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Abstract

This dissertation presents new techniques designed to speed up the execution ofcomputer programs by improving their memory locality. Locality is an importantproperty for today's machines, because it hides the relatively high latency ofcomputer memories.Our techniques change the layout of multidimensional arrays by applying datatransformations. We unify data transformations with code transformations whichchange the order of execution of loop nests. We solve related problems which wouldhave been obstacles to the practical use of our techniques: we show how to detectand reduce array overlapping and how to recover structure from linearized arrays.Our optimizations reduce the execution times of sequential, scienti�c benchmarksby up to 50% over what is possible with previous techniques. Parallel programsare improved by as much as a factor of four.In addition to implementing our techinques in a standard, o�-line, compiler,we adapt our optimizations to Just-In-Time (JIT) compilation. The JIT transla-tion becomes very important with the increasing popularity of mobile technologiessuch as Java. We argue that new, faster algorithms are needed in that context.We propose a collection of fast, approximate compiler techniques for data trans-formations and show that they are e�ective for Java programs.
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1
1 Introduction
1.1 The ProblemMany computer applications are limited by the speed available with current tech-nology. The slow speed of random access memories relative to processor speed isone of major bottlenecks in today's computers. Program execution can be spedup by the use of cache memories (caches). Caches are smaller and faster thanmain memories and they work by exploiting the locality of memory references.The e�ect of locality is that some memory references can be satis�ed from thecache rather than from main memory. It is widely accepted that caches improvethe performance of many applications and virtually all modern microprocessorshave either built-in caches or can work with an external cache.Many applications do not fully utilize caches and the performance of thoseapplications can be signi�cantly improved by program restructuring. Programscan be restructured manually or automatically. Manual optimizations have severaldisadvantages:� They have to be performed by programmers who have a very good un-derstanding of both the machine architecture and program structure, andtherefore manual optimizations are very di�cult and time-consuming.� Many cache-oriented transformations are machine dependent and wouldhave to be repeated for every new computer that will run the application.� Transformed programs are di�cult to understand and maintain since theoptimizations hide the real algorithm and data structures.It is better to perform locality-enhancing optimizations automatically. Lo-cality can be improved by the compiler or by the runtime system (usually theoperating system). Both approaches have been employed in the past with dif-ferent degrees of success. However, even the most sophisticated of the existingtechniques do not fully improve the cache utilization of all applications and clearlynew solutions to this problem are needed.



21.2 The SolutionThe thesis of this dissertation is:Array restructuring can improve the performance of many real appli-cation over what is possible with other locality-improving techniques.Further improvement can be achieved by integrating array and controltransformations.Uni�ed array and control restructuring can be performed fully auto-matically by an optimizing compiler.This section will explain, in high-level terms, what array restructuring (also re-ferred to as array transformations or data transformations) is and how it can helpincrease the cache hit ratio. The rest of this dissertation will give more details,including formal de�nitions and algorithms needed to perform array transforma-tions.To understand what an array transformation is, consider the following codefragment.real A[0..3, 0..2]...for j = 0, 2for i = 0, 3... A[i, j] ...
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Figure 1.2: Column-major layoutFigures 1.1 and 1.2 present graphically two possible layouts for array A inmemory for a hypothetical memory organization with each cache line holding twoarray elements. The cache is direct-mapped and can hold two cache lines. Memoryareas marked with I map to the �rst line in the cache and memory areas marked



3with II map to the second cache line. Arrows represent the order of memoryaccesses.The two organizations of the two-dimensional array A result in very di�erentlocality for the reference A[i,j]. For our simple analysis, assume that there areno other memory references in our loop nest. By following the accesses to elementsof A along the arrows in Figures 1.1 and 1.2 (assuming that initially none of theelements of A was in cache), we can determine that out of 12 memory referencesonly two (accesses to A[2,1] and A[1,2]) are cache hits for the row-major layout.For the column-major layout exactly half of memory references are cache hits.For this code fragment, the column-major layout of A results in a much highercache hit ratio. If, for our hypothetical computer, the cost of cache hit was thitcycles and the cost of a miss was tmiss, the total time spent on accessing memoryfor the row-major layout would be Tr = 10tmiss + 2thit, time for column-majorwould be Tc = 6tmiss + 6thit. If we assumed the values of thit = 2 and tmiss = 10,the column-major layout would result in a 30% shorter total memory access time.Our experiments show that the performance of many real programs can be im-proved signi�cantly by choosing the right layout for their data structures. More-over a large set of programs cannot be improved by any of other existing opti-mization techniques.1.3 ContributionsThe main contributions of this dissertation are:� We propose array transformations as a new technique to improve cache lo-cality of scienti�c applications. Array transformations can be used evenwhen other techniques fail. For instance, explicitly parallel programs whichcannot bene�t from loop transformations, can be sped up with array trans-formations. Further, we identify issues which must be solved to changearray layouts without a�ecting the semantics of popular programming lan-guages. The most important problem preventing array transformations isaliasing|caused, for instance, by parameter passing. We de�ne the prop-erty of overlapping by extending the traditional notion of aliasing to coverall aspects necessary for our optimizations. We not only show how to detect,e�ciently represent and use the overlapping information, but we also designan algorithm which reduces overlapping by selective procedure cloning.� We design an analytical framework and propose algorithms to unify arrayand loop transformations. We show that neither array nor loop transfor-mations su�ce to give the best possible performance for some scienti�capplications. Moreover, it is not su�cient to apply both loop and array



4 transformations separately in any order|a uni�ed approach must be usedfor best results.� We design very fast, approximate algorithms to perform array transforma-tions in a Just-In-Time (JIT) compiler. JIT compilers are becoming ubiqui-tous in today's computing world due to the rising popularity of mobile codemade possible with technologies like Java, Inferno or Omniware. We imple-ment these algorithms in a Java JIT compiler and show that our algorithmsare indeed fast and accurate enough for scienti�c benchmarks.1.4 OutlineWe introduce the concept of array transformations in Chapter 2. Chapter 3 showshow array transformations can be uni�ed with loop transformations. Chapter 4shows how a compiler can automatically recover the multidimensional structureof arrays which have been linearized by programmers. Techniques for ensuringlegality of data transformations in the presence of procedure calls are shown inChapter 5. Issues related to applying array transformations in a Just-In-Timecompiler are discussed in Chapter 6. We conclude in Chapter 7.



5
2 Array Transformations
2.1 Related WorkOrganization of multidimensional arrays was �rst studied for reducing access timesof vector operations in multi-bank memories. For parallel computers with sharedmemory organized in separate memory modules, the e�ective memory bandwidthcan be increased if no simultaneous accesses to the same module are being issued.Many parallel storage schemes have been proposed to address that problem. Bud-nik and Kuck [11] developed a skewed array storage scheme which uses a primenumber of memory modules to reduce memory con
icts. Lawrie [41] proposedanother solution employing the Omega Network. Liu et al. [50] developed an al-gorithm called Exchange-Expansion and showed how to combine di�erent arraystorage schemes. Wijsho� [67] describes arbitrary skewing schemes for multidi-mensional arrays. He also discusses the compactness of skewing schemes. Solu-tions proposed in [11, 41, 50] work well for common access patterns: rows, columns,diagonals. Others have proposed storage schemes which can be used in programsexhibiting non-standard access patterns [29, 39, 44]. Proposed array organizationsand algorithms for deciding parallel storage schemes are very di�erent from arrayrestructuring schemes needed for improving locality on contemporary machines.While array transformations have not been used before to improve data local-ity, transformations of other data structures have been proposed|mostly to elim-inate false sharing. The work by Eggers and Jeremiassen [27] and by Bianchiniand LeBlanc [9] showed that for some programs, code and data restructuring caneliminate or reduce false sharing so that performance can be improved. However,these transformation techniques are all performed by hand on speci�c applica-tion programs. Dubois et al. [26] describe a hardware mechanism to eliminatemisses due to false sharing, but at the expense of very large amounts of othercommunication.Automatic data distribution for distributed message passing machines is alsorelated to our approach. It has been investigated by Balasundaram et al. [6],



6by Hudak and Abraham [35] for sequentially iterated parallel loops, by Knobeet al. [40] for SIMD machines, by Li and Chen [43] for index domain alignment,by Ramanujam and Sadayappan [58] who �nd communication-free partitioningof arrays in fully parallel loops, by Gupta and Banerjee [32] with a constraint-based approach, by Anderson and Lam [3] on data alignment and parallelism, byChatterjee et al. [16] on array alignment and by Bau et al. [7] on a clean linearalgebra solution to the alignment problem. However, the data mapping issuesare su�ciently di�erent on distributed shared memory machines. For example,neither data reuse nor false sharing is considered in any of the above approaches,since they are usually irrelevant for message passing distributed memory machines.2.2 MotivationWe will illustrate the di�erences between control and data transformations beforeshowing why data transformations (array transformations) are preferred in manycases. The program in Figure 2.1a will be used to show how control and datatransformations can be used to improve performance. We have chosen the exampleso that either loop or array transformations can be used to improve its locality.However, for our work we are interested in applications which cannot bene�t fromloop transformations.Assume that arrays A and B have the default column major layout. We cansee that they both have poor locality in this loop nest.2.2.1 Control TransformationsWhile no previous work proposes array transformations, loop transformations havebeen long proposed to solve the same problem. A good overview of locality en-hancing loop transformations is given presented by Wolfe in [70]. The algorithmshave been proposed by Wolf and Lam [69], Li [47], by Li and Pingali [46, 45], byCarr et al. [13], by Gannon et al. [30], and by Eisenbeis et al. [28].Di�erent transformations may be used to improve data locality. For the codefragment from Figure 2.1a, a simple loop interchange resulting in the code shownin Figure 2.1b, will improve the locality of data accesses.2.2.2 Data TransformationsData locality of the code fragment from Figure 2.1a, can also be improved by adata transformation. If, without changing the code, we decide to use row majorlayout for both arrays, we will again obtain the optimal locality as in Section 2.2.1.
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real A[1000, 1000], B[1000,1000]for i = 1, 1000for j = 1, 1000A[i, j] = 2 � B[i, j]endforendfor(a) Original program'

&

$

%
real A[1000, 1000], B[1000,1000]for j = 1, 1000for i = 1, 1000A[i, j] = 2 � B[i, j]endforendfor(b) After loop interchangeFigure 2.1: Loop interchange example



8 The way some of the current programs are written may be a serious obstacle inapplying data transformations. Existing programming languages allow programswhose correctness relies on the particular array layout. Mechanisms that can beblamed for that include pointer arithmetic and creating aliases of di�erent typesby the use of common blocks or type casts.Loop transformations have been traditionally used to improve the locality ofscienti�c applications. However, loop transformations fail in many cases:� Array transformations work for imperfectly nested loops. Although looptransformation can be applied to many instances of imperfect loop nests [59],they cannot be used for many complex loop nests. As long as the conditionsof Section 2.2.2 are met, we can always change the mapping of an array.� We can ignore data dependences. Again, if we make sure that none of theprogramming language constructs discussed in Section 2.2.2 (pointer arith-metic etc.) is used for the arrays we want to remap, data transformationsare always legal.� They can be used to optimize explicitly parallel programs. For programswith user level parallelism, loop transformations are generally not possible(except for the sequential portions of the program). The reason is that theprogrammer has already decided the parallelization. Often, synchronizationprimitives are inserted which seriously limit or make impossible any looptransformations.� In languages with well de�ned exception mechanisms (like Java or C++),any reordering of loop iterations must take into account exception handlerswhich may depend on partial results being computed in speci�c order.2.3 Algebraic Representation of Data MappingsWe will �rst present a formal representation of array mappings. The representa-tion will be used in the locality model described in Section 2.4.2.3.1 Representing data mappingsWe consider data mappings for arrays of any dimensionality. We �rst discusslinear mappings and extend them later to a�ne mappings.A mapping is a function from a vector of array subscripts to an o�set fromthe start of the memory block allocated for the array. Let us de�ne a subscriptvector to be the vector of array subscripts, where the ith element in the vector



9is the subscript from the ith dimension of the array reference. A linear mappingfunction is represented as a vector, where the product of the subscript vector andthe mapping vector is the o�set.For example, consider again the array example introduced on page 2 and as-sume row-major mapping as illustrated in Figure 1.1. The compiler must generatecode which given a reference to an array element, will calculate the o�set of thatelement. For the reference A[i, j], the o�set is� = 3i + j:We can compactly represent such a mapping function with a vector. The mappingvector for array A would be m =  31 ! and we would apply it to a referencerepresented with a subscript vector S =  ij !. The o�set is simply the innerproduct of those two vectors:� = (i j) 31 ! = 3i + j:As another example, consider an array declared asreal A[0..n-1, 0..n-1];For a reference to an array element A[i, j], the subscript vector is S =  ij !.A mapping corresponding to a row major organization is a vector m =  n1 !To apply the mapping, we compute the inner-product of the subscript vectorand the mapping vector. For our example,� = STm = (i j) n1 ! = in + jwhich indeed corresponds to the row major mapping. Column major mappingwould be represented as a vector  1n !, and would produce the o�set i + nj.Linear mappings as described above are convenient for locality analysis. Theactual mappings used in code generation should be extended to include a constanto�set in order to reference the correct location of the array element in memory.Note that we can use the linear part of an a�ne mapping for locality analysisand use full a�ne mappings in the generated code. This is possible, because the



10constant o�set does not change the locality properties of array accesses if we donot consider inter-array interferences.The obviuos way of considering the constant o�set, D, would be to simplyadd the appropriate value to the expression for the array element o�set. Forour examples so far we did not need to include the constant o�set, because thesubscripts started from zero, which implies D = 0.The constant o�set can be easily computed from the array type. Assume thata d-dimensional array is declared as:real A[l1 : u1, l2 : u2, ... ld : ud]The constant o�set can be computed asD = � dXi=1 limi:To illustrate this point, consider the Fortran convention with column-majormapping array subscripts that start from one rather than zero. The array A willnow be declared:real A[1..n, 1..n];And the constant o�set can be calculated as:D = � dXi=1 limi = �(1 + n):The complete o�set will now be:� = STm +D = (i j) n1 !� (1 + n) = in + j � n� 1:For compact representation, we can include the constant o�set in the mappingvector. Now, subscripts and mapping vectors for n-dimensional arrays will becomprised of n + 1 elements. For the example above and the constant o�set of 0,we have (i j 1)0B@ n10 1CA = in + j:This mapping vector describes arrays whose subscripts range from 0 to n�1, as inthe programming language C. In Fortran arrays have column major organizationand subscripts range from 1 to n, so the analogous expression is(i j 1)0B@ 1n�(n + 1) 1CA = n(j � 1) + i� 1:



11In general, for a d-dimensional array with the mapping vector ofm = 0BBB@ m1m2: : :md 1CCCA ;we de�ne the extended mapping vector to have an extra element equal to theconstant o�set: m = 0BBB@ m1: : :mdD 1CCCA :In addition to the mapping and subscript vectors we de�ne the following terms:� Number of data dimensions d is the number of dimensions of an array.� An o�set � is a number which for a given array reference describes thedistance of the referenced array element from the start of the array. It canbe computed as: � = STm. If the subscripts do not start from zero, we mayhave to use extended mapping vectors to compute correct o�sets.� A subscript range vector w describes the ranges of subscripts expressionsin an array. The subscript range vector can be computed from the lowerand upper bounds for subscript expressions wi = (ui � li + 1).� An access matrix [45] A describes the subscripts of an array reference interms of loop variables. Access matrices are described in Section 2.4.2.� An o�set vector � contains constant parts of each subscript expression.2.3.2 Constraints on mapping vectorsUnambiguityA data mapping must satisfy certain conditions. The most important conditionis that it is a one to one mapping. This is needed to ensure that every subscriptvector corresponding to a legal array reference maps to a unique o�set.Not every mapping vector satis�es the unambiguity condition.Theorem 2.1 If a subscript range for a given dimension is greater than one, thecorresponding element in the mapping vector must not be zero.wi > 1 =) mi 6= 0



12Proof: Obvious. 2As we show below, other constraints exist. Without loss of generality, we usetwo-dimensional arrays to illustrate the ideas. It is straightforward to generalizethe results to arrays of any dimensionality.Square matrices Let us consider the following declaration (in the rest of thissection, we assume that subscripts' lower bound is 0)real A[n, n];Let the mapping vector be m = 0B@ abc 1CA.
Lemma 2.1 If w =  nn ! then the mapping vector m = 0B@ abc 1CA is such that atleast one of jaj; jbj must be greater than or equal to n.Proof: Let a; b > 0. We will show that at least one of a, b must be greaterthan or equal to n. Assume that a < n and b < n. Then, the subscript vectorsS1 = (b 0 1)T and S2 = (0 a 1)T both map to the o�set ab + c. We can seethat assuming a > 0 and b > 0 and S1 = (b 0 1)T and S2 = (0 a 1)T led to acontradiction. Vectors S1 and S2 are legal because a; b < n. Therefore at leastone of a; b must be greater than or equal to n.The condition on the sign of a and b can be relaxed. Rather than havinga; b > 0, we only require a; b 6= 0. With this assumption, similar reasoning showsthat at least one of jaj; jbj must be greater than or equal to n. 2Rectangular matrices Now consider the following arrayreal A[n, k];Lemma 2.2 If w =  nk ! then the mapping vector m = 0B@ abc 1CA is such thateither a � k or b � n.



