
Data Mapping in Agglomeration of Virtual Processors�Nai-Wei LinDepartment of Computer Science and Information EngineeringNational Chung Cheng UniversityMinHsiung, Chiayi 621, Taiwan, ROCnaiwei@cs.ccu.edu.twAbstractHigh-level data parallel programming languagesusually support virtual processors to relieve the pro-grammers from the size limitation of the underlyingmachine. For such programming languages, more ef-�cient target code can be generated if their compilercan agglomerate virtual processors to �t the number ofphysical processors on the underlying machine. Thispaper describes a source-level program transformationapproach to agglomerating virtual processors. Thisapproach allows us to separate the module for the ag-glomeration of virtual processors and the module forthe �nal code generation. This separation can greatlyimprove the retargetability and maintainability of thecompiler.1 IntroductionHigh-level data parallel programming languagesusually support virtual processors to relieve the pro-grammers from the size limitation of the underlyingmachine. For such programming languages, more ef-�cient target code can be generated if their compilercan agglomerate virtual processors to �t the number ofphysical processors on the underlying machine. Thisagglomeration can signi�cantly reduce the overheadincurred in task switching and task communication.This paper will describe a source-level programtransformation approach to agglomeratingvirtual pro-cessors. This approach allows us to separate the mod-ule for the agglomeration of virtual processors and themodule for the �nal code generation. This separationcan greatly improve the retargetability and maintain-ability of the compiler.This paper will describe this approach based on thedata parallel programming language CCC [1]; how-�This work was supported in part by the National ScienceCouncil of ROC under grant number NSC-87-2213-E-194-006.

ever, this approach is applicable to other data parallelprogramming languages as well. The agglomeration ofvirtual processors includes the replication of the dataallocated and the code executed on the virtual pro-cessors. The description about the replication of thecode is given in an earlier paper [1]. This paper willfocus on the description about the replication of thedata.The remainder of this paper is organized as follows.Section 2 introduces the language CCC and its salientfeatures. Section 3 gives the structure of our compilerfor CCC. Section 4 describes a distribution model usedin our analysis. Section 5 illustrates the distributionfunctions supported in the CCC. Section 6 elaboratesthe program transformations used to achieve the ag-glomeration of virtual processors. Finally, Section 7concludes this paper.2 The Parallel Programming Lan-guage CCCThe programming language CCC is an extensionof the programming language C. CCC supports theANSI C for sequential programming and a number ofnew features for data parallel programming. CCCprograms are executed on a collection of virtual pro-cessors. These processors are composed of a front endprocessor and an array of back end processors. A CCCprogram may consist of both sequential and data par-allel computation. The front end processor executessequential computation, while the back end processorsexecute data parallel computation. A CCC program-mer can use back end processor arrays of arbitrarydimension and size in his programs. This feature freesthe programmer from dealing with the limitation onthe size of the physical processors.Data parallel computation of a CCC program is del-egated from the front end processor to the back endprocessors and is synchronously executed on the back



end processors; that is, every back end processor exe-cutes the same operation at the same time. Hence, thesemantics of a CCC program is deterministic. Thisfeature makes CCC programs easier to code, under-stand, and maintain than programs written in asyn-chronous data parallel programming languages. CCCalso supports global name space for data parallel com-putation. Each back end processor can directly accessdata structures distributed on other back end proces-sors via variable references. This feature allows usersavoid using low-level message passing primitives to ac-cess distributed data structures, thereby focusing onthe design of high-level parallel algorithms.Environments for performing data parallel compu-tation are speci�ed via domain declarations. A do-main declaration speci�es the dimension and size ofan array of back end processors, the data structuresdistributed on each processor, and the parallel opera-tions executed on each processor. As an example, thefollowing domain declaration declares an environmentfor performing matrix multiplication in parallel.#define DIM 16domain par_matrix_op[DIM] {int a[DIM], b[DIM], c[DIM];multiply(distribute in int [DIM:block][DIM],distribute in int [DIM][DIM:block],distribute out int [DIM:block][DIM]);};par_matrix_op::multiply(A, B, C) {distribute in int [DIM:block][DIM] A;distribute in int [DIM][DIM:block] B;distribute out int [DIM:block][DIM] C;{ int i, j, t[DIM];a := A;b := B;for (i = 0; i < DIM; i++) {c[i] = 0;t := par_matrix_op[i].b;for (j = 0; j < DIM; j++) {c[i] += a[j] * t[j];}}C := c;} This example declares a one-dimensional do-main, consisting of 16 back end processors, calledpar matrix op. There are three integer arrays a[16],

