3.2.0 for Ultra 2 (AT LAS2) and Ultra 5

(AT LAS5). T he same libraries are used b y the SUN

Ultra 1 and the SUN Ultra 5 because they share the file system.

T he values in the LIF can be obtained b yperfor ming executions for the different algorithms, problemsizes and values of the parameter s provided bythe librar y manager. T his may suppose a large amount of time, and heuris tics can be used to reduce that time. For example, in the algorithm b y blocks, experiments can be performed for different blocks for the smallest problemsize. In the Strassen algorithm, for the smallest problemsize, the problemis solved with base size h alf the problemsize, then a quarter of the problemsize, and so on until the execution time increases. T he optimum base size is taken as the initial for the local search for the next problemsize.

If the installatio n is made with matrix sizes 400, 800 and 1200, the interface routine could be:

if processor is SUN Ultra 5 if problem - size<600 solve using ATLAS5 and Strassen method with base size half of problem size else if problem - size<1000 solve using ATLAS5 and block method with block size 400 else so lve using ATLAS5 and Strassen method with base size half of problem size endif else if processor is SUN Ultra 1 if problem - size<600 solve using ATLAS5 and direct method else if problem - size<1000 solve using ATLAS5 and Strassen method with base size h alf of problem size else solve using ATLAS5 and direct method endif endif

T he lowest executio n time (lo w.) is co mpared with the executio n time with the library, method and parameter provided b ythe model ( mod.), and that obtained using the direct me thod with AT LAS5. T he compariso n is sho wn in table 1. T he executio n time using the model is close to the lo west, and the same happens when the direct method and AT LAS5 are used. T he conclusio n could be that it is better to determine the best library(AT LAS 5) and method

(direct). Possiblythis is a go od option in so me cases, but we observe that the optimum librar yis not always apparent. T he preferred library should be the scientific libraryof SUN, but it is clearlysurpassed byall the versions of AT LAS. I n SUN Ultra 1, one would expect the preferred AT LAS to be that installed in the syste m bythe manager ( AT LAS1), but in fact the best is

AT LAS5.

T he selection of the library, method and parameters is satisfactor yin all the systems considered, and this prod uces small differences between the lo west execution time and that obtained with the values provided bythe polylibrar y.

T he use o f different algorithms and libraries is not a great improvement with respect to the use o f the best library, but the proposed m ethod can also be used just to obtain or update which is the best libraryamo ng those available.

T he method can also be used to decide which algorithm to choose fro ma set of available algorithms, because each algorithmcan be considered as the routine of a different librar y.

T he selection of the parameters which produce lo west execution times can be combined with the selection of the librar yor algo rithm.

T ABLE I . C

OMPARISON OF THE LOW EST EXECUTION TIME , THE

EXECUTION TIME OBTAI NED USING THE MODEL ,

AND T HE EXECUTION TIME US ING THE DIRECT METHO D AND

ATLAS5. I N SUN U

LTRA 5.

200 600 1000 1400 1600 low time library method para meter

0.038

ATL5 direct

1.063

ATL5 direct

4.678

ATL5 direct

2

12.532

ATL5 direct

2

20.031

ATL5 direct

400 mod time library method p ara meter

0.041

ATL5

Strassen

2

1.112

ATL5

Strassen

400

4.678

ATL5

Strassen

2

12.575

ATL5

Strassen

2

26.569

ATL5

Strassen

2

ATLAS5 direct

time 0.038 1.063 4.833 13.501 31.023

B. Matrix factorizations

Auto matic tuning medium level routines can be developed by obtaining a theoretical model of the routine where the system parameters are identified, and the values of the system parameters are obtained fro mthose stored in the LIFs of lo wer level libraries.

After the substitution of the values so me decisions can b e taken, e. g. the best library and the optimumvalues of so me algorithmic parameters. We sho w ho w the method wor ks with the LU and QR factorizations. T he cost of the parallel block LU factorization can be modelled b ythe for mulas:

n k b n bk p

c r p

n k

2

2 2

3

3

3 3

1

3

2

+

+

+ (1) for the arithmetic cost, and:

p

d n t b

nd t w s

2 2 2

+ (2) for the co mmunication cost.

For the QR factorizations the costs are modelled by:

r

bk n r

bk n c

bk n p

k n

2

2

2

2 3

2

3

3

2

1

4

1

3

4

+ + + (3) and:

( ) ( )

( ) ú û

ù ê ë

é

+ ÷ ø

ö ç è

æ

+ +

-

+ ú û

ù ê ë

é

+ + p nb r

r c

r r

r n t c r b b

n t w s

log

log log 1 2

2

log 2 log 3 2

2

2 (4)

T he matrix is distrib u ted in a lo gical two - dimensional mesh (in ScaLAP ACK style [11]) of p = r ´ c processors, with block size b and d =max( r , c ).

T ypical system param e ters ar e the cost o f arithmetic operations using BLAS ( or similar one) ker nels o f levels 1, 2 or 3 ( k

1

, k

2

, k

3

) and co mmunicatio n p a rameter s (start - up, t s

, and word - sending time, t w

) .

Experiments have been carried out in a network o f

Pentium III with M yrinet and Fast - E ther net. Five libraries have been used: AT LAS, ref erence BLAS, a

BLAS for Pentium II Xeon (BLASII), and two versions of a BLAS for PentiumIII (BLASIII). T he results obtained with reference BLAS are always worse than those with AT LAS, and the second version of BLASIII always wor ks faster than the fir st ve rsion.