13Proof: Let the mapping vector be m = (a b c)T . Let a; b > 0. We will show thatwe must have either a � k or b � n. Assume that a < k and b < n. Then, thesubscript vectors S1 = (b 0 1)T and S2 = (0 a 1)T both map to the o�set ab + c.Vectors S1 and S2 correspond to legal references to the array A because a andb are both within bounds for the subscripts of A. Therefore we must have eithera � k or b � n. 2This result can be generalized to matrices of any dimensionality.Dense mappingsIn most applications, we want the mappings to be dense. That is if the arraycontains n elements, we want o�sets for all valid array references be in the range0; : : : ; n� 1.Note that the dense mapping is not required for correctness. On the other handthe unambiguity condition considered earlier must be satis�ed for the mapping tobe valid.All references allowed Consider the following array of size s = kn as anexamplereal A[n, k];Theorem 2.2 For a given constant o�set c, there are exactly two legal, linearmappings that are dense. One of them, (1 n 0)T , corresponds to column majororientation, the other one (k 1 0)T , corresponds to row major orientation.Proof: Let the mapping vector be m = (a b c)T . Let us �rst assume for simplicitythat a; b > 0 and c = 0. By Lemma 2.2 a � k or b � n. Consider the referenceA[n-1][k-1] for both cases. The o�set � is a(n � 1) + b(k � 1). The maximumo�set is �max = nm� 1.� a � k: If b � 2, we have � � k(n� 1) + 2k� 2 = k(n + 1)� 2. We see that� > �max provided that k > 2. Therefore we must have b < 2, i.e., b = 1and a = k.� b � n: Similarly, we must have a = 1 and b = n. 2Similarly, it can be shown that for an d-dimensional array, there are exactlyd! legal, dense, linear mappings.



142.3.3 Banded matricesIf we have more information about the range of array subscripts we may be able toallocate less memory than indicated by the product of the sizes in all dimensionsof the array.One case that frequently appears in scienti�c applications is that of a bandedmatrix. A banded matrix has non-zero elements only along the diagonals of thematrix. A matrix A has lower bandwidth p if Aij = 0 for i > j + p and upperbandwidth q if Aij = 0 for j > i + q. There is no need to store the zerosin memory. For a matrix like that we can allocated memory using one of themappings described below.Assume that we have the following declaration:real A[n, n];We can establish that this array contains a banded matrix by program analysis orby use of programmer annotations. Assume that array A has a lower bandwidthp and an upper bandwidth q.If there are no accesses to elements outside the band de�ned by p and q, thefollowing four mappings can be used:� (p + q; 1; p)T ,� (1; p + q; q)T ,� (1� n; n; pn)T , and� (n; 1� n; qn)T .All of these mapping will result in memory being allocated for only the n(p+q+1)non-zero elements.2.4 Locality ModelWe want to optimize programs for execution time. To exploit the memory hierar-chy, data reuse has to be maximized. To simplify our discussion, we will considercomputers with large main memory and smaller, but faster cache memory. Cachehit ratio [34] is one metric for quantifying data reuse. The hit ratio for a given runof a program is a non-trivial function of machine parameters, operating systempolicies, load on the machine and the access pattern of the program itself.A more machine-independent metric, which can be used in compilers, is refer-ence distance. We measure how many di�erent cache lines are accessed between



15two references to the same cache line. We observe that this reference distance canbe used to guide program optimizations.As a locality model, we propose a stride vector to measure the locality of arrayreferences in a loop nest. In Section 2.5, this model is used for data optimizations.In Section 3.2, we show how to integrate the stride vectors formalism with trans-formation matrices, which are commonly used to represent loop transformations.2.4.1 Reference distanceWe use reference distance as a metric of the quality of data locality. This metric isnot as accurate for a given machine as the cache hit ratio, but it has the advantageof being relatively independent from machine parameters|it only depends on thecache line size.Reference distance for a given memory access is de�ned to be the number ofdistinct cache lines accessed since the last access to the same cache line (or 0 ifthe cache line has not been accessed before).To analyze the program behavior, we create a histogram for all interestingreferences. The goal of the locality optimization is to decrease the distances forcritical references. Note that to decrease the distance for some references, we mayhave to increase the distance for others.2.4.2 Stride vectorsOur approach to representing data reuse for di�erent data mappings uses a newconcept of a stride vector instead of the more traditional reuse vectors [69, 47].Elements of the stride vector give us information about data reuse. If an elementis 0, then this loop carries temporal reuse, if an element is less than the size of acache line, then the loop has spatial reuse.Figures 2.2 and 2.3 illustrate the concept of a stride vector. Consider againthe very simple example of a 4 � 3 array shown on page 2 in Section 1.2. Theapplication's performance is in
uenced most by the locality of the array referencesin the innermost loop. For iteration j of the outer loop, four array elements areaccessed in the inner loop: A[0,j], A[1,j], A[2,j] and A[3,j]. Locality of thoseaccesses can by summarized by a distance, or stride, between those elements.Figures 2.2 shows that for the row-major layout of A, the stride is 3, for thecolumn-major layout (Figures 2.3) the stride is 1. If the stride is less than thecache line size, consecutive memory references in the innermost loop are likelyto access the same cache line, therefore increasing the likelihood that a memoryaccess is satis�ed in the cache.
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Figure 2.2: Row-major layout
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column 0 column 2column 1Figure 2.3: Column-major layoutreal A[n, n];for i = 1, n/2for j = 1, n/2R[i, i+j] = ...Figure 2.4: Array reference exampleConsider the array reference in the example shown in Figure 2.4. The indexingfunction is de�ned by an a�ne mapping and can be used to compute the subscriptsvector: S = Au + � =  1 01 1 ! ij !+  00 ! =  ii + j !We will use the linear part of the indexing function. The constant part of the a�nemapping can be ignored if we do not consider group reuse. Therefore expressionsin subscripts of an array reference can be described by an access matrix [45]. Inour example: A =  1 01 1 !Let u be a vector of loop variables. For our example u =  ij !. With this



17notation, the subscript vector can be computed as: S = Au. For our example:S = Au =  1 01 1 ! ij ! =  ii + j !We have already seen that the subscript vector can be used to compute theo�set for an array reference � = STm.If we assume row major mapping for our example, the o�set is� = STmr = (i; i + j) n1 ! = (n + 1)i + jThe stride is the di�erence between o�sets for this reference in two subsequentiterations (i.e. the stride for loop i assumes instances of the reference with the loopvariable of i incremented by the step size and all other loop variables constant).In our case, the stride in the inner loop is 1 and the stride in the outer loop is(n+ 1). We can represent this information more concisely with the stride vector .In our case the stride vector is vr =  n + 11 !.We can compute the stride vector from the mapping vector and the accessmatrix: v = ATm. Let us consider mc = (1; n)T and mr = (n; 1)T whichrepresent column major and row major mappings respectively.vc = ATmc =  1 10 1 ! 1n ! =  n + 1n !
vr = ATmr =  1 10 1 ! n1 ! =  n + 11 !The formula for the o�set can be rewritten as:� = (Au)Tm = uTATm = uTv2.4.3 OptimizationsDesired stride vectorsLet us examine our two stride vectors vr and vc de�ned earlier. None of themshows temporal reuse, but row major mapping will cause spatial reuse in theinner loop and column major mapping will have no reuse. To exploit spatiallocality, we want the stride 1 in the inner loop. Therefore, row major mapping ispreferable for this array reference and this loop nest.



18 We consider separately optimal stride vectors for uniprocessor and parallelprograms. Let v be a stride vector:v = 0BBB@ v1v2� � �vN 1CCCAwhere N is the depth of the loop nest enclosing this array reference.Optimizing for sequential programsFor the best locality, inner loops should have better data reuse than outer loops.This increases the likelihood of cache hits. So, a stride vector, v, is optimal if:(8i = 1; : : : ; N � 1) vi � vi+1 (2.1)Optimizing for parallel programsFor parallel programs the optimality condition is di�erent. Good locality for par-allel programs means good data reuse on one processor and little false sharingbetween processors. In terms of stride vectors, we want all elements that corre-spond to sequential loops to satisfy the condition from Equation 2.1 and at thesame time each of those elements should be less than any element correspondingto a parallel loop. If possible, strides in all parallel loops should be greater thanthe coherency unit for a given machine to avoid false sharing.To simplify the notation, we assume here that in each loop nest all parallelloops are the outermost loops, so that the conditions for parallel and sequentialprograms are the same. Note that the more general case can be handled by smallmodi�cations of the algorithms presented in the following sections.2.4.4 Application of stride vectorsStride vectors can be used to decide which data mappings and loop transforma-tions should be used to optimize data reuse. Section 2.5 presents an algorithm fordeciding optimal mappings for arrays if only data transformations are performed.Later, Section 3.2 shows how to apply both control and data transformations toimprove data locality.2.5 Data TransformationsIn this section we will show how the best mapping for an array can be chosen ifwe apply data transformations only.



192.5.1 Single reference per arrayConsider the simple example from Figure 2.4. The access matrix is A =  1 01 1 !.We want to decide the mapping for the array R. By Theorem 2.2, we know thatin this case there are only two choices for linear mappings: mr = (n; 1)T for rowmajor and mc = (1; n)T for column major.As shown in Section 2.4.2, we can now compute stride vectors for both map-pings. vr = ATmr =  n + 11 !vc = ATmc =  n + 1n !From the stride vectors we see that row major mapping is preferable for this arrayreference and this loop nest.As discussed in Section 2.3.2, there are d! di�erent dense mappings, where d isthe number of dimensions of the array. Factorial is a fast growing function, but wehave rarely seen an array in a real-life application with more than 5 dimensions.The vast majority of arrays used in scienti�c applications have less than 3 dimen-sions. An extensive study of Fortran applications performed by Shen et al. [60],showed that out of 18,549 array references in their application suite only 107 areto arrays with more than 3 dimensions. Therefore the brute-force algorithm thattries all possible dense, linear mappings and uses the optimality condition fromSection 2.4.3 to �nd the mapping that results in the best stride vector is fast inpractice.2.5.2 Multiple references per arrayThe problem may become signi�cantly harder if there are many references for onearray. It is possible that di�erent references would require con
icting mappingsfor optimum data locality. In that case, we must use some strategy to resolve thecon
ict. We can for instance,� Choose the default mapping in case of any con
ict. This is a simple way ofensuring that the proposed data mapping will always be at least as good asthe default mapping.� Give priorities to di�erent references of the same array and satisfy the lo-cality requirements for the highest priority reference �rst. Section 6.4.7describes a con
ict-resolution heuristic which works well in practice.



202.6 ExperimentsIn this section, we �rst describe the experiment methodology and the applicationsused. Then we present the results and analysis.2.6.1 MethodologyWe performed three types of experiments.� Native timings: Running the application on the desired computer is theultimate test of the optimizations proposed here.� Hit (miss) ratios: We use simulation and instrumentation to �nd thefraction of memory accesses that were satis�ed in the cache. We show thatour optimizations increase hit ratio (and, of course, decrease miss ratio).� Reference distance: We instrument the programs to measure referencedistances for all array accesses.In our experiments we used an SGI Challenge. This machine has local caches(1MB) on each node. Hardware supports cache coherence. We present executiontimes as the results. To obtain hit ratios for uniprocessor executions, we useinstrumentation for e�ciency|the performance impact of the instrumentation issigni�cant but not as large as the impact of the detailed simulation. We also use asimulator built with Mint [66] to obtain classi�cation of misses as false sharing andother misses for parallel executions. Mint is a relatively fast simulator, but thelevel of detail causes a larger slowdown than the instrumentation. Instrumentationinserts a function call after every array reference. The instrumentation code usesthe address of this reference to update instrumentation information and performan on-line cache simulation.In our experiments simulation was more accurate than instrumentation be-cause it used the actual binary representation of the application. The instrumen-tion on the other hand was applied to the source program, and so the optimizationintroduced by the back-end of the compiler were not taken into e�ect.Note that because of the overhead of instrumentation and simulation, the datasizes used in our simulations were smaller than data used in the native runs. Thetotal size of the data in each simulated run was smaller than the actual cache inSGI Challenge. Therefore, to show di�erences resulting from better locality ofa program, we had to simulate machines with smaller caches than the physicalcon�guration of our hardware.



212.6.2 Application suiteWe have used a set of �ve explicitly parallel programs: matrix multiply (MxM),transitive closure of a graph (closure), matrix inversion (inversion), Gaussian elim-ination (Gauss), and Warshall-Floyd all-pairs shortest paths algorithm (Floyd).2.6.3 Execution timesFor explicitly parallel programs we can only apply data transformations. Thecode cannot be changed because the programmer has already decided on theparallelization and inserted synchronization primitives that prevent the compilerfrom using loop transformations. All �ve explicitly parallel kernels used in ourexperiments have this property. Our graphs show the performance of the originalprogram and of the program with data transformations.
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Figure 2.5: Transitive closure: e�ect of data transformationsFigure 2.5 shows speedups of one of those kernels|transitive closure for twodata sizes: for graphs of 600 and 1000 vertices. As is expected, data size mustbe large enough to provide su�cient parallelism on larger numbers of processors.For this program speedups on up to three processors are good for the optimizedversion, but when more processors are used, the executions for 1000 vertices showbetter speedups than executions for 600 vertices.Similar performance gains were observed for other explicitly parallel applica-tions. Figure 2.6 shows the execution time of the optimized code as a fraction ofthe execution time of the original program. The applications are a matrix mul-tiply of two 1024 � 1024 matrices (MxM), shortest paths calculation of a graph
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Figure 2.6: Improvements in execution times for selected applications.with 512 vertices (Floyd), transitive closure of a graph with 350 vertices (closure),Gaussian elimination for 400 equations (Gauss) and matrix inversion of a 500�500matrix (inversion). All applications are parallel programs and were executed on8 processors. Instrumentation results discussed in Section 2.6.4 shows that mostof the improvement in this case comes from eliminating false sharing.2.6.4 Cache hit ratiosFigure 2.7 shows the breakdown of memory accesses in the transitive closure pro-gram on 2 and 4 processors. For the original program (the left bar in each group)the number of misses and speci�cally false sharing misses increases as the numberof processors increases. For both numbers of processors, data transformations al-most completely eliminate misses. Figure 2.5 shows that the performance impactis very dramatic.
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3 Unifying Array and LoopTransformations
3.1 MotivationLoop transformations (described in Section 2.2.1) and array transformations (Sec-tion 2.2.2) have some advantages and disadvantages.Section 2.2.2 has shown advantages of data transformation over loop transfor-mations. Here is why loop transformations are preferred in some cases.� Loop transformations are well understood. Substantial work has been doneto develop loop transformations for locality and some of the algorithms havebeen implemented successfully.� They may improve temporal locality. Data transformations cannot achievethat.� They work in some cases in which data transformations cannot be appliedbecause of con
icts between di�erent references to the same array. As anexample, consider the code fragment created by concatenating loop nestsfrom Figure 2.1a and Figure 2.1b. The �rst loop nest requires row major andthe second one column major mapping. We can however improve localityby performing loop interchange in one of the loop nests.For some programs, neither data nor code transformations alone will resultin the best possible data reuse. We will demonstrate this on the example shownin Figure 3.1. This program computes a product of three square matrices: F =EAB.Assume default column major mapping (similar reasoning may be used for rowmajor mapping). There are three possible approaches to optimizing this program.We will consider all of them to show that for this example, we need both dataand control transformations.
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for i = 1, nfor j = 1, nfor k = 1, nC[i, j] = C[i, j] + A[i, k] � B[k,j]endforendforendforfor i = 1, nfor j = 1, nfor k = 1, nF[i, j] = F[i, j] + E[i, k] � C[k, j]endforendforendforFigure 3.1: MxMxM (multiplication of three matrices): original code� Data transformations: If we do not apply loop transformations, the al-gorithm from Section 2.2.2 will show that the best locality is achieved whenarrays A and E have row major organization, arrays B and F have columnmajor organization, and the array C cannot have optimal locality in bothloop nests (the optimal mapping for the �rst loop nest is row major and forthe second loop nest it is column major).� Loop transformations: If we assume that all arrays have column majororganization, the best locality can be achieved if we apply loop interchangein both loop nests to make the i loop innermost [47].� Data and Loop Transformations: We can use the approach presented inthis chapter to generate code with even better locality. The code is shownin Figure 3.2 and the following data mappings must be used: C, B and F|column major; A and E|row major.Note that this result cannot be obtained by applying data and loop trans-formations one after another (in any order).From the above discussion, we conclude that applying control and data trans-formations separately will not give the best program. A uni�ed approach thatutilizes control and data transformations at the same time becomes necessary.
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for j = 1, nfor i = 1, nfor k = 1, nC[i, j] = C[i, j] + A[i, k] � B[k,j]endforendforendforfor j = 1, nfor i = 1, nfor k = 1, nF[i, j] = F[i, j] + E[i, k] � C[k, j]endforendforendforFigure 3.2: MxMxM: control and data transformations3.2 The Uni�ed ApproachIn this section we will show how to unify loop transformations with the datatransformation approach presented in Section 2.5.We present the framework for representing control and data transformations,which can be used to design algorithms for deciding the combination of looptransformation and data mappings that results in good data locality. It is hard to�nd an optimal solution in this case and therefore the algorithm presented here isa heuristic. However, in most common patterns of code, the generated code willpossess the optimal data locality.3.2.1 Linear Loop TransformationsThe control transformation we use here is the linear loop transformation theorydeveloped in [46]. This framework makes it possible to employ complex programtransformations to improve data locality and eliminate false sharing for bandedmatrix programs. This transformation theory is based on the use of integer latticesas the model of loop nests and the use of non-singular matrices as the model ofloop transformations.