b[16], and c[16] on each processor. A parallel func-tion multiply is de�ned to perform matrix multipli-cation on the domain. The keywords in, out, andinout are used to specify the direction of argumentdata movements between the front end and beck endprocessors when parallel functions are entered and ex-ited. The keyword distribute in an argument dec-laration is used to specify whether the correspondingargument is distributed to (collected from) back endprocessors at the entry (exit) point of an invocation.The keyword block speci�es a data distribution func-tion. Currently, CCC supports four commonly useddata distribution functions compress, block, cyclic,and block-cyclic. A domain name and variables de-clared in the domain are visible in the parallel func-tions declared in the domain. Hence, in the func-tion multiply we can use par matrix op[i].b[j]to directly access the variable b[j] on the processorpar matrix op[i].Domain instances can be created by the declara-tion of domain variables. The parallel functions fora domain can be invoked via the domain variables.For example, the following program performs a ma-trix multiplication in parallel by calling the functionmultiply de�ned in the domain par matrix op.#define DIM 16main(){ int A[DIM][DIM],B[DIM][DIM],C[DIM][DIM];domain par_matrix_op m;read_array(A);read_array(B);m.multiply(A, B, C);print_array(C);} A domain variable m, an instance of domainpar matrix op, is �rst created. Variable m can thenbe used to invoke the parallel function multiply.3 A Compiler for CCCOur compiler for CCC currently consists of threeparts: the front end, the program transformer, andthe code generator. The structure of the compiler isshown in Figure 1. The front end performs the lex-ical, syntax, and semantic analyses. It reads a CCCprogram and generates an abstract syntax tree as aninternal representation of the program. The program
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program transformerFigure 1: Structure of the CCC compilertransformer performs the agglomeration of virtual pro-cessors by transforming the abstract syntax tree sothat the number of virtual processors required by eachdomain can �t the number of physical processors onthe underlying machine. Hence, we may need to ag-glomerate a number of virtual processors into one vir-tual processor. This can be achieved by appropriatelymapping the data and replicating the code for eachparallel function de�ned in the domains of the pro-gram. The code generator generates a parallel C pro-gram for the underlying machine from the abstractsyntax tree. The parallel C program will include in-structions about how programs on the underlying ma-chine are loaded and terminated, how programs on theprocessors are synchronized, and how data are commu-nicated between processors. Both the program trans-former and the code generator will use the informationprovided by data distribution functions.4 The Distribution ModelData parallel computation requires the distributionof large data structures onto virtual processors and thedistribution of virtual processors onto physical proces-sors. These two distribution tasks share similar prop-erties and can be discussed in the same fashion. Thissection describes a model for distributing points in aspace onto points in another space. We will call the�rst space the source space and the second the tar-get space. It is often that more than one point in thesource space may be distributed onto a point in thetarget space. To be able to accommodate multiplepoints, each point in the target space would itself be aspace, called an o�set space. A distribution is a func-

tion that maps each point s in the source space into apair ht; oi, where t is a point in the target space and ois a point in the o�set space.Example 4.1 Suppose we would distribute thepoints in a one-dimensional source space S of 64 pointsonto the points in a one-dimensional target space T of8 points. If the points in S are cyclically distributedonto the points in T as contiguous blocks of size 4,then each point in T will be distributed 8 points fromS. Hence we will regard each point in T as an o�setspace O of 8 points to accommodate the 8 points fromS. In this distribution, the points in S with coordinate0 to 3 will be distributed onto the point with coordi-nate 0 in T , and these points will also be distributed,respectively, onto the points with coordinate 0 to 3in O corresponding to the point with coordinate 0 inT . The �rst 32 points in S will be distributed ontoT and corresponding O in the similar way. The dis-tribution of these 32 points consists of the �rst cycleof this distribution. The second cycle of this distribu-tion will distribute the last 32 points onto the pointsin T and the points with coordinate 4 to 7 in eachcorresponding O. 2In this paper we will assume that the three typesof spaces in a distribution have the same number ofdimensions, though the size in each dimension may bedi�erent. We will also assume that the o�set spacesin a distribution have the same size; in other words,the o�set spaces are regarded as the same. In fact, thesize of the smallest space that can contain any of theseo�set spaces will be taken as the size of the o�set space.It will become clear in the following discussion thatthese assumptions will not restrict the applicabilityof the model in any way, while they can simplify thediscussion signi�cantly.De�nition 4.1 Let S, T , and O be respectively thesource, target, and o�set spaces. A target function �is a function � : S ! Tsuch that for each point s 2 S,�(s) = t;for some t 2 T ; An o�set function 
 is a function
 : S ! Tsuch that for each point s 2 S,
(s) = o;