In table 2 the experimental results with the LU factorization are summarized . T he theoretical (the.)

and lo west (lo w.) executio n times, the execution time obtained with the parameters provided bythe model

( mod.), and the associated block size are s ho wn for different libraries and problemsizes. T he lo west optimum and modelled execution times for each matrix size are highlighted. T he model provides good values for the parameters. T he best results are obtained with BLASIII and BLASII, as predicted by the model.

Also the optimum block size is well predicted. T he difference between the libraries is less important in the parallel case than in the seq uential case due to the cost of co mmunications, which is co mmon to all the libraries.

T ABLE II. E

XECUTION TIME ( IN SECONDS ) OF THE PARALLEL LU

ROUTINE , WITH DIFFERENT BASIC LIBRARIES . I N

A NETWORK OF 4 P ENTIUM III

WITH M YRINET .

ATLAS the. low. mod.

time blo. time blo. time blo.

512 0.13 32 0.12 32 0.12 32

1024 0.79 32 0.74 32 0.74 32

1536 2.36 32 2.21 64 2.27 32

BLAS - II

512 0.13 32 0.11 32 0.11 32

1024 0.77 32 0.71 32 0.71 32

1536 2.30 32 2.13 32 2.13 32

BLAS ˘ III

512 0.13 32 0.11 32 0.11 32

1024 0.77 32 0.70 32 0.70 32

1536 2.30 32 2.13 32 2.13 32

In table 3 results obtained with the QR factorization are sho wn. T he execution time with the parameter s provided bythe model (mod.) and the lo west executio n time (lo w.) are sho wn together with t heir parameter s. T he times with the model are always close to the lo west times, because the model makes a good selection of the parameters: number of processors, dimensions o f the mesh, block size and library.

XIV JORNADAS DE PARALELISMO ˙ LEGANES, MADRID, SEPTIEMBRE 2003 5

T ABLE III. C OMPARISON OF THE EXE CUTION TIME OF THE QR

FACTORIZATION . I N A NETWORK OF 8 P ENTIUM

III

WITH F AST - E THERNET .

size: 128 256 384 1024 2048 3072 time 0.025 0.087 0.178 1.92 9.90 pr oc. 1 ´ 2 1 ´ 8 1 ´ 8 1 ´ 8 1 ´ 8 bloc k size 8/16 8 8 16

mod.

library BLASII BLASII BLASII BL ASII BLASII

28.00

1 ´ 8

32

BLASII low.

time pr oc.

bloc k library

0.025

1 ´ 2 size

BLASII

0.086

1 ´ 8

16

BLASIII

0.176

1x8

8

BLASIII

1.92

1 ´ 8

8

BLASII

9.40

2 ´ 4

32

BLASII

25.11

2 ´ 4

32

BLASII

C. Experiments with a Toeplitz Least Square program

T he pr oblemto solve is the Least Square (LS)

Problem: max x

|| Tx ˘ b ||

2

, where T

/ R m ´ n is T oeplitz

( T

ij

= t

i - j

; i = 0,1,..., m ˘ 1; j =0,1,..., n - 1) and b / R m .

Experiments have been carried out in two networks

of Pentiums with M yrinet. In a Pentium II networ k

with M yrinet the execution time in the sequential case

(seq.), the lo west ex perimental time (lo w.) and the

execution time with the numb er of processors provided

by the model ( mod.), are tho se sho wn in table 4, along

with the number of processors used and the speed - up.

We can see the model does not provide the best

number of proces sors, and the difference between the

optimum execution time and the execution time with

the number of processors provided b ythe model is on

average about 58%. For algorithms with a small cost it

could be preferable to perfor mso me selected

executions at i nstallation time to decide the values o f

the parameter s, and to use the model only for bigger

problemsizes [17].

T he librarypreferred in the sequential case could

also be considered as that p referred for the parallel

routine. In that way AT LAS wo uld be u sed in the

Pentium III network. In table 5 the execution times are

compared when using the different libraries. T he

lo west execution time is highlighted for each matrix

and number of processors. We can see the best library

is no w B LASII, which is the seco n d best in the

sequential case. T his maybe due to the fact that in

parallel we work with smaller vectors in each

processor, and the preferred librarywith the sizes

experimented in the sequential case maynot be the one

preferred for smaller sizes.

D. Lift - a nd - project Method for the Inverse Additive

Eigenvalue Problem

A lift - and - project method for the solution of the

inver se additive eigenvalue problemhas been used as

an examp le of high level algorithmof high cost. T he

order of the algorithm is O ( n 4 ) , and t his high order

makes it easier to obtain optimizatio ns than in the

T oeplitz Least Square algorithm considered, which has

an order O ( n 2 ) .

T he problemis: given a set of L + 1 real symmetric

matrices A

0

, A

1

, ..., A

L

, of sizes n ´ n , and a set of real

numbers

� *

1

1

� = 1

1

, ..., � 1

m

, with 1 ~ 1

1

< ... < � 1

m

~� n ,

which minimizes the function:

F ( d , � 1

� �ò�

� m

i =1

( �

1 i

( d ) - � � *

i

) 2

with �

i

( d ), i =1,2,..., n ; the eigenvalues of matrix

A ( d ) = A

0

� L

i =1

( d

i

A

i

).

T ABLE I V . C OMPARISON OF OPTIMUM EXECUTION TIME AND THE

EXECUTION TIME WITH THE PARAMETERS

PROVIDED BY THE MODE L . R OUTINE

LS T OEPLITZ IN NETWORK O F

P ENTIUM II WITH M YRINET .

m