28 Consider two nested loops. The points in the iteration space of this loop canbe modeled as integer vectors in the two dimensional space ZZ 2, where ZZ is theset of integers. For example, the iteration (i = 2, j = 3) can be represented bythe vector (2, 3). In general, points in the iteration space of a loop nest of depthn can be represented by integer vectors from the space ZZ n.We will focus on transformations that can be represented by linear, one-to-onemappings from the iteration space of the source program to the iteration spaceof the target program. Linear, one-to-one mappings between iteration spacescan be modeled using integer, non-singular matrices. Performing a sequence oftransformations corresponds to composing the mappings between iteration spaces,which, in turn, can be modeled as the product of the matrices representing theindividual transformations. The issues of code generation and legality testing aredescribed in [46]. The framework has been used for reducing non-local memoryaccesses on NUMA parallel machines [45].3.2.2 Single array referenceTo capture the data locality for array accesses, we will use the concept of a stridevector introduced in Section 2.4.2. To compute the stride vector in the generatedcode, we have to apply the loop transformation to the array reference. Mathe-matically, we have to multiply the transformation matrix T by the access matrixA. Let us consider again the example from Figure 2.4. Assume that we want toapply loop interchange to obtain the code shown in Figure 3.3.real A[n, n];for J = 1, n/2for I = 1, n/2R[I, I+J] = ...Figure 3.3: Array reference example after loop interchangeLoop interchange for this loop nest is represented by the matrix: T =  0 11 0 !.Recall that the stride vector in the original code can be computed as ATmwhere m is the mapping vector for array R.We can compute the subscript vector in terms of the new loop indices S =AT�1u where u contains loop indices of the transformed loop nest. For our ex-



29ample, S =  1 01 1 ! 0 11 0 ! JI ! =  II + J !The o�set for an array reference in the transformed code is� = STm = (AT�1u)Tm = uT (T�1)TATmIf all steps are unitary: � = uTv (see Section 2.4.2).Hence, the stride vector is v = (T�1)TATm. For our example and row majormapping, vr =  0 11 0 ! 1 10 1 ! n1 ! =  1n + 1 !To verify the correctness, we can compute the new stride vector directly. Theaccess matrix in the code in Figure 3.3 is Ax =  0 11 1 !. Hence, the stride vectorfor row major mapping isvr = ATxmr =  0 11 1 ! n1 ! =  1n + 1 !which matches the previous result.We want to �nd a loop transformation and an array layout that will result inthe best data locality. More formally, we want to �nd a transformation matrixT and a mapping vector m that will result in a stride vector v with elements indecreasing order. At the same time the transformation matrix must satisfy datadependences and the mapping vector must represent a legal mapping.We use nonsingular transformation matrices, therefore, we can rewrite v =(T�1)TATm as, T Tv = ATmIn principle, we could �nd the optimal solution by solving this equation (withthe constraints for legality of transformation and mapping). This optimization ishard to solve.We propose a heuristic that is su�cient for many common patterns of code.The search space of possible loop transformations is potentially in�nite. In ouralgorithm, we assume that the transformation matrix contains only values 0 and1. We also assume that we know the value of the stride vector v beforehand. Weconstruct the matrix T row by row by trying all possible values for this row andall dense, linear mappings. We verify if the rows constructed up to the currentstep satisfy the above equation and the data dependences.This idea can be realized in a two-step algorithm. In the �rst step, we �ndthe desired stride vector in the target code for every array reference. Note that



30because of the relation between di�erent references to the same array, not allreferences will have the ideal stride vector as described in Section 2.4.3. In thesecond step, we construct the matrix T T row by row.3.2.3 Multiple array referencesA similar algorithm can be used to solve the most general problem of multiplearray references in multiple loop nests. The search space is larger in this casethan for the single array reference. If there are many arrays, we initially considerall possible mappings for every array. As the transformation matrices are beingbuilt, we constrain the set of acceptable mappings for every array.As in Section 2.5.2, the uni�ed algorithm for multiple array references mustimplement con
ict resolution.3.3 ExperimentsFor the experiments we have used the methodology described in Section 2.6.1.3.3.1 Application suiteWe have used a set of three sequential Fortran programs which are automaticallyparallelized. The code shown in Figure 3.4 is a synthetic benchmark that canbene�t from uni�ed data locality improvements.for i = 1, nfor j = 1, nA[i, j] = B[j, i]�C[i, j] + D[i, j]�LOG(E[j, i])endforendforfor i = 1, nfor j = 1, nB[i, j] = A[j, i] + E[i, j]endforendfor Figure 3.4: A synthetic benchmark



31The second program, MxMxM, is the example from Figure 3.1 which wasdiscussed in Section 3.1. This program computes the product of three squarematrices.The third benchmark|economics|is a larger application from the domain ofeconomics modeling. It calculates the amount of goods shipped between supplyand demand markets given supply and demand prices, transportation costs andtari�s [55].3.3.2 Execution times

0

20

40

60

80

100

120

140

1 2 3 4 5 6 7 8

tim
e 

[s
]

# processors

Execution times

original
data transformations
code transformations

code and data transformations

Figure 3.5: Execution times for the synthetic benchmarkExecution times for the synthetic benchmark are shown in Figure 3.5. Wecan see that both data transformations and loop transformations alone improveperformance of the program, but uni�ed optimizations result in shorter executiontimes than either of those transformations alone. Uni�ed transformations decreasethe execution time by about 40% as compared to loop transformations only.Figure 3.6 shows that the uni�ed set of optimizations produces not only thebest performance for the uniprocessor case, but also the most scalable parallelprogram. Each speedup is relative to the optimized version of the sequentialprogram, rather than the original unoptimized version. Therefore speedups forone processor are always 1 for all four versions of the program, even thoughFigure 3.5 demonstrates that the uniprocessors times of the optimized versionsare di�erent.The e�ect of scheduling (assigning iterations to processors) was also eliminatedas much as possible. The best possible scheduling was used in the unoptimized case
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Figure 3.6: Speedups for the synthetic benchmarkso that there is no additional improvement in the optimized case due to scheduling.Parallel programs whose timings are presented in Figures 3.5 and 3.6 had theirparallel loops blocked to minimize false sharing. If a naive scheduling algorithm,e.g. interleaving, were used in the original version, locality optimizations wouldhave a bigger impact on the program behavior and the relative improvements inperformance would be larger.We can see that the version with uni�ed optimizations scales better than anyof the other three implementations. Even the uniprocessor execution bene�ts fromour approach, but the improvement increases with the number of processors.For the double matrix multiply, we have applied all three possibilities of local-ity optimizations: data transformation alone, loop transformation alone and theuni�ed transformation (see the discussion in Section 3.1). We can see in Figure 3.7that for this program we have to apply both data and control transformations toobtain the shortest execution time (17% faster than loop transformations only).Again, the optimizations help for both uniprocessor and parallel executions.Figure 3.8 shows the execution times for the economics program. We cansee that applying transformations cuts the execution time by more than half.Applying both data and code transformations produced the code 8% faster thanthe code with loop transformations only.3.3.3 Cache hit ratiosFigure 3.9 shows numbers of misses for MxMxM for di�erent cache sizes. Weassume a direct-mapped cache. To make the graph more readable, miss numbers



33

0

20

40

60

80

100

120

140

160

1 2 3 4 5 6 7 8

tim
e 

[s
]

# processors

Execution times - MxMxM

original program
data transformations
code transformations

code and data transformations

Figure 3.7: Execution times for the MxMxM program
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Figure 3.8: Execution times for the economics programare normalized for each cache size so that the unoptimized code had one unit ofcache misses. As discussed in Section 2.6.1 the instrumentation incurs a signi�cantoverhead in terms of the execution time. Therefore, we had to restrict ourselvesto smaller data sizes. Consequently, we had to simulate caches with smaller sizesthan the actual hardware present in our machines. We varied the cache size from16 Kbytes to 128Kbytes, the cache line size was 32 bytes.
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Figure 3.9: Normalized miss numbers for MxMxM3.3.4 Reference distancesThe experiments presented in this section show that the optimizations discussedin this chapter decrease reference distances for many array references. Referencedistance is a useful metric, because it is not very closely tied to machine pa-rameters and yet it can be used to successfully predict (qualitatively rather thanquantitatively) the impact of locality optimizations. The cache line size in allexperiments in this section was 32 bytes.Figure 3.10 presents numbers of references whose reference distance falls intoa given interval. We have divided the distances into intervals that best showthe e�ect of data transformations on the economics program. We can see thatthe transformations increased the number of references in the 5{10 interval anddecreased the number of references with larger distances|in the 101{500 interval.References with other distances remained basically unchanged.Larger reference distance means higher probability that the cache line hasbeen evicted since its last use. Recall that because of the signi�cant impact of theinstrumentation, we had to run the program on small data sets which explainswhy all reference distances are small.Figure 3.11 shows reference distance intervals for the MxMxM program fromFigure 3.1 and its three optimized versions which were described in Section 3.1.This is presented in a slightly di�erent way than for the economics program inFigure 3.10, because we compare four versions of the program instead of two.In the optimized code, the number of references in intervals corresponding to
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4 Data Structure Recovery
4.1 MotivationUnderstanding the pattern of array accesses has been identi�ed as a key elementof many optimization techniques: it is necessary for achieving good locality ofmemory references, for deciding data distribution, and for determining data de-pendences.For distributed shared-memory machines and uniprocessor machines, we haveshown in Chapters 2 and 3 the need to optimize the programs for locality by chang-ing the array layout in memory. Experiments have shown that uni�ed data andloop transformations may signi�cantly improve performance of some applications.However, data transformations are impossible without the multidimensional arraystructures.The importance of the right array layout is even greater for NUMA (non-uniform memory access) parallel machines. Compilers for modern NUMA ma-chines like Origin2000 provide mechanisms for specifying array layouts [15, 61].For distributed-memory message-passing machines, a parallelizing compilermust decide the placement of data into the local memories of participating pro-cessing units. For every array, the compiler must compute a function mappingfrom data space to a processor space [43, 32, 16, 3, 7]. Such algorithms also dependon the multiple dimensionality of arrays.Unfortunately, in many real applications arrays do not have interesting struc-tures, i.e., they are plain linear arrays rather than multi-dimensional arrays. Forexample, consider the code in Figure 4.1 from the subroutine OLDA in the pro-gram TRFD in the PERFECT benchmark suite [8]. This array structure leaveslittle room for powerful compiler optimizations based on data structures. Logi-cally, however, the array XIJRS has a nice 4-dimensional structure which can beexploited in a compiler.Array linearization, which generates linear array structure and accesses, isfrequently used in scienti�c programs [48, 53]. Maslov [53] reports that 6 out of
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m=0DO 300 i=1,nDO 300 j=1,i...DO 240 r=1,nDO 230 s=1,rm=m+1VAL=XIJRS(m)...230 CONTINUE240 CONTINUE...300 CONTINUEFigure 4.1: A loop nest from TRFD/OLDA

8 programs in the RiCEPS [12] benchmark suite contain linearized references. Inaddition to the applications from RiCEPS, we have studied programs from thePERFECT Benchmarks [8] suite. The study shows that linearized array referencesare common in PERFECT applications.We show that interesting logical data structures can be automatically recoveredfrom the 
at one-dimensional arrays and accesses. We present a framework andalgorithms for recovering the logical multidimensional data structures.There has been very little work on recovering logical structures of arrays. Theclosest is the work by Maslov [53], where he developed a data dependence algo-rithm capable of detecting data dependences in the complicated access patternsto the linear arrays. The dependence analysis for linearized references has beenfurther re�ned in Maslov and Pugh [54].In the rest of this chapter, we �rst present the conceptual framework for ouralgorithm. Later, in Sections 4.3 and 4.4 we present algorithms for recovering arraystructures for rectangular and non-rectangular arrays, respectively. Section 4.5shows how to resolve possible con
icts for multiple references to the same array.



394.2 Framework4.2.1 NotationTo discover the number of dimensions and recovered subscript expressions, we usethe concepts introduced in Section 2.3. A simple example in Figure 4.2 will beused as an illustration. REAL A(0:199, 0:99)DO i = 1, 99DO j = 1, 100DO k = 0, 99A(199 - 2 * k, i - 1) = ...END DOEND DOEND DOFigure 4.2: A 2-D array referenceLet u be a vector of loop variables. For our example u = 0B@ ijk 1CA. With thisnotation, the subscript vector can be computed as: S = Au+ �. For our example:S = Au + � =  0 0 �21 0 0 !0B@ ijk 1CA+  199�1 ! =  199� 2ki� 1 ! :Here A is the access matrix. The mapping vector for this array is m =  1200 !and it can be interpreted to mean that a single element is of size 1 and a singlecolumn has the size 200.For notational convenience, we de�ne S = Au, so that S = S + �.For a given reference, the mapping vector and the subscript range vector areclosely related. The following is true:(8i = 2; : : : ; d)mi = i�1Yj=1wj : (4.1)



40 Whenever necessary (mainly for code generation phase), we will include oneadditional element in a mapping vector representing the correction necessary tomake the o�set for the �rst element of the array equal to zero. In that case, wewill also add an additional element to the subscript vector, Sd+1 = 1. For theexample from Figure 4.2, the extended vectors would be: S = 0B@ 199� 2ki� 11 1CA,m = 0B@ 12000 1CA, so that the o�set is � = STm = 200i � 2k � 1. Unless explicitlystated otherwise, we use simple mapping vectors, not the extended vectors.Many of our algorithms are based on the following simple equality from Sec-tion 2.4.2: ATm = v.Arrays with constant mapping vectors are called rectangular. This is the onlykind of an array supported by type systems of programming languages like Cor Fortran. We extend the notion of an array to multidimensional structureswhich can be represented with variable mapping vectors. We call those arraysnon-rectangular.4.2.2 A Legal Fortran MappingFor rectangular arrays, we assume that recovered mappings must correspond tolegal arrays in an existing programming language. Without loss of generality,we assume that we want to recover Fortran (i.e., column major) arrays whosesubscripts start from 0. Note that we do not have enough information in thelinearized reference to recover lower bounds of subscript ranges. We can onlydiscover how many elements there are in each array dimension.A mapping vector m = 0BB@ m1...md 1CCA represents a legal Fortran mapping if thefollowing conditions are satis�ed:1. m1 = 1,2. (8i = 2; : : : ; d)mi � mi�1, and3. (8i = 2; : : : ; d)mi mod mi�1 = 0 .



414.3 Rectangular Arrays4.3.1 An OverviewWe concentrate on recovering structures of a�ne array references. We assumethat we start with a one-dimensional, a�ne array reference enclosed by a loopnest and we want to turn this reference into a multidimensional reference. Withthose assumptions, we describe a multidimensional array reference with a mappingvector, an access matrix, and an o�set vector (see Section 4.2.1).We can recover this structure in two steps:1. First we compute the stride vector and use it to �nd a mapping vector and anaccess matrix.2. Then we complete the subscript expressions by �nding an o�set vector.We present solutions to those two steps in the following sections.If there is more than one reference to an array in the analyzed portion of thecode, we may recover di�erent multidimensional structures for the same array.We show later how to merge those di�erent array de�nitions into one consistentarray type.
REAL A(0:19999)DO i = 1, 99DO j = 1, 100DO k = 0, 99A(200i - 2k - 1) = ...END DOEND DOEND DOFigure 4.3: A linearized referenceThroughout this section we will use the loop nest from Figure 4.3 to illustratethe algorithm for recovering a multidimensional structure of an array. After eachstep of the algorithm, we will show how that step is applied in practice.



424.3.2 Computing a Mapping Vector and an Access MatrixFinding a Stride VectorGiven a one-dimensional subscript expression b and a loop nest structure, wecan easily �nd a stride vector for an array reference by calculating the di�erencebetween values of b for subsequent iterations.The stride vector need not be constant. Nevertheless, in practice, strides tendto be either constant or simple functions of loop variables. In some cases theymay be more complex, e.g., as a result of indirection. In this section, we assumethat strides are loop-invariant (more general stride vectors are discussed later).If the stride vector is constant, the recovered array is rectangular and it can berepresented as a built-in array type in programming languages like C or Fortran.Example: Consider the loop nest shown in Figure 4.3. The subscript expressionis b = 200i � 2k � 1. Since �b���i=x+1 � b���i=x� = 200, the stride for loop i is 200.Computing similarly strides for the other two loops, we get the stride vector:v = 0B@ 2000�2 1CA :Finding a Mapping VectorIn general, the solutions space for the mapping vector and the access matrix maybe in�nite and �nding a meaningful solution may be di�cult. We present here analgorithm which will �nd a solution for linearized references to rectangular arrays.Our solution is meaningful in the sense that the recovered array structure matchesits use.In this approach, we �rst �nd a mapping vector and then compute an ac-cess matrix which is consistent with this mapping vector and the stride vectorcalculated earlier.We observe that in many cases each subscript expression of the recoveredlogical array reference contains at most one loop variable and for a given referenceeach loop variable appears in at most one subscript expression. We call thiscondition the simple subscripts condition.This observation leads us to a conclusion that a mapping vector found as asorted permutation of non-zero elements of the stride vector will be a legal Fortranmapping 1.1As discussed later, we have to take care of a few details, but this is the basic idea of ourapproach.