for some o 2 O; A distribution function � is a function� : S ! T � Osuch that for each point s 2 S,�(s) = h�(s);
(s)i = ht; oi;for some t 2 T and o 2 O.In De�nition 4.1, if the spaces S, D, and O are n-dimensional, the functions �, �, and 
 can be re�nedas n-tuples of functions. The ith function in an n-tuple is the function for computing the coordinate inthe ith dimension. More speci�cally, we can expressthe function � as�(hs0; s1; : : : ; sn�1i)= �(s)= h�0; �1; : : : ; �n�1i(s)= h�0(s); �1(s); : : : ; �n�1(s)i= ht0; t1; : : : ; tn�1i= t,where �i : S ! T gives the coordinate in the ith di-mension of t. Similarly, we can express the function 
as 
(s) = h!0(s); !1(s); : : : ; !n�1(s)i,where !i : S ! O gives the coordinate in the ithdimension of o. The function � can be expressed as�(s)= h�(s);
(s)i= hh�0(s); �1(s); : : : ; �n�1(s)i,h!0(s); !1(s); : : : ; !n�1(s)iiFor the convenience of expressing each dimension sep-arately, the expression above can be rewritten ashh�0(s); �1(s); : : : ; �n�1(s)i,h!0(s); !1(s); : : : ; !n�1(s)ii= hh�0(s); !0(s)i; h�1(s); !1(s)i; : : : ;h�n�1(s); !n�1(s)ii= h�0(s); �1(s); : : : ; �n�1(s)i= h�0; �1; : : : ; �n�1i(s),where �i : S ! T � O gives the coordinates in theith dimension of t and o as a pair. According tothis model, to completely specify a distribution from aspace onto another space, we need to specify a targetfunction and an o�set function for each dimension ofthe spaces.

Example 4.2 The distribution in Example 4.1 canbe expressed as �(s) = h�(s);
(s)i, where�(s) = s div 4 mod 8;and 
(s) = s div (4� 8)� 4 + s mod 4;2 is the size of a block and 8 is the size of the targetspace. Hence, the point with coordinate 57 in S willbe distributed onto the point with coordinate�(57) = 57 div 4 mod 8 = 6in T , and the point with coordinate
(57) = 57 div (4� 8)� 4 + 57 mod 4 = 5in O; namely, �(57) = h�(57);
(57)i = h6; 5i. 25 Distribution FunctionsIn CCC programs, data distribution functions arespeci�ed in the declarations for the arguments ofparallel functions. Currently, CCC only supportsfour commonly used functions for data distribution:compress, block, cyclic, and block-cyclic(b). Forone-dimensional spaces, the class of block-cyclic(b)functions can be de�ned as �(s) = h�(s);
(s)i, where�(s) = s div b mod p; (1)and 
(s) = s div (b� p)� b+ s mod b; (2)b is the size of a block, and p is the size of the tar-get space or the number of virtual processors. Thedistribution in Example 4.2 is a distribution with thefunction block-cyclic(4).The �rst three functions are special cases of theclass of block-cyclic functions. The compress func-tion is a block-cyclic function with block size b equalto the number of processors p. The block functionis a block-cyclic function with block size b equalto dn=pe, where n is the size of the source space.The cyclic function is a block-cyclic function withblock size b equal to 1. Therefore, in the rest of thepaper, we will only consider the class of block-cyclicfunctions, and �, �, and 
 will be used to mentionthis class of functions. Since these functions distributethe points in one dimension of the source space tothe corresponding dimension in the target and o�setspaces, we will only consider one-dimensional spacesfrom now on.To discuss the overall e�ects of both the distribu-tion from data structures to virtual processors and the