43When analyzing a linearized array reference, we do not know whether therecovered logical multidimensional reference satis�ed the simple subscripts con-dition. Therefore, we initially assume that the condition is indeed true and tryto apply the algorithm. At various points of the algorithm the validity of thesolution is veri�ed. If a solution is determined to be invalid, the algorithm fails.The algorithm presented here assumes that in a given loop nest all non-zerostrides are di�erent. We start with computing the stride vector v. We verifythat v is constant. Now, we create a vector v0 by removing from v all elementsequal to 0 and ordering all non-zero elements by their absolute values. Numberof elements of v0 is the number of dimensions, d, in the recovered array structure.The mapping vector m is created as an element-wise absolute value of v0. If theabsolute value of the smallest element of v0 is greater than 1, we make this elementequal to one.After computing the mapping vector, we verify that it de�nes a legal Fortranmapping, as explained in Section 4.2.2. If it does, we can proceed to �nding anaccess matrix.Example: Compressing and sorting the stride vector v = 0B@ 2000�2 1CA produces:v0 =  �2200 !. And the mapping vector is: m =  1200 !.Finding an Access MatrixFirst, we compute the subscript range vector, w, using (4.1). We need w to rep-resent the array, but it is also used to resolve potential ambiguities while buildingthe access matrix. Note that from (4.1) we can compute all but the last elementof the subscript range vector, i.e., wd. The last element is not required for unipro-cessor code generation (unless we want to check subscript ranges at run-time),but it may be necessary to decide data distribution. We compute it later fromthe subscript expression in the last dimension and the ranges of loop variablesinvolved in that expression.Given v and m, we want to �nd A which satis�es: ATm = v.Recall that we assume that the multidimensional array reference satis�es thesimple subscripts condition (de�ned in Section 4.3.2). In that case we can con-struct the access matrix column by column.Consider column i. We have:vi = dXj=1Aj;imj :



44 There are two cases:1. jvij = mj for some j. In this case we make Aj;i = vimj and Ak;i = 0 for allk 6= j. Note that the value of vimj is either 1 or �1 depending on the sign ofvi.2. Otherwise we choose the maximum mj such that mj < jvij (given the al-gorithm described in Section 4.3.2 for �nding the mapping vector, we knowthat j = 1). We make Aj;i = vimj and Ak;i = 0 for all k 6= j.After �nding the access matrix, the only information needed to generate themultidimensional reference is the o�set vector. We show how to �nd it in Sec-tion 4.3.3.Example: For v = 0B@ 2000�2 1CA and m =  1200 !, we can �nd the subscriptrange vector: w =  200? ! The algorithm described in this section builds thefollowing access matrix: A =  0 0 �21 0 0 !. The subscripts of the reference are:S =  �2k + �1i + �2 !. We will show how to compute �1 and �2 in the next section.4.3.3 Computing an O�set VectorIn Section 4.3.2 we have recovered the structure of an array, i.e., the mappingvector m and the parts of subscripts expressions which depend on loop variables,i.e., the access matrix A. Now, we have to compute constant parts of the subscriptsexpressions.More formally, we want to �nd the vector � as de�ned in Section 4.2.1. Thevector � is subject to two constraints:1. All elements of the subscript vector S = Au + � must be within the arraybounds de�ned by the subscript range vector w. Recall that subscripts inthe recovered array structure start from 0 (compare Section 4.2.2).2. The value of the o�set � = STm for u being a zero vector must be equal tothe constant part t1 of the one-dimensional subscript expression b.



45The second constraint will be satis�ed if (A~0 + �)Tm = t1 or simply �Tm =Pdk=1 �kmk = t1. As m1 = 1 and w1 = m2m1 = m2, we can rewrite the equation as:�1 + �1w1 = t1 where �1 = �2 + Pdj=3 �jmjm2 (4.2)There are in�nitely many solutions to (4.2). We �rst �nd an arbitrary solution�01, �01: �01 = t1 and �01 = 0.Then we �nd the value of �1 that satis�es the condition for the range of thesubscripts in the �rst dimension: 0 � S1 + �1 < w1 by subtracting a multiple ofw1 from �01: �1 = �01 � t2w1.The solution to (4.2) can be completed by setting �1 = t2. It is easy to verifythat the pair �1, �1 satis�es (4.2).By substituting the value of �1 in the formula for �1 in (4.2) with t2, we obtainan equation that can be used to compute �2:�2 + �2w2 = t2 where �2 = �3 + Pdj=4 �jmjm3 (4.3)Notice that (4.3) is similar to (4.2). We can generalize this algorithm for anydimension. For dimension i we start with the equation:�i + �iwi = ti (4.4)where �i = �i+1+Pdj=i+2 �jmjmi+1 . We �nd �i = ti�ti+1wi which satis�es: 0 � Si+�i <wi. The value of ti+1 will be used to compute �i+1.Note that for the last dimension (4.4) is degenerated to: �d = td and we get �ddirectly without adding the correction. However, we still have to verify that thecondition: 0 � Sd + �d < wd is satis�ed.Example: We continue recovering structure of the reference from Figure 4.3.We have t1 = �1.Now we compute the o�sets:� Dimension 1: �1 + 200�1 = �1. We compute �1 = �1 � 200t2 such that0 � S1 + �1 < w1 where S1 = �2k. By computing the values of S1 for thelower and upper bound of the loop k, we can determine that we should uset2 = �1. Hence �1 = 199.� Dimension 2: �2 = t2 = �1.



46 The subscripts vector of the recovered two-dimensional reference isS =  199� 2ki� 1 ! :We can see that the loop nest from Figure 4.3 is equivalent to the loop nest fromFigure 4.2.We are now able to compute the last element of the subscript range vector, w.We have already recovered all but the last elements of w. The subscript expressionin the last dimension is S2 = i� 1 and its range is 0::98. Therefore the full vectoris: w =  20099 ! The recovered array: A(0:199, 0:98) has one column less thanthe array declared in Figure 4.2. This is correct as the last column of A is neverreferenced in this loop nest.4.4 Non-rectangular ArraysIn this section we will show how to recover a multidimensional structure of anon-rectangular array. We �rst describe the problem and propose a solution fora general class of arrays whose subscript ranges can be described as functions ofthe values of other subscripts. Later, in Section 4.4.3, we discuss a special case ofnon-rectangular arrays: triangular arrays which are common in practice.4.4.1 General arraysIn Section 4.3, we assumed that the stride vector is constant. In this case, if weare able to recover the structure of an array, the array will be rectangular.DO i = 1, nDO j = 1, i*iA(j + (i*(i*(2*i -3) + 1)) / 6) = ...END DOEND DOFigure 4.4: Non-rectangular loopConsider the reference in Figure 4.4. The stride for loop i is not constant. Tosee this, let us consider the subscript expression for two consecutive iterations ofloop i: bi = j+ 2i3�3i2+i6 and bi+1 = j+ 2(i+1)3�3(i+1)2+(i+1)6 . The di�erence between



47those expressions is the stride for loop i: v1 = bi+1 � bi = i2. The stride vector is:v =  i21 !. The techniques developed in Section 4.3 are not directly applicablehere.In this example, although a closer inspection reveals that the logical structureof array A seems to have two dimensions, there is no way to convert the referencein Figure 4.4 into a two-dimensional array reference in a classical programminglanguage like Fortran. To make the logical number of dimensions explicit, we needto introduce a new notation. We allow a subscript range to be a function of thevalues of other subscripts.So, a two-dimensional array would have a subscript range vector:w =  F1F2 ! ;where F1 and F2 are functions mapping a subscript vector to a positive integer,i.e., F1; F2:ZZ d ! ZZFor the example given in Figure 4.4, we would like to be able to recover atwo-dimensional array with the following subscript ranges: F1 � �x:�y:y2 andF2 � �x:�y:n (or, equivalently, F1(x; y) = y2 and F2(x; y) = n). In other words,the number of elements in the �rst dimension is equal to the square of the value ofthe subscript in the second dimension, and the number of elements in the seconddimension is N .In principle, functions which determine subscript ranges may be very complex,but in practice we have only encountered the following two functions:1. A constant | this is the simplest case. If subscript ranges for all dimensionsare constant, we have a rectangular array (see Section 4.3) which is allowedby existing programming languages.2. A linear function of a subscript expression in another dimension (the sub-script range of that dimension is constant). Usually (recall that we assumecolumn major mapping), a linear subscript range depends on the subscript inthe next dimension, i.e., Fi(S1; : : : ; Sd) = Si+1. Arrays with such subscriptranges are called triangular.For non-rectangular arrays, the compiler must generate code for an array ref-erence in a more general way than for rectangular array. Code generated for agiven reference must compute a linear o�set from the base address of an array.For rectangular arrays computing the o�set is straightforward [17]: � = STm (forsimplicity of the discussion we ignore constant terms in the subscript expressions).For non-rectangular arrays, we have to replace the simple multiplication with an



48operator which computes the sum of subarray sizes. For constant elements, thissum is of course equivalent to the multiplication used for rectangular arrays.We use the symbol 
 to represent this new operator. The o�set can be nowcomputed as � = ST 
 m. Because for constant mapping vectors, 
 is reducedto multiplication, we can use this new notation consistently whenever we want tocompute the o�set.We will use the same symbol 
 for scalar and vector operations. Operationon vectors consists of pairwise applications of \scalar" 
 to elements of the twovectors and adding the results (being in e�ect an \inner product").The semantics of 
 can be explained as follows. Consider a subscript vectorS and a mapping vector m:S = 0BB@ S1...Sd 1CCA ; m = 0BB@ m1...md 1CCA :Let �i denote a contribution to the o�set in ith dimension (� = Pdi=1 �i). Fordimension 1, we trivially have �1 = S1 (assuming that an array element has size1). Consider the contribution in dimension i > 1. We compute it as the sum ofthe values of mi for all values of the subscript in the ith dimension:�i = Si�1Xk=1 mi(S1; : : : ; Si�1; k; Si+1; : : : ; Sd) :Of course, we do not want to generate code which will compute the sum atrun-time in a loop. The compiler must be able to symbolically compute thesum at compile-time. For more complicated functions this may be impossible.For all functions which we have encountered, computing the sum of a series isstraightforward.If mi is a constant, this sum is equivalent to multiplication of Si by mi. There-fore, we can use the 
 operator for rectangular arrays (Section 4.3).4.4.2 Recovery AlgorithmRecovering the structure of a non-rectangular array is considerably more di�cultthan for a rectangular array. For references whose subscript expressions in therecovered, multidimensional reference are either constants or loop variables (whichis equivalent to satisfying the simple subscript condition with � = ~0), we apply anapproach similar to the one described in Section 4.3. Below is a sketch of such analgorithm.



49First, we compute the stride vector (if the linearized subscript expression bis too complex, the algorithm fails). Then, we sort the stride vector by absolutevalues. The elements of the stride vector are symbolic expressions of loop variables,therefore �nding the ordering of the strides is not trivial. For simple functions,we can do it by considering loop bounds. We can get a mapping vector fromthe sorted stride vector the same way as for rectangular arrays. Directly fromthe mapping vector, we can get a subscript range vector expressed in terms ofloop variables. To describe the structure of the array in a way independent fromthis loop nest, we must �nd a subscript range vector expressed in terms of othersubscripts. This is straightforward, because all recovered subscript expressionsare either constant or loop variables. Note that every loop variable present in thethe stride vector must be used in some subscript of the recovered array reference.After we have obtained the subscripts vector, we check if the ranges of thesubscripts are within appropriate ranges from the subscript range vector.Example: Let us show how the structure of array A from Figure 4.4 may berecovered.First, we compute v0 =  1i2 !, m0 =  1i2 !, and w0 =  i2? !. Now we can�nd an access matrix, A, which satis�es: ATm = v: A =  0 11 0 !. Since weassume � = ~0, we can computeS = Au =  ji ! :Now we want to express the mapping vector and the subscript range vector interms of subscript expressions rather than loop variables, m =  M1M2 ! and w = W1W2 !, where M1, M2, W1, and W2:ZZ 2 ! ZZ . It is clear that M1(x; y) = 1.Because m02 = i2 and S2 = i, we know that M2(x; y) = y2. Similarly, we haveW1(x; y) = y2. To compute W2, we have to look at the bounds for the loop variablein S2. By examining the bounds of the i loop, we can see that W2(x; y) = n.In the code generation phase, we can compute the o�set as:� = ST 
m = (j i)
  �x:�y:1�x:�y:y2 ! = j + i�1Xk=1 k2 ;� = j + 2i3 � 3i2 + i6 :



504.4.3 Triangular ArraysReferences like the one in Figure 4.4 are of course possible. However, the mostcomplicated non-rectangular array structure we have encountered in practice istriangular.Recall that an array is a triangular array if all ranges are of the followingtwo types: (1) constant, or (2) linear and depend on the subscript in the nextdimension. Using the functional notation introduced in Section 4.4.1, we canwrite this condition as Fi(S1; : : : ; Sd) = Si+1 and Fi+1 is constant.The notation used in Section 4.4.1 is general in that it can be used to representnon-rectangular arrays with subscript ranges de�ned by arbitrary functions. Itis also cumbersome to use and too general for triangular arrays. To make thefurther discussion easier, let us specialize this notation. We will use the symbol5 to represent a value of the appropriate subscript. The meaning of 5 is a littledi�erent for a mapping vector and for a subscript range vector.1. For a mapping vector, 5 represents a value of the subscript of this dimen-sion.2. For a subscript range vector, 5 represents a value of the subscript in thenext dimension.We can have more than one triangular dimensions in one array. As an exampleconsider the reference to array XIJRS in the loop 300 of the subroutine OLDA inthe TRFD benchmark. The loop nest is shown in Figure 4.1.After eliminating the induction variable, we get the following subscript expres-sion: b = s + r(r � 1)2 + n(n + 1)2  j + i(i� 1)2 � 1! :The stride vector is: v = 0BBBB@ n(n+1)2 in(n+1)2r1 1CCCCA. Considering the ranges for i and r, we ob-
tain the following mapping vector: m0 = 0BBBB@ 1rn(n+1)2n(n+1)2 i 1CCCCA. Using the loop-independent
notation, we can write: m = 0BBBB@ 15n(n+1)25 1CCCCA. We can easily �nd the access matrix and



51
use it to compute the subscript vector: S = Au = 0BBB@ srji 1CCCA. Therefore, the logical 4-dimensional array type is XIJRS(5; n;5; n) and the reference is XIJRS(s,r,j,i).It is di�cult to construct the subscript range vector, but we can �nd a di�erentway of verifying that the subscripts expressions are within bounds which are legalfor a particular mapping. Note that the following approach is valid for triangulararrays, but may not be applicable for more general non-rectangular arrays.The subscript range for the last dimension is always legal. For each dimensioni < d, we have to check that the maximum value of the subscript expression doesnot violate the constraint de�ned by the subarray size in dimension i + 1. Moreformally, we �rst �nd the maximum value, Smaxi , of the subscript expression byexamining loop bounds for loop variables which appear in this expression. Fortriangular arrays, each expression in the mapping vector is a function of at mostone other subscript expression (the expression in this dimension). Consider bothcases for checking the subscript range in dimension i:1. mi is constant. We have to verify that Smaxi mi � m0i+12. mi � 5. We have to verify thatPSmaxik=1 kmi�1 � mi+1 or simplymi�1 Smaxi (Smaxi +1)2 �mi+1. Note that both mi�1, mi+1, and Smaxi are guaranteed to be constantfor triangular arrays.4.5 Multiple ReferencesThe algorithms presented in previous sections consider each array reference sep-arately. The drawback of this approach is that it may happen that if there aremultiple references to the same array, several di�erent structures may be recoveredfor the same array. It is desirable to have exactly one type for a given object.In our framework, we try to unify all structures for a given array, so that thesame mapping vector may be used for any reference to the same array. In manycases it is possible. If the types cannot be uni�ed, we are left with two options:we can either use linear structure for all references, or we have to deal with havinginconsistent types for the same array.We have encountered two di�erent code patterns which result in recoveringdi�erent types. The �rst|more common|occurs when the loop structure is lin-earized. The second case results if the dimensionality of an array is unknown atcompile time. In the rest of this section, we give examples for both cases andpropose how to unify con
icting types.



524.5.1 Compatible ArraysThe uni�cation in this case may be followed by the recovery of loop structure.Intuitively, the idea is that two or more dimensions recovered from one arrayreference are treated as only one dimension in a second reference.do i = 1, xdo j = 1, ydo k = 1, zA(k, j, i) = ...end doend doend dodo i = 1, xdo j = 1, y * zA(j, i) = ...end doend doFigure 4.5: Linearized Loop StructureConsider the example shown in Figure 4.5. We assume that the 2-D and 3-D references to array A were both recovered from linearized references and thefollowing mapping vectors were computed:m1 = 0B@ 1zzy 1CA ; m2 =  1zy ! :We see that the references are \compatible" in that the �rst reference couldbe changed to use m2 and the second reference could be changed to use m1. Inthe �rst case, the array A would become two-dimensional for both references. Inthe second case, the uni�cation would make A three-dimensional. We can chooseeither of the solution. Generally, it is desirable to have as many dimensions aspossible. However, in some cases, we may �nd it preferable to choose the lowerdimensionality.For this example if we decide that we need a 2-D structure, we keep m2 as themapping vector for A and replace the reference in the �rst loop nest with:A(k + j * z, i) = ...



53In general with vectors like m1 and m2 we will replace the subscript vector S =0B@ S1S2S3 1CA with S =  S1 + S2m2S3 ! and at the same time replace m1 with m2.The alternative uni�cation would have to take care of translating the subscriptexpression j in the second array reference into a pair of subscript expressions. Thisis possible without changing the loop structure, but it is better to recover the loopstructure at the same time, i.e., to unroll loop j in the second nest into two loops.Code recovery is discussed in Section 5.5.4.5.2 Uni�cationL = 0IF (NY.GT.1) THENDO 30 K=1,NZTOPDO 20 J=1,NYDO 10 I=1,NXL=L+1DCDX(L)=-(UX(L)+UM(K))*DCDX(L)-(VY(L)+VM(K))*DCDY(L)1 +Q(L)10 CONTINUE20 CONTINUE30 CONTINUEELSEDO 50 K=1,NZTOPDO 40 I=1,NXL=L+1DCDX(L)=-(UX(L)+UM(K))*DCDX(L)+Q(L)40 CONTINUE50 CONTINUEENDIF Figure 4.6: An example from apsiExample in Figure 4.6 is extracted from the 141.apsi benchmark from theSPEC CPU95 benchmark suite [63]. Array UX (and other arrays in this codefragment) is treated as either three-dimensional or two-dimensional dependingon the value of NY.From loop nest 30, we can recover the following 3-D structure:UX(NX, NY, NZTOP). The structure recovered from loop nest 50 has two di-



54mensions only: UX(NX, NZTOP). It is desirable to have a single type for allreferences to one array. Because we do not know if NY has positive value, thecommon type for UX is: UX(NX, NY+, NZTOP), where p+ is de�ned to be p ifp > 0 and 1 otherwise. With this array type we can access UX in both loop nestsas if it was a 3-D array. The recovered references are: UX(I,J,K) for loop nest30, and UX(I,1,K) in loop nest 50.
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5 Interprocedural ArrayTransformations
5.1 MotivationTo change an array layout without changing the meaning of the program we mustknow if two arrays may access the same memory areas. The natural name forthis property would be \aliasing." We have decided to use the term \overlap-ping" instead since the word \aliasing" has an accepted meaning in programminglanguage research which is not as wide as our meaning of overlapping. We saythat two arrays overlap even if those two arrays cannot exist at the same time.Aliasing on the other hand describes a property at a given point of a programexecution.There exist techniques which let the compiler automatically choose1 an arraymapping [17, 4, 36, 42] or distribution [33, 38]. These techniques and our tech-niques from Chapters 2 and 3 lose much of their e�ectiveness in the presence ofaliasing or more generally in the presence of overlapping. Given an expressionwhich references an array element, a Fortran compiler calculates the address of amemory location which contains that element using �xed, language-speci�ed rules(column-major layout). When the compiler changes the layout of an array, someaction must be performed to make references to the same memory area via a dif-ferent variable consistent with the new mapping. This is necessary to ensure thatthe transformed program is semantically equivalent to original program. Thereare two basic approaches to this problem:� Perform dynamic remapping (redistribution) and ensure that during thetime that the layout of an array is di�erent from the standard Fortran layout,the array is not accessed via some other name. To ensure correctness, westill have to perform alias analysis. The required alias analysis is much1The same problem exists of course if the mapping or distribution is speci�ed explicitly bythe programmer. Therefore our techniques may be applied with equal e�ectiveness as an aid forprogrammers who are willing to explicitly handle array layout.



56 simpler than the complete overlap analysis tackled by us. This approachhas a drawback of extra overhead caused by the dynamic remapping.� Changes are performed statically, at compile-time. This approach is pre-ferred whenever possible since no extra overhead is incurred. The drawbackof this technique that for some programs it is not possible to disambiguatearray overlapping.Hybrid solutions are of course possible. We present an algorithm for performingstatic changes to array layouts by interprocedural analysis of overlapping arrays.Our algorithm generates an Array Overlap Graph. In that graph each vertexcorresponds to one array name. There is an edge between two vertices if and onlyif the two arrays overlap.The meaning of the graph is that the layout of an array a�ects all arrays whichbelong to the same connected component. Note that this is a conservative esti-mate of actual overlapping. In the following sections we give examples in whichtwo arrays which belong to the same connected component could be remapped in-dependently. We also present techniques which break those \false" paths betweenvertices of an Array Overlap Graph.We observe that it is desirable to make the connected components as smallas possible. Their size can be minimized by accurate analysis and by selectiveprocedure cloning. Our algorithm also coerces the types of all arrays to the sametype. We choose an array in a component which has most structure (the largestnumber of dimensions) and coerce all other arrays to that type. The reason forthis is that data remapping and distribution optimizations work best when givenmost 
exibility.The closest related work to our approach of enabling array transformationsby procedure cloning is the work done for using type information to specializefunctions in object-oriented languages [56]. However, while the high-level ideas ofusing type information to enable optimizations by cloning are similar, the issuesand resulting algorithms described in [56] are very di�erent from ours.Rather than starting by presenting a complete algorithm, we will �rst showa simple case and than gradually re�ne the algorithm to handle more realisticcases. Section 5.2 shows how to construct an Array Overlap Graph in a simpleway. Section 5.3 describes the use of selective procedure cloning to improve theaccuracy of the graph. To use the Array Overlap Graph for data layout changes,it is desirable to coerce all overlapping arrays (i.e., all arrays in a connectedcomponent) to the type with \most structure." We present an algorithm fortype coercion in Section 5.4. Quality of the optimized code can be improved bycode recovery. This technique is described in Section 5.5. We choose a set ofbenchmarks whose locality is not optimal and which cannot be optimized by looptransformations due to data dependences and which cannot be optimized by data



57remapping without our techniques. We have implemented all those techniquesin our compiler based on the Polaris compiler infrastructure [10]. Experimentalresults which show improvements in speed for those benchmarks are presented inSection 5.6.5.2 Array Overlap GraphThe main idea of array overlap analysis is similar to existing techniques for de-tecting aliases. The di�erence is that aliasing considers only variables which arevisible in the given scope. Here is the formulation of the problem from [25].\The problem is to compute, for each variable v and procedure p inthe program, a set ALIAS(v; p) of the variables visible in p that maybe aliased to v within p."SUBROUTINE CHOTST (ER, FP, TM)...CALL COPY (LA, AX, A)CALL CHOLSKY (IDA, NMAT, M, N, A, NRHS, IDA, B)...ENDSUBROUTINE CHOLSKY (IDA, NMAT, M, N, A, NRHS, IDB, B)...ENDSUBROUTINE COPY (N, A, B)...ENDFigure 5.1: Aliasing vs. overlapping.Consider the example in Figure 5.1. Variables2 COPY.B and CHOLSKY.A overlap,but they are not aliased, because they are declared in di�erent scopes.For straightforward array overlap analysis we could simply use one of the aliasanalysis algorithms (e.g., the one described in [25]) if we extended it so that arraysin di�erent scopes are being considered. Alias analysis of FORTRAN 77 programsis simpler than general alias analysis due to the absence of pointers.2Our notation pre�xes an array name with the procedure name to make clear which arraywe are referring to. Thus CHOLSKY.A means array A declared in the subroutine CHOLSKY.



58 In our model we assume that array overlap can be introduced in the followingways:� Aliasing between a formal parameter and an actual parameter.� Aliasing between global arrays via the use of common blocks.� Aliasing introduced by the EQUIVALENCE statement of FORTRAN 77.We represent overlapping arrays with an array overlap graph. Each vertex of thegraph corresponds to an array (a local variable of a procedure, a formal param-eters, or a global variable). An edge is inserted when one of the three situationdescribed above is detected during program analysis.A connected component in an array overlap graph represents a conservativeapproximation of all possible names for arrays which are allocated in the sameregion of memory and share information. Remapping of an array will possiblya�ect other arrays in the connected component. The uncertainty implied by theword \possibly" is caused by the fact that our graph is a conservative, safe ap-proximation of the \overlaps" relation. Each edge corresponds to real overlapping,but the transitivity does not necessarily imply actual overlapping. Let us call thealgorithm described in this section the Simple Algorithm. Our experiments haveshown that the accuracy of the Simple Algorithm is insu�cient to perform e�ec-tive layout changes of arrays in real programs. There are two main reasons forthe inaccuracies introduced in the graph by transitivity:� Di�erent arrays may be passed as parameters to a procedure and will end upin the same connected component via the corresponding formal parameter.� Arrays may have di�erent sizes. For instance two slices of a bigger arraymay not overlap directly, but since each of them overlaps with that biggerarray, our algorithm assumes that all arrays in the connected componentoverlap.The former problem is much more common in real programs, so we describeit more detail and show our solution in Section 5.3. The latter problem can beillustrated by the example shown in Figure 5.2. Arrays A and B occupy non-overlapping areas in memory. The simple algorithm presented in this section willbuild a graph with two edges: (A, WORK) and (B, WORK) as shown in Figure 5.3.By transitivity, we will conclude that A and B are overlapping. While for manyprograms, we have to consider A and B as \overlapping"3 even though they donot share memory, in some cases it is possible to use interprocedural array sectiondata-
ow analysis to prove that A and B do not share any information.3They are overlapping in the sense that if we change the layout of A then we have to changethe layout of WORK and consequently we must change the layout of B.



59PROGRAM PREAL WORK(200)CALL Q(WORK(1), 10, 10)CALL R(WORK(101), 100)STOPENDSUBROUTINE Q(A, N, M)REAL A(N,M)...ENDSUBROUTINE R(B, K)REAL B(K)...ENDFigure 5.2: Example which shows thatthe analysis may be inaccurate.
WORK

A

BFigure 5.3: Array Overlap Graph
5.3 Improving Accuracy by Procedure CloningTo make our Array Overlap Graph useful, we have to deal with a very commoninaccuracy present in the graphs created by the Simple Algorithm from Section 5.2.In virtually all applications of signi�cant size, it is easy to �nd a pattern likethe one shown in Figure 5.4 (this code fragment, extracted from the NASA7benchmark, is part of SPEC CPU92 benchmark suite [62]). As can be seen inFigure 5.5, the Array Overlap Graph created by the Simple Algorithm does notallow us to remap the array CHOTST.B without remapping CHOTST.A at the sametime.Given this code, it is indeed illegal to change the mapping of CHOTST.B withoutother changes to the program. The analysis of the program shows that the bestlocality of memory accesses could be achieved by changing the layout of CHOTST.Band leaving CHOTST.A in the column-major mapping (this is due to accesses whichare not shown in the included code fragment). We solve this problem by procedurecloning. For our working example from Figure 5.4, we create an exact clone of theprocedure COPY and change one of the calls to use this new version of COPY. Thetransformed code is shown in Figure 5.6. We can see in the corresponding ArrayOverlap Graph (shown in Figure 5.7) that the dependency between CHOTST.B andCHOTST.A is gone.A hasty conclusion from this simple example may be that we should cloneall procedures at all call sites. Even a shallow examination of this idea shows
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SUBROUTINE CHOTST (ER, FP, TM)PARAMETER(IDA=250,NMAT=250,M=4,N=40,NRHS=3)COMMON /ARRAYS/ A(0:IDA, -M:0, 0:N),$ B(0:NRHS, 0:NMAT, 0:N),$ AX(0:IDA, -M:0, 0:N),$ BX(0:NRHS, 0:NMAT, 0:N)...LA = (IDA+1) * (M+1) * (N+1)LB = (NRHS+1) * (NMAT+1) * (N+1)...CALL COPY (LA, AX, A)CALL COPY (LB, BX, B)...ENDSUBROUTINE COPY (N, A, B)REAL*8 A(N), B(N)DO 100 I = 1, NB(I) = A(I)100 CONTINUERETURNEND Figure 5.4: Code fragment from CHOLSKY.

CHOTST.A

CHOTST.B

CHOTST.AX

CHOTST.BX

COPY.B

COPY.AFigure 5.5: Array Overlap Graph before cloningthat not only is complete cloning not possible for languages which allow recursiveprocedure calls, but it is not desirable to unnecessarily increase the code size of anapplication even if recursion is not a problem. Larger code size means increasedstorage requirements and increased load time, but most importantly, it means alarger memory footprint of the application. This of course will likely degrade the
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SUBROUTINE CHOTST (ER, FP, TM)...CALL COPY (LA, AX, A)CALL COPY1 (LB, BX, B)...ENDSUBROUTINE COPY (N, A, B)...ENDSUBROUTINE COPY1 (N, A, B)...END Figure 5.6: Code fragment from CHOLSKY after cloning.

CHOTST.A

CHOTST.B

CHOTST.AX

CHOTST.BX

COPY.B

COPY1.B

COPY.A

COPY1.AFigure 5.7: Array Overlap Graph after cloningperformance at all levels of memory hierarchies due to increased cache miss ratioand increased virtual memory paging. A small increase in code size is justi�ed ifthe bene�t of changing array layouts outweighs the associated cost.To alleviate this problem we have developed an algorithm for selective cloningwhich only clones procedures when doing so will improve the accuracy of theArray Overlap Graph. To further reduce the code size, after the data remap-ping (or distribution) optimizations have been performed we examine all clonesof each procedure and merge those which resulted in the same mapping for all itsformal parameters and local variables, and which call equivalent clones at everycorresponding call site.The algorithm uses the concept of an overlap graph signature (OGS) whichis assigned to every procedure. The basic idea is that the OGS describes the



62overlapping relation between formal parameters to the procedure. At every callsite we �nd the overlapping relation between actual parameters and search the listof clones of the callee which have the same relation between its formal parameters.If we �nd one, we use the clone, otherwise we create a new clone and set its OGSto what we just computed for the actual parameters.Consider again the example from Figure 5.4. Assume that the following colorshave been assigned to the arrays, A: 1, B: 2, AX: 3, BX: 4. Color 0 is used for allscalars since they are not a�ected by array transformations. For every subroutinethe compiler maintains a set with all clones created for that subroutine. Initiallyall those sets are empty|no clones have been created.During the analysis of the subroutine CHOTST, the compiler encounters the �rstcall to COPY:CALL COPY (LA, AX, A)The OGS for this call is (0; 3; 1). At this point the set of clones of COPY is con-sulted. That set, ClonesCOPY, is empty. The new clone is added to the set andthe subroutine call is marked to use that clone. The second call to COPY follows:CALL COPY (LB, BX, B)The OGS for this call is (0; 4; 2). A clone with that OGS is not present inClonesCOPY = fCOPY(0;3;1)g, so a new clone is created and added to the ClonesCOPYset.After consulting the symbol tables, names for the clones are chosen: COPY forthe clone COPY(0;3;1) and COPY1 for the clone COPY(0;4;2) resulting in the code inFigure 5.6 and the Array Overlap Graph in Figure 5.7.Note that an e�cient implementation of the above cloning procedure wouldapply lazy cloning with creating a new copy of the internal representation of acloned subroutine only if a transformation speci�c to a given clone is applied.That is the process of \cloning" described in this section would not actually du-plicate the representation of a subroutine. Rather a small auxiliary data structurewould keep track of clones and their signatures. Our current implementation useseager cloning by actually creating a copy of a subroutine whenever a new OGSis computed at a call site. After the optimizations all the clones are examinedand those that were not transformed in any way are replaced with the originalsubroutine. This process means that the compilation is slower than it could bewith a more careful implementation of our algorithm, but the generated code isas e�cient as possible with our optimizations.



635.4 Coercing the Types of Overlapping ArraysSo far we have shown how to �nd a good approximation for the overlappingrelationship. We have to do more to change the layout of arrays e�ectively. Thissection shows our approach to coercing all arrays in a connected component of theArray Overlap Graph to the same type. Since all overlapping arrays are coerced tothe same type, we can guarantee correctness of data transformations by applyingthe same transformation to all arrays in a connected component of the ArrayOverlap Graph.Consider again the code in Figure 5.6. The graph in Figure 5.7 shows that wecan safely change the layout of CHOTST.B as long as we change COPY1.B accord-ingly. But those arrays have di�erent types: CHOTST.B has three dimensions andCOPY1.B|only one.For a given connected component of the Array Overlap Graph we �nd anarray with \most structure." In our approach by \most structure" we mean\the largest number of dimensions." Note that it is possible that overlappingarrays have incompatible types. Consider as an example P(3,7) and Q(5,4)|theonly common type we could coerce those references to would be a linear (one-dimensional) array.4 This however would make the array not suitable for layoutchanges. In that case our analysis gives up and marks all arrays in a connectedcomponent with incompatible types as taboo. Taboo arrays cannot be subject toany layout changes. This situation is of course possible, but|not surprisingly|very uncommon in real programs.Coercing array types is performed by propagating types along edges until allarrays have the same type. Note that for aliasing caused by procedure parameteraliasing, the type may be propagated either from the caller to the callee or fromthe callee to the caller. For other types of aliasing (EQUIVALENCE statement andcommon blocks) the direction of type coercion is irrelevant. The rest of thissection shows how the type coercion is performed. We use examples throughoutthe section to better convey the essence of the algorithm. All examples are takenfrom standard benchmarks to emphasize the relevance of the discussion to realprograms.We �rst consider the simpler case in which both arrays start at the samememory address. This case is described in Section 5.4.1. In Section 5.4.2 weextend the algorithm to handle partial array overlapping. Partial overlapping is4We can of course convert any array to any type by �rst linearizing it and then recoveringthe necessary structure. For our example, assume that we want to coerce Q to have the sametype as P, so that the new type is now Q'(3,7). A reference Q(i,j) would be �rst linearizedto Q''(i+5*(j-1)) and then the reference using the new type would be Q'(MOD(i+5*(j-1)-1,3)+1, (i+5*(j-1)-1)/3+1). The index computation would probably become too expensive.However, we expect that this situation is extremely rare.