distribution from virtual processors to physical pro-cessors, we need to introduce two notions. The �rstnotion is the multiplication of one space with anotherspace.De�nition 5.1 Let S and T be two one-dimensionalspaces. The multiplication of S with T , denoted byS
T , can be characterized by the function � : S�T !S 
 T de�ned as�(s; t) = s � jT j+ t; (3)for s 2 S and t 2 T , where jS 
 T j = jSj � jT j.Notice that the operator 
 is not commutative. Thesecond notion is the cascade of two distribution func-tions.De�nition 5.2 Let �1 : S ! U � V de�ned as�1(s) = h�1(s);
1(s)i, for every s 2 S, and �2 :U ! T �W de�ned as �2(u) = h�2(u);
2(u)i, forevery u 2 U , be two distribution functions, and letO = W 
 U . The cascade of �1 and �2 is the func-tion �1 ��2 : S ! T � O de�ned as�1 ��2(s)= h�2(�1(s)); �(
2(�1(s)); 
1(s))i= ht; oi; (4)for every s 2 S, and some t 2 T and o 2 O.6 Program TransformationBased on the distribution model introduced in pre-vious sections, this section describes the transforma-tion from a program that is independent of the num-ber of physical processors into a program that has thesame number of virtual processors as the physical pro-cessors. In other words, in the cases where the numberof virtual processors is larger than the number of phys-ical processors, we need to agglomerate virtual proces-sors so that the number of resultant virtual processorsequals to the number of physical processors. In thispaper, we will only discuss the transformation aboutdata mapping; namely, how data are mapped betweenthe original virtual processors and the resultant vir-tual processors. The transformation about code repli-cation is discussed in another paper.The objective of this transformation is to use a dis-tribution function to capture the overall e�ects of thedistribution from data structures to virtual proces-sors and the distribution from virtual processors tophysical processors. Let these two distributions be ex-pressed as block-cyclic(b1) and block-cyclic(b2).

Then the distribution function that can correctlycapture the overall e�ects of these two functionsis block-cyclic(b1) � block-cyclic(b2). Unfortu-nately, the cascade of two block-cyclic functions isnot necessary a block-cyclic function. However, tomake this program transformation possible, we needto �nd a block-cyclic function that is very close tothe function block-cyclic(b1) � block-cyclic(b2).The function we use is block-cyclic(b1 � b2). Thereason for choosing this function is due to the follow-ing property. We will use the notation a j b to denotethat integer a divides integer b.Theorem 6.1 Let block-cyclic(b1) : S ! U � Vand block-cyclic(b2) : U ! T � W be two dis-tribution functions, and O = W 
 V . If jU j j(jT j � b2), and for each s 2 S, block-cyclic(b1) �block-cyclic(b2) (s) = ht�; o�i, for some t� 2 T ando� 2 O, and block-cyclic(b1 � b2) (s) = ht�; o�i,for some t� 2 T and o� 2 O, then t� = t�.Proof We �rst considerthe function block-cyclic(b1) � block-cyclic(b2)by referring to Equation (4) and (1). For each s 2 S,let s = m1 � b1 + r1,m1= m2 � jU j+ r2,r2 = m3 � b2 + r3,m3= m4 � jT j+ r4.Then these equations yields = m2 � jU j � b1 + r2 � b1 + r1,t1 = s div b1 mod jU j = r2,r2 = m4 � jT j � b2 + r4 � b2 + r3,t2 = r2 div b2 mod jT j = r4.and t� = t2 = r4: (5)Let jU j = c2 � jT j � b2. We can also obtains = m2 � jU j � b1 +m4 � jT j � b1 � b2 +r4 � b1 � b2 + r3 � b1 + r1;or equivalently,s = ((m2 � c2 +m4)� jT j+ r4)� (b1 � b2) +r3 � b1 + r1: (6)We next consider the function block-cyclic(b1� b2)by referring to Equation (1). For each s 2 S, lets = n� (b1 � b2) + r,n= m � jT j+ t.



Then these equations yields = (m� jT j+ t)� (b1 � b2) + r; (7)and t� = s div (b1 � b2) mod jT j = t: (8)From Equation (6) and (7), we can infer thatm = m2 � c2 +m4,t = r4,r = r3 � b1 + r1.From Equation (5) and (8), we have t� = r4 = t = t�.2 Thisproperty allows the function block-cyclic(b1�b2) towork just the same as the function block-cyclic(b1)� block-cyclic(b2) if we can redeploy the points inthe o�set space at the entry and exit points of a paral-lel function. This redeployment can be performed asfollows. We will redeploy each in or inout array Ainto another array B at the entry point of a parallelfunction via the following map function. Let b1 andb2 be the size of a block in the distribution functionsblock-cyclic(b1) and block-cyclic(b2), and c1 andc2 be the number of cycles in the respective distribu-tion functions. Each element A[i] in A will be mappedto the element B[map(i; b1; c1; b2; c2)] in B.map(i, b1, c1, b2, c2){ for (m2 = 0; m2 < c1; m2++) {for (m4 = 0; m4 < c2; m4++) {for (r3 = 0; r3 < b2; r3++) {for (r1 = 0; r1 < b1; r1++) {if (i-- == 0) {t1 = m4*b2*b1*c1;t2 = r3*b1*c1;t3 = m2*b1;return t1+t2+t3+r1;}}}}}}Similarly, we will redeploy each out or inout arrayA into another array B at the exit point of a parallelfunction via the following unmap function.unmap(i, b1, c1, b2, c2){ for (m4 = 0; m4 < c2; m4++) {