64common due to the practice of passing array slices to procedures which only needa portion of an array.5.4.1 Arrays with the Same Base AddressWe continue with our example from Figure 5.6. First we have to modify the callto COPY1 to include all values needed to express the type of CHOTST.B.We choose all subscripts of the recovered type to start from the default valuefor a given language5 (for Fortran this value is 1). Using a constant lower boundsaves us passing the parameters for lower bounds. In this example, the recoveredtype will beREAL*8 B(NRHS+1, NMAT+1, N+1)In general we would have to add CHOTST.NRHS, CHOTST.NMAT and CHOTST.Nto the parameter list, but as an optimization, if array bounds are compile-timeconstants, we use them directly rather then passing them as parameters. In ourexample all those values are constant, so the new type of COPY1.B isREAL*8 B(4, 251, 41)As another optimization (which is not applicable in this example), we alwayscheck if a value is already present in the parameter list before we add a newargument.We modify all array references by �rst linearizing the reference and then gener-ating the proper subscripts by using a combination of integer division and modulooperations. In the computation, we use two concepts de�ned in Section 2.3.1:a mapping vector and a subscript range vector. Every recovered subscript ex-pression is obtained by �rst dividing the linearized subscript expression by themapping vector entry for this dimension and then computing the remainder ofthe division by the subscript range vector entry for the same dimension (all thoseoperations must be performed on zero-based subscripts). This can in general leadto subscripts which are expensive to compute, but we have developed optimiza-tions which completely eliminate all division and modulo operations for the caseswhich occur in practice (see Section 5.6 for a partial list of programs used toevaluate our technique).Two optimizations are used by us to simplify subscript computation:5This is an arbitrary decision with a goal of making the transformed source code morereadable for programmers used to the particular language. Any lower bound could be used. Allcalculations must be made for lower bounds equal to zero, so usually we have to convert thesubscript to a zero-based one and then after the necessary calculations, we convert it back to aone-based subscript.



65� We eliminate the need to linearize multidimensional arrays before coercingthem to the new type. This technique is described in Section 5.4.2.� We recover the code structure to match the new array type. Section 5.5demonstrates this technique.5.4.2 Arrays with Di�erent Base AddressesConsider the example in Figure 5.8. This code fragment is extracted from the'
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SUBROUTINE DKZMH(DKZM,NX,NY,NZ)REAL DKZM(NX,NY,NZ)CALL SMOOTH(DKZM,NX,NY,NZ)ENDSUBROUTINE SMOOTH(F,NX,NY,NZ)REAL F(1)MLAG=1DO II=1,NZ-2MLAG=MLAG+NX*NYCALL HORSMT(NX,NY,F(MLAG))END DOENDSUBROUTINE HORSMT(NX,NY,F)REAL F(NX,NY)DO J=1,NYDO I=2,NX-1F1=F(I,J)END DOEND DOENDFigure 5.8: Code fragment fromapsi before type coercion.
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SUBROUTINE DKZMH(DKZM,NX,NY,NZ)REAL DKZM(NX,NY,NZ)CALL SMOOTH(DKZM,NX,NY,NZ)ENDSUBROUTINE SMOOTH(F,NX,NY,NZ)REAL F(NX,NY,NZ)MLAG=1DO II=1,NZ-2MLAG=MLAG+NX*NYCALL HORSMT(NX,NY,F,1+II,NZ)END DOENDSUBROUTINE HORSMT(NX,NY,F,SUB,NZ)REAL F(NX,NY,NZ)DO J=1,NYDO I=2,NX-1F1=F(I,J,SUB)END DOEND DOENDFigure 5.9: Code fragment from apsiafter type coercion.141.apsi benchmark from the SPEC CPU95 benchmark suite [63]. We want topropagate the type of DKZMH.DKZM to SMOOTH.F and then to HORSMT.F. The �rstpart follows the approach described in Section 5.4.1. We do not have to add newparameters to the call to SMOOTH since they are all already present. The referenceF(MLAG) is converted by Polaris into F(1+II*NX*NY) as part of the inductionvariable elimination. Code structure recovery (see Section 5.5) fails for this loop,so we convert this reference to the new type by using division and modulo. Therecovered reference (before simpli�cation) is



66F(MOD(1+II*NX*NY-1,NX)+1,MOD((1+II*NX*NY-1)/NX,NY)+1,(1+II*NX*NY-1)/(NX*NY)+1)Symbolic simpli�cation yields F(1, 1, 1+II). Therefore the new modi�ed callstatement is:CALL HORSMT(NX,NY,F(1, 1, 1+II))In this example the base addresses of SMOOTH.F and HORSMT.F are di�erent.We coerce their types by modifying the call to pass the address to the start ofSMOOTH.F rather than to a slice of it. But now we have to add new parameters tothe call to pass the o�set into SMOOTH.F which is implied by F(1, 1, 1+II). Weshould pass all subscripts as additional parameters to the call. As an optimizationwe eliminate compile-time constants and subscripts which are equal to the lowerbound in the particular dimension (recall that we always recover types so thatthey start from 1). In our case the �rst two subscripts of F(1, 1, 1+II) can beeliminated by any of the above optimizations. We only have to add (1+II) tothe parameter list (this is in addition to passing NZ which is needed to declare thearray). The new lists of actual and formal parameters are:CALL HORSMT(NX,NY,F,1+II,NZ)...SUBROUTINE HORSMT(NX,NY,F,SUB,NZ)In general, to coerce original, two-dimensional array references to the new typeand account for the lost o�set between the base addresses of the two arrays, wehave to:1. Linearize the old reference: F(1+(I-1)+(J-1)*NX).2. Add the o�set: F(1+(I-1)+(J-1)*NX+SUB*NX*NY).3. Apply the right combination of modulo and division operations and performsymbolic simpli�cation to obtain: F(I,J,SUB). Note that to perform thissimpli�cation we have to use the fact that the range of I is (2 : : :NX�1) andthat the range of J is (1 : : :NY).The recovered code is shown in Figure 5.9. For this example, it is possibleto perform the coercion in a faster way and our implementation uses this as anoptimization. Our compiler checks that the dimensions of the old type of HORSMT.Fare identical to the two leftmost dimensions of its new type. Therefore we canleave the left two subscripts of every reference to HORSMT.F unchanged and simplyadd the missing subscript for the third dimension.



675.5 Code Structure RecoveryThis section describes an optimization for a special case which is common enoughto deserve a custom treatment.Consider again the example from Figures 5.4 and 5.6. We have shown inSection 5.4.1 how to coerce the array COPY1.B to the type of CHOTST.B. If wethen use the standard way of transforming every reference to COPY1.B by usingdivision and modulo operations, we will obtain the new version of COPY1 shown inFigure 5.10 (here we assumed that COPY1.A was coerced to the type of CHOTST.BX).The subscripts to both COPY1.B and COPY1.A are being calculated in an expensiveSUBROUTINE COPY1(N, A, B)INTEGER*4 I, I0, I1, I2, NREAL*8 A(4,251,41), B(4,251,41)DO I = 1, NB(1+MOD(I-1,4),> 1+MOD((I-1)/4,251),> 1+(I-1)/1004) => A(1+MOD(I-1,4),> 1+MOD((I-1)/4,251),> 1+(I-1)/1004)END DORETURNENDFigure 5.10: Procedure COPY1 with-out code structure recovery.

SUBROUTINE COPY1(N, A, B)INTEGER*4 I, I0, I1, I2, NREAL*8 A(4,251,41), B(4,251,41)DO I0 = 1, 41DO I1 = 1, 251DO I2 = 1, 4B(I2,I1,I0)=A(I2,I1,I0)END DOEND DOEND DORETURNENDFigure 5.11: Procedure COPY1 withcode structure recovery.way. We note that trip count of the loop I is equal to the size of the arrays. Inthis special we can replace the loop nest of the depth corresponding to the numberof dimensions of the original type (in our example|one) with a loop nest whichmatches the new type (of depth three in our example). We call this process codestructure recovery, since it is complementary to the data structure recovery fromChapter 4. Procedure COPY1 after applying code structure recovery is shown inFigure 5.11. This special case is common enough that our compiler recognizes itand performs the necessary code transformation. Currently our implementationattempts it only if the original loop nest is of depth one, the array type beforecoercion has only one dimension and at least one of the references to that arrayhas a subscript which is equal to the loop index variable.In our example of CHOTST.B and COPY1.B in Figure 5.6 our analysis �rst com-putes the sizes of both arrays. To do this, we express the size of COPY1.B in theterms of variables in the caller (i.e., CHOTST). We match the formal parameter N



68with the actual parameter LB. Then we use data-
ow analysis to substitute theexpression which is used as the actual parameter until it is expressed exclusivelyin terms of compile-time constants and formal parameters of CHOTST (since onlycompile-time constants and formal parameters may be used in the declaration ofarray dimensions). If this part of the analysis fails, we are not able to recover thecode structure. Once we have expressions for the sizes of COPY1.B from beforeand after coercion, we symbolically compare the two expressions. If their valuesare equal, we replace the original loop nest with a new one which matches thenew type of the array.Then every array reference which has a subscript equal to the original loopindex is replaced by a reference with subscripts which are the loop variables ofthe new loop nest. At the start of the loop body we also compute the value of thevariable which used to be the index variable of the original loop as a function ofthe new loop variables. This value is used in all other occurrences of the originalloop variable. This assignment is not present in Figure 5.6 because it was removedby a dead code elimination phase.Accessing multidimensional arrays may have higher costs than accessing lineararrays. Therefore in our compiler we record which arrays have been remappedduring the optimization phase and all procedures which do not contain referencesto any remapped array are replaced again with the original procedure. For in-stance in the Cholesky decomposition kernel, a fragment of which we show inFigure 5.6, initially array COPY.B is coerced to the type of CHOTST.A and COPY.Ais coerced by CHOTST.AX. However, since none of those arrays is remapped, afterthe optimization phase, the original version of COPY is used again in the call:CALL COPY (LA, AX, A)5.6 Experimental ResultsTo demonstrate the bene�ts of our techniques, we found a set of programs whichcannot be optimized by existing locality optimizations. Loop transformationscannot be applied because of data dependences and data transformations cannotbe used without the techniques described here due to array overlapping. For ourbenchmarks we had to apply most of the techniques described in this paper. Theresulting speedups were obtained by applying uni�ed data and control transfor-mations. We ran the programs sequentially on a DEC AlphaStation 2100 usingstandard data sizes supplied with the benchmarks and standard optimization 
ags.The standard data sizes are small for cache sizes found in contemporary comput-ers. For instance, the primary cache of the Alpha processor in our AlphaStationhas the size of 16KB. The array sizes in our benchmarks are comparable withthe cache size, therefore we expect even bigger performance gains for larger datasets|especially if they exceed L2 cache sizes (1MB on our system).
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Figure 5.12: Speedups for selected benchmarksOur benchmarks include four kernels from the SPEC CPU92 benchmark suite [62]:vpenta, cho, gmtry and btrix. The �fth benchmark|dkzm|is a code fragment ex-tracted from the 141.apsi benchmark from the SPEC CPU95 benchmark suite [63].Our benchmark includes all operations performed on the DKZM array. That arrayis accessed via di�erent names|we had to include �ve procedures which performwork on DKZM and some other procedures which declare that array but never useit in a way other than passing it as a parameter to some other procedure.Our optimizations cut the execution time by 14%{45%. The relatively smallimprovement for dkzm can be attributed to the small data size. Standard inputdata de�ne the array DKZM to be of size 64 � 1 � 16 which corresponds to 8KB.The primary data cache in our processor is twice that size, therefore even anunoptimized version of the benchmark ends up having the array in the cachemost of the time. As we noted above, we expect even better speedups for largerdata sets.
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6 Just-In-Time Optimizationsfor Java
6.1 MotivationCompiling scienti�c applications requires sophisticated compiler optimizations.Those optimizations are commonly available in commercial compilers for lan-guages traditionally used for high performance computing. Those languages (themost successful ones are Fortran and, to a smaller extent, C++) are compiledo�-line into a stand-alone binary. This approach is di�erent from the domi-nant compilation model for Java in which the source program is translated intomachine-independent class �les which are then interpreted or dynamically (Just-In-Time) compiled into the target machine language. Mobile code representa-tions which require Just-In-Time (JIT) compilation are becoming very popu-lar as machine-independence and security gain acceptance as desired applicationproperties. De�nitions of many contemporary languages include some form of amachine-independent distribution format. The most popular of those languagesare: Java [31, 49], Limbo [52] and Omniware [51, 1]. The Tao Operating Sys-tem [57, 64] has been successfully using a machine-independent model since 1991.An up-to-date list of mobile code projects is maintained by the World Wide WebConsortium [71].Many of the existing high-performance optimizations cannot be easily adaptedto JIT compilation. The reasons include:� Sophisticated optimization techniques consume a lot of hardware resources:CPU time and memory.� Often, a global view of the program is necessary (whole-program optimiza-tion [14, 22]).In this chapter we address the issue of performing optimizations which are asgood or almost as good as traditional optimizations while running much fasterand using less memory. We have adapted the technique for Java bytecodes (Sec-tion 6.3). However, our experiments with optimizing Java bytecodes described in



72Section 6.3 have been performed with an o�-line compiler and the compiler algo-rithms were not as fast as a competitive JIT compiler is expected to be. To performdata transformations we need more program structure than is directly available inthe bytecodes. Our o�-line compiler was recovering full high-level structure of theoriginal Java program before applying any optimizations. This high-level view ofthe input bytecodes was represented with an intermediate representation calledJavaIR. JavaIR was designed by us so that high-performance optimizations, likedata remapping, can be performed very e�ciently. Unfortunately, our experiencehas shown that recovering full structure from a class �le is very expensive. Inour implementation, the time needed to convert bytecodes to JavaIR is an orderof magnitude longer than the time to perform the optimizations. Since most thehigh-level structure is not needed to perform data transformation, we have decidedto use a di�erent approach in our JIT optimizer.In Section 6.4 we show how to perform the same optimizations as describedin Section 6.3 while recovering only as much structure as needed and using faster(although not necessarily as accurate) analysis techniques than those tradition-ally used in o�-line compilers [2, 70]. We have implemented all the techniquesdescribed in this chapter in our experimental compiler Briki. Briki uses Ka�e [68]as the JIT compiler and implements the optimizations in a relatively machine-independent manner so that it can run Java programs on multiple architectures(such as i386 or sparc).6.2 Overview of Array TransformationsArray transformations change the layout of array elements in memory to increasethe spatial locality of the application. Spatial locality bene�ts application byamortizing the cost of fetching a cache line over the uses of array elements co-located in that cache line.As an example consider an array declared asdouble A[][] = new double[n][m];The Java language speci�cation [31] and the Java Virtual Machine speci�ca-tion [49] do not de�ne how an array is being laid out in memory. However, thenatural implementation of a multi-dimensional Java array would represent A asshown in Figure 6.1. This representation is used by Ka�e and many other JavaVirtual Machines.In the loop nestfor(int i = 0; i < m; i++) {for(int j = 0; j < n; j++) {
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Figure 6.1: Internal representation of a Java array double[n][m]... A[j][i] ...}}the reference to array A exhibits poor spatial locality. References to array elementswhich occupy consecutive words in memory, e.g., A[0][0] and A[0][1], occur inconsecutive iterations of the outer loop and are separated by a whole execution ofthe inner loop which accesses many words in memory and is very likely to replacethe cache line fetched in the previous iteration of the outer loop. In our example,even though the reference to A[0][0] would bring into the cache the elementA[0][1], the reference to A[0][1] in the next iteration of the outer loop wouldsu�er the penalty of a cache miss.There exist two techniques for improving the spatial locality of the referenceA[j][i] above: loop transformations and array transformations. However theexception mechanism of Java makes performing loop optimizations impossiblewithout sophisticated class hierarchy analysis and interprocedural control 
owanalysis to ensure that partial results computed in the loop nest are not beingused in the exception handlers outside the current method.Spatial locality of the loop nest discussed in this section can be improved by thearray transformation which transposes the two dimensions of A. Our optimizationsare performed in a JIT compiler without access to the source, but|for clarity|the transformation can be visualized as rewriting the source as:double A[][] = new double[m][n];...



74for(int i = 0; i < m; i++) {for(int j = 0; j < n; j++) {... A[i][j] ...}}The declaration of the array is changed as well as all references to that array.In the optimized code, two consecutive iterations of the inner loop access ele-ments of A which occupy consecutive words in memory. For most applicationsthis optimization will result in fewer cache misses and thus a better performance.Optimization by data remapping must solve two problems:� Ensuring the legality of an array transformation. Our array transformationspermute dimensions of multidimensional array and therefore require the ar-rays to be rectangular. However, unlike in Fortran or C, a multidimensionalarray in Java does not need to be rectangular. Our compiler proves thatan array is initialized with a rectangular shape and that it is not reshapedduring its lifetime.The compiler must also make sure that if an array is accessed via di�erentnames due to aliasing, all references use the new, transformed type.� Finding the optimal array layout. It is possible that di�erent references tothe same array require di�erent transformations. The compiler must deter-mine what is a globally optimal transformation (we do not allow dynamicreshaping of arrays).Both issues are addressed in the next section.6.3 O�-line Optimizations6.3.1 Intermediate representationThe intermediate representation is a syntax tree with a node for every Java classde�ned in the input. Every class node contains references to nodes for all inter-faces, �elds and methods de�ned for that class as well as some other information(access 
ags, a reference to the super class etc.). JavaIR is our implementationof this intermediate representation. An overview of JavaIR is presented in thissection. More details on JavaIR can be found in [18]. Section 6.3.2 discusses someissues related to the problem of the recovery of the structure needed to buildJavaIR from the bytecode representation of a program.



75In the recovery process we attempt to achieve a structure which is as close tothe Java source as possible. For the benchmarks we have used, our IR correspondsdirectly to a Java source form of the same benchmark. It is however possible thata class representation of an application either does not correspond to a legalJava source or it would be impractical to recover the source form. Section 6.3.2is devoted to those problems.Figure 6.2 shows a class hierarchy for a subset of the classes used in JavaIR.
JClass

JMethod

JBlock

JStatement

JIfStmt

JLoopStmt

JReturnStmt

JThrowStmt

JIntConstExpr

JFieldExpr

JNewExpr

JBinOpExpr

JWhileStmt

JavaIR

JExpression

Figure 6.2: Class hierarchy of the nodes in the JavaIR intermediate representation(only selected expression and statement types are shown)We will use the following, very simple example to illustrate how JavaIR rep-resents Java programs.class simple {int i;public simple() {i = 0;}} //simpleA complete JavaIR representation of class simple takes care of many details thatare required to maintain the meaning of the program. The image gets even morecomplicated by the fact that some information is replicated so that it can beaccessed quickly.The JavaIR representation is not exactly the same as the original source. In-stead, JavaIR corresponds closely to the code generated by the compiler. In our



76example, the code for the constructor contains implicitly two additional state-ments:public simple() {super(); // implicit calli = 0;return; // implicit statement}All implicit methods, statements and expressions are represented explicitly inJavaIR.All nodes in the syntax tree are objects of some class derived from the classJavaIR (see Figure 6.2). The intermediate representation de�nes classes whichare not derived from JavaIR, but none of them can be used as a node in the tree.A Java class is represented with an object of the class JClass which contains listsof objects representing �elds, methods and interfaces. A method is representedwith an object of the class JMethod. If the method is not native, this objectcontains a reference to an object of type JBlock which in turn contains a referenceto the symbol table and a list of statements. A statement may contain otherstatements or expressions. Fields and interfaces follow the similar idea, but theirrepresentation is much simpler.6.3.2 Recovering high-level structureOne of the important features of our compiler is the ability to recover high-levelstructure of a source Java program given its bytecode representation. In thissection we discuss the process of that recovery as performed by our bytecode toJavaIR front-end. We start by giving a simple example of a bytecode sequence andthe recovered source code. Note that our front-end actually recovers an internalrepresentation which is not directly printable. However, since for our applicationsthere is a straightforward mapping between the JavaIR described in Section 6.3.1and a Java source, we simply show the recovered source code. The rest of thissection shows a selection of more interesting problems which must be addressedfor the recovery to take place. The problem of high-level structure recovery isvery similar to the problem of decompilation. Previous work on decompilationaddressed this issue primarily for reverse-engineering reasons. While our goal isdi�erent (we want to recover the high-level structure to enable some compileroptimizations), we borrow from existing decompilation techniques in our design.Existence of many decompilation tools shows that high-level structure recoveryfrom low level code is possible. Indeed there exists a decompiler for Java [65]which given a class �le will produce its representation as Java source. Anotherinteresting decompiler is described in [24]. In our work, we have identi�ed the



77following problems. They are all discussed in more detail in the remainder of thissection.� Converting a stack-based code without branches to a syntax tree. Thisis generally straightforward. The only problem that required extra atten-tion was the use of temporary variables during the evaluation of a complexexpression on the stack. Data
ow analysis is needed to ensure that 
owdependences are not violated.� Identifying types of local variables. Again, data
ow analysis is used todisambiguate types of variables. The disambiguation may be needed becauseeither the same variable may be used to store values of di�erent types orassignments which are allowed in the bytecode must be changed to narrowdown expression types (e.g., Boolean values are represented internally asintegers, but in JavaIR, we want to represent them as Boolean values).� Converting short-circuit operators into expression form. This is performedby a 
ow patterns recognition mechanism similar to the one used in [24].� Converting branches to high-level statements (loops, conditional statements,break, and continue statements). We have based our approach on the algo-rithm presented in [5]. Some modi�cations to the algorithm were necessaryto more completely eliminate branches.Our general approach is to �rst recover simple expressions and statements withinbasic blocks (bytecode sequences without branches). This process creates a control
ow graph (CFG) with high-level constructs in its nodes. Then we convert CFGedges to structured control 
ow constructs using techniques described later in thissection.An exampleConsider the following code fragment of a disassembled class �le. It is notapparent what this sequence of bytecodes does.0 iload_11 iconst_12 if_icmpeq 105 iload_16 iconst_37 if_icmpne 1810 aload_011 iconst_1



7812 putfield #4 <Field cond1.i I>15 goto 2318 aload_019 iconst_220 putfield #4 <Field cond1.i I>23 aload_024 dup25 getfield #4 <Field cond1.i I>28 iconst_129 iadd30 putfield #4 <Field cond1.i I>One can of course understand this code with some e�ort. Most traditional com-piler optimizations can operate on an intermediate representation which closelycorresponds to the bytecode.Our compiler algorithms work best when presented with high-level constructslike a for-loop or a multi-dimensional array reference. Neither of those two con-structs is explicit in the bytecode form, which implements them with low leveloperations. In many cases it is however possible to recover a representation of amethod with those high-level constructs.Consider again the above sequence of Java VM instructions. Our compilerparses it and generates an equivalent JavaIR representation which can be printedas the following Java source fragment (as described earlier the internal JavaIRrepresentation is not directly printable since it is a collection of Java objects withreferences to each other).if(((a1 == 1) || (a1 == 3))) {this.i = 1;} else {this.i = 2;} //ifthis.i = (this.i + 1);Note that a1 is used to represent the �rst argument to the method representedby this sequence of bytecodes. The identi�er used by the programmer in the sourcecannot be recovered.Extracting expressions and simple statementsThe design of Java bytecodes makes it relatively easy to recover expressions andsimple statements (assignments and method invocations). Recovering statementswhich change the control 
ow requires more work since their implementation in



79the bytecodes uses branches which we do not want to use in JavaIR. We show inlater how to convert branches to structured control 
ow constructs.To convert a sequence of bytecodes contained in a basic block to high-levelexpressions and statements, we symbolically execute each basic block using atemporary stack to emulate a Java virtual machine. For instance the followingbasic block from the example shown earlier in this section23 aload_0 ; push ``this'' on the stack24 dup ; duplicate the top of stack25 getfield #4 <Field cond1.i I> ; push field i on the stack28 iconst_1 ; push 1 on the stack29 iadd ; add the two top values30 putfield #4 <Field cond1.i I> ; move top of stack to field iis converted tothis.i = (this.i + 1);To see how the symbolic emulation works, consider the instruction iadd above.Processing of the previous instructions have placed two references at the top of oursymbolic stack, one for the expression representing the constant 1 and another onefor the expression this.i. Our front-end creates a new JavaIR object for integeraddition and initializes its two operand �elds to the two values popped from thetop of the stack. The new object is being pushed on the top of the stack.This approach generally works for our benchmarks. The only interesting prob-lem that must be solved is caused by using the stack for storage of variable and�eld values which have been overwritten during a calculation of a complex stackexpression. Consider the example in Figure 6.3. The sequence marked with x isconverted tothis.i = 1;and the sequence marked with z is converted tothis.j = (this.i + this.i);but the �rst occurrence of this.i on the right-hand side of the second assignmentshould have the value that the �eld i had before the assignment of 1, and thesecond occurrence should have the value that the �eld i had after the assignmentof 1. Our solution keeps track of the 
ow of values and when necessary createstemporary variables to hold the values that the Java VM stores on the stack. Forthe example from Figure 6.3, we recover a sequence corresponding to the followingsource fragment:
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aload_0 zgetfield #4 <Field cond1.i I> zaload_0 xiconst_1 xputfield #4 <Field cond1.i I> xaload_0 zgetfield #4 <Field cond1.i I> ziadd zaload_0 zputfield #5 <Field cond1.j I> zFigure 6.3: A store during expression evaluationtmp = this.i;this.i = 1;this.j = (tmp + this.i);Short-circuit operatorsConsider again the bytecode sequence shown on page 77. An alternative represen-tation called a control 
ow graph (CFG) is shown in Figure 6.4. A CFG contains
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Figure 6.4: A control 
ow graph for a short-circuit operatora node for every straight-line code sequence (a basic block) and an edge for ev-ery branch (a conditional branch results in two edges, an unconditional branchcorresponds to a single edge). Nodes in Figure 6.4 are labeled with the numberscorresponding to the address of the �rst instruction of every basic block. Labelson the edges mark \true" and \false" branches.



81Our recovery mechanism recognizes patterns in the CFG corresponding todi�erent short-circuit operators in the manner similar to the technique describedin [24].Goto eliminationThis step is based on the algorithm described in [5]. We have extended this algo-rithm to eliminate branches in some cases in which the original algorithm failed.Nevertheless, for some CFG's we are not able to completely eliminate branches.For reducible 
ow graphs, branch elimination is always possible, but sometimesit requires inserting new loop statements or duplicating code. While those ap-proaches would be acceptable if our goal was to recover legal Java source for thewidest possible range of class �les, adding new loops or duplicating code wouldnot help us in any high-level compiler optimizations. Therefore, we decide to allowbranches in JavaIR at the cost of not being able to optimize those programs withthe current, preliminary version of Java (since our compilation process involvescompiling Java source generated from JavaIR). Branches are not a problem in theJIT version of Briki which is described in the next section.Our implementation of branch elimination is implemented with the followingalgorithm:1. Collapse short-circuit operators.2. Find natural loops.3. Insert repeat nodes.4. Find dominators, heads and follow sets.5. Expand loops.6. Call getform.7. Call addbranch.8. Clean the graph (push loop termination conditions into loop headers, unifytypes, etc.)Di�culties in structure recoveryThe implementation of Briki described in this section parses a class �le, repre-sents it in JavaIR, performs the desired optimizations and prints the optimizedsource to a �le. We later use a standard compiler to convert the resulting source�le to the bytecode form. The o�-line process was chosen by us for the ease of



82debugging and more 
exibility experimenting with new optimization techniques.The JIT version of Briki described in Section 6.4 performs the same optimizationson a simpli�ed IR, and then directly generates machine code from the optimizedIR rather than generating the source �rst.For the class �les we examined, it is possible to e�ciently recover a JavaIRform of those applications which can be printed out as legal Java source. However,there exist examples of class �les for which this process would be expensive orwould not yield any bene�t for our optimizations techniques. It is important tostress here that for our optimizations we are interested in recovering a high-levelstructure. Some bytecode sequences do not have such structure and although itwould be possible to for instance eliminate all branches and generate legal Javasource for such programs, the structure created by the branch-elimination processwould be arti�cial and would not enable any additional high-level optimizations.We also note that it is possible that a given application distributed in theclass �le form would not be representable as legal Java source (one such exampleis given in Section 13.4.6 of the Java language speci�cation [31]). While this wouldcause problems for the current implementation of Briki, it would not a�ect theJIT version of our compiler.Recovery algorithmWe sketch here the process of high-level structure recovery. We assume that alldata structures for classes and class members have been initialized.The algorithm performs the following steps for every non-native method.1. Scan all opcodes and mark basic blocks.2. Parse the exception table (see Section 4.7.4 of [49]) to mark portions ofthe bytecode stream handled by speci�c handlers and to mark the handlersthemselves.3. Create a control 
ow graph (CFG) for the method. The CFG has at leastone entry node|for the main entry to the method|but may also containadditional entry nodes for every exception handler of that method.4. Structure the CFG by identifying short-circuit operators and creating high-level control 
ow nodes as described in Sections 6.3.2 and 6.3.2 accordingly.5. Starting from the entry nodes, visit all nodes of the CFG and interpret thecode of each of them. This step creates the JavaIR nodes for every basicblock. Every node of the structured CFG has two lists of JavaIR nodes:statements and expressions. The expressions are needed for values passed



83on the Java VM stack across basic block boundaries. The values left on thestack at the end of a basic block are being used in the successor nodes asinitial stack content.6. The information extracted in the previous two steps is used to create thecomplete JavaIR form for this method.6.4 Just-In-Time OptmizationsPerforming high-level optimizations in a Java JIT compiler is more di�cult thanin a traditional compiler. The main reasons are:� Much of the information about program structure is lost in the process oftranslation from Java source to bytecodes. This information (e.g., multidi-mensional array references) must be recovered before any optimizations canbe attempted. In our particular implementation that recovery is even moredi�cult since, for performance reasons, we have decided to directly use theKa�e IR which is at lower abstraction level than bytecodes.� Since the compiler is being invoked every time the program is being run, thespeed of compilation is much more critical and many traditional analysistechniques must be replaced with faster alternatives. Such new algorithmsare proposed in this section.� Typically, to improve response time, a JIT compiler translates bytecodes ondemand one class at a time or one method at a time (Ka�e uses the latterapproach). Therefore, optimizations which require global information arenot possible (or at least cannot be trivially implemented).Since our compiler is embedded in Ka�e we have decided to use Ka�e IRdirectly. A brief overview of the Ka�e architecture is presented in Section 6.4.1.Briki performs the optimizations in the following steps:1. Build a control 
ow graph (CFG) for the method.2. Find dominators.3. Identify loops.4. Compute def-use information.5. Compute constant values.6. Find loop-de�ned variables.



84 7. Identify multidimensional arrays which can be legally remapped.8. Find optimal mappings.9. Remap arrays.The rest of this section will discuss our implementation decisions for the abovealgorithm.6.4.1 Ka�e architectureKa�e [68] is a free JIT implementation of the Java Virtual Machine 1. Ka�e runson di�erent architectures: i386, Sparc, Alpha, M68K. This is possible becauseKa�e is designed to have two parts:� the machine-independent front-end which translates bytecodes into a low-level intermediate representation, Ka�e IR, and� a machine-dependent back-end which translates Ka�e IR into the requiredmachine language.Ka�e IR is designed to closely resemble a modern microprocessor architectureso that writing a new back-end is relatively simple. Ka�e IR de�nes a virtualarchitecture with a very large number of pseudoregisters (every local variableand every stack location is mapped to a di�erent pseudoregister) and it containsinstruction to move data between registers2 or between registers and memory, per-form arithmetic and logical operations on values in registers, branch conditionallyto a label, call a subroutine, etc.Every back-end must provide a set of core virtual machine instructions. If avirtual instruction cannot be mapped directly to the target instruction set, it isimplemented in software. A back-end may also implement one of optional instruc-tions which will be used by Ka�e to implement some bytecodes more e�ciently.A Ka�e IR (virtual) instruction is represented internally as a sequence struc-ture with a pointer to the back-end function which takes as a parameter a pointerto the sequence and translates it into the target instruction set. The sequencestructure also contains all operands (pseudoregisters, constants or labels) to thatvirtual instruction.The translation process consists of two basic steps. First the bytecodes aretranslated by the front-end into the Ka�e IR, then the list of the sequence struc-tures is traversed and every back-end function is called generating native code.1Ka�e can also run as an interpreter, but we use it only in its JIT mode.2We will use the terms register, pseudoregister and variable interchangeably.