for (r3 = 0; r3 < b2; r3++) {for (m2 = 0; m2 < c1; m2++) {for (r1 = 0; r1 < b1; r1++) {if (i-- == 0) {t1 = m2*b1*b2*c2;t2 = m4*b1*c2;t3 = r3*b1;return t1+t2+t3+r1;}}}}}}Each element A[i] in A will be mapped to the elementB[unmap(i; b1; c1; b2; c2)] in B. The correctness of thisredeployment is given by the following theorem.Theorem 6.2 Let block-cyclic(b1) : S ! U � Vand block-cyclic(b2) : U ! T �W be two distribu-tion functions, and O = W
V . If jU j j (jT j�b2), andblock-cyclic(b1) � block-cyclic(b2) (s) = ht�; o�i,for some t� 2 T and o� 2 O, and block-cyclic(b1�b2) (s) = ht�; o�i, for some t� 2 T and o� 2 O, theno� = map(o�) and o� = unmap(o�).Proof We �rst consider the functionblock-cyclic(b1) � block-cyclic(b2) by referring toEquation (4), (3), (2), and (1). For each s 2 S, lets = m1 � b1 + r1,m1= m2 � jU j+ r2,r2 = m3 � b2 + r3,m3= m4 � jT j+ r4.Then these equations yields = m2 � jU j � b1 + r2 � b1 + r1,o1 = s div (b1 � jU j)� b1 + s mod b1= m2 � b1 + r1,r2 = m4 � jT j � b2 + r4 � b2 + r3,o2 = r2 div (b2 � jT j)� b2 + s mod b2= m4 � b2 + r3,o� = �(o2; o1)= o2 � (b1 � c1) + o1= m4 � b2� b1� c1 + r3 � b1 � c1+m2 � b1 + r1.The last equation can be rewritten intoo� = (((m4 � b2) + r3)� c1) +m2) � b1 + r1: (9)We next consider the function block-cyclic(b1� b2)by referring to Equation (2). For each s 2 S, let



s = n� (b1 � b2) + r,n= m � jT j+ t.Then these equations yields = m � jT j � b1 � b2 + t � b1 � b2 + r,o� = s div (jT j � b1 � b2)� (b1 � b2)+s mod (b1 � b2)= m� b1 � b2 + r= (m2 � c2 +m4) � b1 � b2 + (r3 � b1 + r1)= m2 � b1 � b2 � c2 +m4 � b1 � b2+r3 � b1 + r1.The last equation can be rewritten intoo� = (((m2 � c2) +m4)� b2) + r3)� b1 + r1: (10)From Equation (9) and (10), we have o� = map(o�)and o� = unmap(o�). 27 ConclusionsThis paper has described a source-level programtransformation approach to agglomeratingvirtual pro-cessors. This approach allows us to separate the mod-ule for the agglomeration of virtual processors and themodule for the �nal code generation. This separationcan greatly improve the retargetability and maintain-ability of the compiler. The agglomeration of virtualprocessors includes the replication of the data allo-cated and the code executed on the virtual proces-sors. This paper focuses on the description about thereplication of the data.This paper has described this approach based onthe data parallel programming language CCC; how-ever, this approach is also applicable to other data par-allel programming languages that supports the classof block-cyclic distribution functions. This paper hasshown that the cascade of two block-cyclic distributionfunctions can be transformed into another block-cyclicdistribution function by appropriately redeploying thelocal data on each virtual processor.References[1] C.-W. Chiang, T.-C. Liu, and N.-W. Lin, \De-sign and Implementation of a Data Parallel Lan-guage," Proc. of the Second Workshop on Com-piler Techniques for High-Performance Comput-ing, March 1996, pp. 9-16.