85The developers of Ka�e are very good about releasing updates to Ka�e. In the14 months since the Ka�e project started, there have been 21 releases of Ka�e (thelatest one is 0.8.3), or|on average|one every 3 weeks. This caused a technicalproblem for us, since the most convenient and e�cient way of implementing ouroptimizations would involve modifying internal data structures of Ka�e, but tokeep in sync with the updates of Ka�e we would have to merge our software withthe new Ka�e every three weeks, thus stretching our resources. To avoid delays,we have decided to keep our optimizer as separate from Ka�e as possible. Whilethis made our project manageable, it resulted in extra overheads both in memoryand processing time. In that light we are glad that our optimizations are very fast(see Section 6.5 for timings), because there is room for additional improvementwhich can be achieved by a tighter integration with Ka�e. Main sources of those,unnecessary, overheads are� Need to allocate a shadow data structure for every sequence structure tokeep additional information needed during optimization. Splitting the in-formation into two structures results in lost spatial locality and unnecessaryindirection.� Need to recognize individual instructions in Ka�e IR. Since the only wayto tell what instruction is implemented by a given sequence structure isto compare the back-end function pointer against the addresses of back-endfunctions extra time is spent where a single instruction would su�ce if wecould change Ka�e IR to suit our needs.In the current implementation, we let Ka�e front-end generate its IR (the sequencestructures), then we invoke our optimizer which analyzes and transforms Ka�e IR,and after the optimization is done, we return to Ka�e and the back-end translatesthe optimized Ka�e IR form into native code. That design means that the onlychange to Ka�e source code needed to plug in our optimizer is the insertion of asingle function call just before the back-end invocation.6.4.2 Control Flow GraphWe build the CFG for the Ka�e IR form of a method by searching for thestartBlock and endBlock instructions. Than we use standard algorithms to�nd dominators and identify loops [2]. Those algorithms take about 10% of thetotal optimization cost (compare Figure 6.7).6.4.3 Computing Def-Use InformationThis step computes def-use information for every basic block. The operation isvery simple and requires visiting every Ka�e IR instruction exactly once to per-



86form a sequence of simple bit operations. In our implementation this is the mostexpensive part of the array transformation optimization (compare Figure 6.7).The long time to perform this optimization is an artifact of our software engi-neering decision (the independence of our code from the changes in Ka�e sources)explained in Section 6.4.1. For relative independence of Briki from changes inKa�e we pay the price of� The need for keeping a shadow structure for every Ka�e IR instruction(which results in worse cache utilization and unnecessary indirection in ac-cessing the structures).� Very slow code to determine which registers are being modi�ed in a giveninstruction.We think that the performance of Briki embedded in Ka�e can be improved whenKa�e becomes more stable and a tighter integration of Ka�e and Briki becomespossible.6.4.4 Computing Constant ValuesFor every array reference we have to be able to identify which array allocationstatement is associated with this reference. There are many known algorithmsfor solving this problem of reaching de�nitions. Existing algorithms are not wellsuited for JIT compilation since they use large amounts of memory to store thereaching de�nitions information (e.g., in the form of bitmaps for every instructionor ud-chains [2]).For our purposes we solve a simpler problem which can be computed faster andrepresented in a more compact way. The representation contains one bit vectorper basic block. The bit vector represents constant values with the followingde�nition. A variable v is constant-value for a basic block B if and only if1. v is de�ned in B.2. v is not de�ned in any other basic block.3. v is used only in basic blocks dominated by B.4. v is not used before its de�nition in B.We only analyze and possibly transform arrays which are stored in constant-value variables. Elements of the array may of course be modi�ed many times,but we make sure that the variable containing the pointer to the array handle is



87a constant-value variable. Note that the fact that an array is stored in constant-value variable does not su�ce to determine if an array transformation is legal.For example a shape of a 2-D array could be changed by changing the lengthof one of the rows, or a row could be passed as an argument or returned as aresult. We conservatively assume that only arrays which have been allocatedas rectangular arrays (using the construct corresponding to the multianewarraybytecode) and whose all uses are references using all dimensions can be remapped.This condition ensures that arrays optimized by us remain rectangular during theirlifetimes.We can �nd constant-value arrays e�ciently. For every array allocation, wenote the variable, v, the array is stored in, and the basic block B that containsthis allocation and we traverse all other basic blocks and make sure that� v is not de�ned.� v is used only in basic blocks which are dominated by B.The above operation can be performed as a single scan of all basic blocks usingthe def-use information computed for every basic block in Section 6.4.3. Duringthe same scan we verify that all uses of v access the array using all its dimensions.Note that for block B we have to traverse all its instructions rather than justuse the summary def-use information computed for B in Section 6.4.3.6.4.5 Identifying Loop-de�ned VariablesTo analyze precisely locality properties of array references contained in loops,we would have to determine which variables are loop induction variables andwhat is their step for the corresponding loops. Again, this operation is expensiveand we have decided to approximate the notion of an induction variable with aloop-de�ned variable. For a loop L, a loop-de�ned variable is any variable whichis de�ned in loop L. This simpli�cation is justi�ed by an observation that forscienti�c programs if a variable is assigned a new value in a loop then the value ofthat variable will be di�erent in every loop iteration and the variable will usuallybe an induction variable with a unitary step.Loop-de�ned variables can be identi�ed in a single scan of all basic blocks.For every basic block the set of variables de�ned in this block is added to the setof loop-de�ned variables for all (if any) enclosing loops. Enclosing loops can beaccessed quickly because every basic block has a pointer to the innermost loopcontaining this block and every loop has a pointer an enclosing loop.



886.4.6 Recovering Multidimensional Array StructureArray transformations can be only applied to multidimensional arrays. Multidi-mensional array references are present in the source program, but the translationto the bytecode form lowers them into a sequence of one-dimensional references.Those can be converted back into multidimensional references with the techniquesdescribed in Section 6.3.The dimension recovery is more di�cult in the JIT version of Briki. While inprinciple we could operate on bytecodes, for reasons explained in Section 6.4.1,we perform our optimizations on Ka�e IR which is even lower than bytecodes.In Ka�e IR, an array reference is converted to a sequence of low-level instruc-tions like memory loads, register moves, shifts and additions. Briki analyzes eachsuch sequence and represents it as a high-level multidimensional array reference.This high-level structure is not stored anywhere|it is recomputed every time it isneeded. The impact of recomputation is negligible and our optimizations are veryfast. For cholesky, the time to ensure legality of a transformation, �nding the op-timal mapping (Section 6.4.7) and performing the transformation (Section 6.4.8)constitutes only about 20% of the time spent in Briki.6.4.7 Finding Optimal MappingsSince multidimensional arrays in the Ka�e VM are not represented as contiguousportions of memory, but rather as arrays of 1-D arrays, we use a much restrictedset of array transformations as compared to what would be possible with theframework from Chapters 2 and 3.For every array reference we determine which subscript contains loop-de�nedvariables of the innermost loop (or of the next enclosing loop, if the loop-de�nedvariables of the innermost loop are not present in any subscript).The best mapping for this array would make the dimension which correspondsto this subscript the right-most dimension to increase spatial locality.In any real program it is very likely that there would be con
icts between de-sired mappings for di�erent array references. We resolve the con
icts by assigningpriority to every array reference. The priority is based on the loop nesting|thehigher the nesting the higher priority. This policy is adopted since usually thestatements with higher nesting are executed more times than statements withlower nesting. This is of course not guaranteed and in general it is not possibleto predict at compile-time how many times a given statement will be executed.In the case of a con
ict we choose the array mapping preferred by the greatestnumber of references with the highest priority. For instance, if four is the highestpriority and three references with priority four require dimension 0 in the right-



89most position and one reference with the same priority requires dimension 1 in theright-most position then dimension 0 is permuted into the right-most position.6.4.8 Remapping ArraysOnce we know which dimension should be permuted to the rightmost position,remapping is very simple. In this process we use the data
ow information calcu-lated in the step described in Section 6.4.3.Before we apply our transformations, we have to ensure that they do notchange the meaning of the program. There are three issues we have to deal withfor our transformations.� Arrays we remap must be rectangular.� The order of evaluation of a remapped array reference must be the same asfor the original expression (see Section 15.12.1 of the Java language speci�-cation [31]).The rest of this section gives more details about each of those three potentialproblems.Array shapesArray remappings used in our data and code transformations framework [17] canbe applied only to multidimensional array which are rectangular. In a rectangulararray all elements in a given dimension have the same size. Compiler-supportedarrays in languages like C, C++ or Fortran are rectangular (of course a program-mer may implement non-rectangular arrays explicitly by linearizing the logicalstructure in a one-dimensional array). Multidimensional arrays in Java are moregeneral since they are treated as arrays of arrays.For our optimizations, we check the array was allocated using the multinewarrayopcode and that all accesses to that array use all dimensions. This approach ismore conservative than necessary, but it is very fast and completely adequate forscienti�c codes.This condition is su�cient because to change the shape of an array or to use anarray in a way that depends on the mapping, a reference to one of the subarrayswould have to be used. E.g., for an 3-D array B, if all references use all dimensions,i.e., are of the form B[expr1][expr2][expr3], the mapping of the array cannotchange the semantics of the optimized application. However, expressions of oneof the following three forms, B[expr1][expr2], B[expr1], or B could potentiallydepend on the mapping and arrays with expression that do not use all dimensionsare not transformed by Briki.



90Array expression evaluation orderThe de�nition of Java speci�es that a multidimensional array reference must beevaluated from left to right. Our simplest remapping switches two dimensionsthus changing the evaluation order.We solve this problem by checking if subscript expressions have potential sidee�ects (note that a possibility of an abrupt completion is a potential side e�ect).Those subscript expressions that may have potential side e�ects, are being eval-uated in the original order with the results being stored in local variables ratherthan being stored on the stack directly.6.5 ExperimentsWe perform our optimizations using the ka�e JIT compiler [68]. We run allexperiments under Linux 2.0.25 on a computer equipped with a 200MHz PentiumPro processor.6.5.1 Array layout optimizationsWe test our optimizations on programs ported by us directly from their Fortranversions included in the SPEC CPU92 benchmark suite [62]: mxm, vpenta andbtrix.Memory locality optimizations rely on high relative cost of memory references.In ine�cient code, the e�ect of improvements in locality is negligible due to longcomputation time. Our optimizations are very e�ective for languages with goodcompilation technology. For interpreted Java programs the e�ect is not noticeableas evidenced in the table showing running times in milliseconds:appli- problem interpreter JITcation size (JDK) (ka�e)unopt opt unopt optmxm 200 35758 35687 2936 2624cholsky 250 49817 49450 11926 9974Even for JIT Java virtual machines, the improvements for array-based op-timizations are signi�cantly smaller than improvements for the same programsimplemented in programming languages like Fortran and C. We attribute thatto relatively immature compiler technology for Java. Even a simple access (in-dexed by loop variables, like a[i][j]) to an element of a two-dimensional array istranslated by Ka�e to a sequence of many instructions including two conditionalbranches and 11 memory operations (!) as shown in Figure 6.5.



91movl 0xc(ebp),edxmovl edx,ebxmovl -0x24(ebp),eaxmovl eax,ecxmovl ebx,edxaddl $0x8,edxmovl 0x0(edx),edxcmpl edx,ecxjl skip1call 0x40015e40skip1:movl ecx,edxshll $0x2,edxaddl $0x20,edxaddl ebx,edxmovl 0x0(edx),ebxmovl -0x20(ebp),eaxmovl eax,ecxmovl ebx,edxaddl $0x8,edxmovl 0x0(edx),edx

cmpl edx,ecxjl 0x80b2d6fcall 0x40015e40skip2:movl ecx,edxshll $0x3,edxaddl $0x20,edxaddl ebx,edxfstpl -0x14(ebp)movl ecx,-0x1c(ebp)movl ebx,-0x18(ebp)fldl 0x0(edx)fstpl -0x1c(ebp)fldl -0x14(ebp)faddl -0x1c(ebp)fstpl -0x14(ebp)fldl -0x14(ebp)addl $0x1,eaxfstpl -0x30(ebp)movl eax,-0x20(ebp)Figure 6.5: Code generated for a[i][j] by Ka�e for the i86 architectureThe same loop written in C and compiled with \gcc -O3" results in a singleinstruction:faddl a(eax)We present normalized running times for our set of benchmarks in Figure 6.6.For our array-based benchmarks, the JIT version of briki performs the sameoptimizations as its o�-line predecessor. Furthermore for our data sets the timeto perform the optimizations just-in-time is several orders of magnitude shorterthan the time to run the benchmark, even though we chose small (by scienti�ccomputing standards) problem sizes|none of our benchmarks took more than 15sto complete. Since the overhead for JIT optimizations is so small, the speedupsare identical (within three signi�cant digits) with the results obtained with theo�-line version of our compiler [21] and range from 10% to 20%.The speedups of Java benchmarks are not as good as the results of applyingthe same optimizations to Fortran versions of the same programs (those were ashigh as 50%). This can be explained by the lack of standard optimizations inthe pre-release version of Ka�e used in our experiments. The quality of codegenerated by Ka�e will, undoubtfully, improve over time. The current version
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Figure 6.6: Speedups achieved on a Pentium Pro/200 PCproduces very poor code for array references. For example the i386 instructionsequence for a simple reference to a 2-D array: a[i][j] contains 30 instructionsincluding two branches (for bounds checking) and eleven memory references (foraccesses to array handles and register spills and reloads). A high-performanceFortran compiler would translate an array reference like that (if i and j are loopvariables) to one or two instructions with just one memory reference|the loadof the array element. Our optimizations reduce the cost of this one load, byincreasing the cache hit ratio for this instruction. In the code generated by Ka�ethis gain is dampened by the cost of the extra nine memory references and 20other instructions which are not improved by our optimizations.To provide a better context for the discussion in Section 6.4, we present heretimes spent in various steps of our optimizer. Some of the times measured by uswere too short for the granularity of standard Unix timing routines. To obtainaccurate results, we have used cycle counters de�ned by the Pentium architecture.The resolution of those counters was more than su�cient for our needs.Figure 6.7 shows the break-down of the array transformation time for ourcholesky benchmark. The time represented in the �gure corresponds to less thanhalf of the total JIT time (if we include the time of the Ka�e front- and back-ends). The absolute time for the array transformation optimization on a 200 MHzPentium Pro is 8.4 ms. Figure 6.8 shows the overhead for performing arraytransformations for Java versions of cholesky and mxm kernels from the SPECCPU92 benchmarks [62]. Note that we have increased data sizes so that theexecution times are meaningful. For scienti�c computing standards the problemsizes are still very small: the execution times are 4 s for mxm and 12 s for cholesky.However, the array sizes are large enough to bene�t from better locality.
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7 Conclusions
7.1 SummaryWe have designed new optimization techniques which speed programs up by im-proving their cache locality. We have implemented those techniques in optimizingcompilers for C, Fortran and Java and performed experiments on standard bench-marks. Our experiments show that array transformations alone o�er big speedupsover existing techniques. Uni�ed array and loop transformations o�er further im-provements in performance. Speci�c contributions of our work are:� We have developed an algebraic framework which integrates representationof array mappings, array references and their locality properties. The frame-work and crucial new concepts of mapping vectors and stride vectors arepresented in Chapter 2. We develop important theorems that allow a com-piler to use array mappings without memory overhead and generate e�cientcode to access array elements. We also show how mapping vectors can beused for compact representation of banded matrices. Representing bandedmatrices within our framework enables the use of our optimizations for sucharrays.� We use array transformations to optimize explicitly parallel programs. Ouroptimizing compiler for SPMD programs o�ers dramatic improvements forprograms running on cache-coherent shared-memory programs by reducingfalse sharing. The experimental results are discussed in Section 2.6.� We demonstrate the use of array transformations for sequential Fortran pro-grams by optimizing applications which cannot be sped up by other tech-niques. Furthermore, we show that there exist applications which cannotachieve their best performance when the compiler applies both loop andarray transformations separately one after another (in any order). We showthat an approach unifying both types of transformations is needed and pro-pose such a uni�ed technique which simultaneously considers both types of



96 transformations. We integrate existing frameworks for loop transformations(which represent loop optimizations with transformation matrices) with ourarray transformations. Chapter 3 presents both the theoretical frameworkand experimental results for uni�ed optimizations.� In Chapter 4 we address the issue of array linearization which for someapplications prevents our compiler from performing array transformations.Array linearization has been identi�ed before as an obstacle to some high-performance optimizations (e.g. it makes dependence tests di�cult and in-hibits e�cient array distributions in HPF), but we are �rst to presentan algorithm for recovering logical multi-dimensional structure from one-dimensional arrays. We also propose a representation of non-rectangulararrays. Non-rectangular arrays (e.g. triangular arrays) have been used fre-quently, but the programmer always had to manually manage such arraysin 
at, linear arrays. We suggest that an explicit support for such arraysbe added to high-level languages. But we also show, in Section 4.4, how anon-rectangular type can be automatically recognized in a programming lan-guage without explicit support for such types. We anticipate that such typeinformation will be useful for parallelizing and optimizing existing Fortranprograms.� Array aliasing is an important issue which must be addressed to make ar-ray transformations possible. In Chapter 5 we de�ne array overlapping asan extension to the existing notion of aliasing. We show how to identifyoverlapping, how to reduce it by selective cloning and how to unify typesof all overlapping arrays. As an additional optimization enabled by arrayoverlap analysis, we introduce code structure recovery which is analogousto array structure recovery discussed in Chapter 4. We implement all tech-niques discussed in Chapter 5 in our optimizing Fortran compiler and runexperiments on applications which up to that moment have eluded localityoptimizations.� We recognize the importance of Just-In-Time (JIT) compilers which areused with the new technologies for mobile software, like Java, which haverapidly gained acceptance in the past year or two. We notice that most high-performance optimizations that have been traditionally used for compilinglanguages like Fortran are not very well suited to JIT compilation. Thosetraditional algorithms are relatively slow and consume signi�cant machineresources. In Chapter 6 we look at the possibility of the application of arraytransformations for Java programs. To make our optimizations competitive,we design new, fast, approximate compiler algorithms. We present thosealgorithms in Section 6.4. We implement array transformations in a JavaJIT compiler perform experiments to demonstrate that our new algorithms



97do not use accuracy for typical, scienti�c applications. Also the overheadof our optimizations in the compilation speed is very small compared toother functions of a JIT compiler. Section 6.5 presents experimental resultsobtained with our compiler.7.2 Future WorkOur work for o�-line optimization of typical access pattern in scienti�c applicationsseems to be fairly complete within the framework considered by us. Nevertheless,the opportunities for future research are abundant in the directions not followedin this dissertation.Further work on non-rectangular arrays seems to be very promising by enablingoptimizations which are not possible with any of the existing techniques. We havestarted the work by developing the algorithm for identifying and representing sucharrays. However, we do not know how to use this type information e�ectively andhow much support for such arrays (if any) is needed in programming languages.Banded matrices are a very interesting problem. Important applications existwhich use such arrays and further investigation into optimizing those programs isneeded. We believe that our work (with previous work by Li presented in [47])can be used to optimize such programs, but the issue of e�ective recognition ofbanded arrays remains open.We believe that Just-In-Time compilation is the most interesting new directionstemming from our research. JIT compilers are becoming very widely used, yetoptimizations techniques for those compilers are in their infancy. We would liketo continue work on those issues in the future.
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