Reducing Graph Copying CostsTime to Wrap it UpMarco KesselerFaculty of Mathematics and Computer Science,University of Nijmegen,Toernooiveld 1, 6525 ED Nijmegen, The NetherlandsAbstract: Graph copying is used in parallel implementations of functional languages on architectureswith distributed memory. This paper will explore the costs of graph copying in detail. It will make clearthat these costs can form a bottleneck for a class of serious parallel programs. This not only comprisespractical divide and conquer style programs - of which parallel matrix multiplication is an example -, butalso programs that use pipelines, such as the sieve of Erathostenes. One can observe that copying costsvary widely for different data structures. We will show how arrays can be used to reduce copying costsconsiderably. This resulted in significant speed-ups for the examples above.Keywords: parallel functional programming, distributed memory, graph copying, graph conversions,delays1.IntroductionGraph rewriting systems have been studied as acomputational model for functional languages andtheir implementation. The lazy functional languageConcurrent Clean, for instance, is based on such agraph rewriting system and the Clean compiler isknown for the efficient code it produces [1, 2, 3, 4].Graph rewriting systems represent a program as aset of rewrite rules. Starting with an initial graph,rewriting (reduction) takes place according to theserules. At any moment in time there will be multipleredexes, and therefore a reduction strategy isneeded. Sequential strategies will at any point intime reduce a single redex, as opposed to parallelones that will reduce multiple redexes at a time.Parallel implementations of functionallanguages can roughly be divided into two classes:those aimed at shared memory architectures, andthose suited for architectures with distributedmemory. The main difference between the two isthat shared memory implementations will havemultiple processors working on a globallyaccessible shared graph, whereas distributedimplementations have to distribute the graph so thatprocessors can reduce a private copy. Importantissues for shared memory implementations are theuse of caches and locks. Conversely,implementations for distributed memory have todeal with the costs of graph copying. These areas ofresearch are related in the sense that they focus onproviding the processors efficient access to graphs.On the other hand, the notion of copying sharplycontrasts with the notion of sharing.This paper will focus on the costs of copying ofgraphs on general purpose distributed memorymachines. More precisely, we will not concernourselves with the pure transmission costs, but withcosts that surround the act of transportation. Ingeneral, efficient reduction requires a graphrepresentation that differs from the one needed forefficient communication. During reduction a nodetypically contains local memory addresses toefficiently access other nodes on the same processor, whereas a graph that is being transportedwill contain some sort of globally usable addresses,such as offsets within a message. This introducesthe need for graph conversions during copying. Wewill not assume any special conversion hardware, sothe processor itself has to perform this task.Additionally, administrative tasks - possiblyemploying control messages - are needed to regulatecopying. Administration and conversion introducedelays that are unacceptable for some parallelprograms.These protocol costs have been largely ignoredby the implementors of parallel functionallanguages. In the first place, of all implementations,there are not many aimed at distributed memoryarchitectures. Most recent research in parallelfunctional programming focuses at implementationsfor (virtual) shared memory architectures (<u,G>,AMPGR, GAML, GRIP, Flagship, and HyperM) [5,6, 7, 8, 9, 10, 11, 12, 13]. And secondly, the exactcosts of copying have not been made explicit fordistributed memory implementations. Sometimesthe use of an interpreter causes uncertainty aboutrealistic copying costs (PAM, p-RED+) [14, 15]. Inother cases only some simple divide-and-conquerprograms have been tested that are not veryconclusive with respect to overall communicationoverheads (HDG, SkelML) [16,17]. In particularpipelines of processes are not considered at all.This paper will explore the costs of graphcopying in detail. It will make clear that these costscan form a bottleneck for a class of serious parallelprograms. We will show how one can avoidproblems by using appropriate data structures.These can either be used implicitly, via skeletons, orexplicitly. Considerable speed-ups can be obtainedthis way.Our work has some relation with that presentedin [18], where a set of skeletons on special datastructures has been proposed to exploit data-parallelism. This is based on the assumption thatsome data structures are cheaper than others forcertain problems. The effect of different datastructures on efficiency of communication is notexamined in detail. In contrast, we will not limitourselves to data parallelism in any way, nor willwe present a set of skeletons. We will not examinealgorithmic properties of data structures, such as theability to efficiently access elements in a randomway (as in [18]). Instead, we will focus onefficiency of communication alone and explain whycertain data structures are cheaper than others in thisrespect.We have structured this paper as follows. Thefirst section will point out two directions of interestfor reducing copying costs. The following sectionswill show for each direction that serious programsexist that suffer from high copying costs and howthis problem can be solved.2.Copying CostsReports on speed-ups for parallel implementationsof a functional languages on machines withdistributed memory are rare and strikingly similar.Either abstract machine code has been interpreted,resulting in performance figures that are notconclusive with respect to the possible performanceof compiled code, or one does compile, but thenonly a small set of programs turns out to performwell. These programs all have a comparablestructure that makes them less sensitive to delays incommunication.A closer look at this sort of program reveals anumber of similarities. In the first place, they allexploit a simple divide-and-conquer mechanism.Computation unfolds into a tree of processes. Thesetrees are not very deep, but they contain a hugeamount of processes. This means that data does nothave to travel far. At the same time there will bemany processes per processor, so that a waitingprocess does not imply the processor becomes idle.In addition, the complexity of copying data is verysmall, compared to the complexity of thecomputation. As a result, communication overheadscan easily be �suppressed� by increasing theproblem size. Altogether, this means thatcommunication latencies do not (need to) havemuch effect on efficiency. The table below listssome typical examples.table 1. Execution times of Divide-and-ConquerPrograms in Concurrent Clean on a network oftransputers. nfib computes nfib 30. queens computes thenumber of solutions of the queens problem on a board of10 by 10. mandelbrot computes and draws a well knownfractal in a resolution of 560 by 320 pixels and depth 128.raytrace computes and draws a scene of polygons in aresolution of 300 by 300 pixels. The mandelbrot programand the raytrace program consist of �sequential� functionsthat describe the colour of each pixel on the screen. Thesehave been passed - using currying - to a parallel pixel-plotting function. The raytrace program is the mostcomplex of the ones listed. It - rather implicitly - copies adatabase of objects to all processors.1 T80016 T800�sSpeedup nfib12.2 sec.1.2 sec.10.2 queens44.2 sec.5.4 sec.8.2 mandelbrot153.5 sec.13.6 sec.11.3 raytrace331.3 sec.33.0 sec.10.0

These results have been obtained with animplementation of Concurrent Clean on a networkof transputers. If we relate it to other transputerimplementations, it certainly outruns interpreterslike PAM and p-RED+ and as far as we have beenable to determine it is faster than SkelML (raytrace)and the HDG machine (nfib and queens). This hasbeen achieved by combing a state-of-the-artcompiler, a specialised parallel runtime system andthresholds to control the grain size of computation.No load balancing technique has been used.Processes have been scattered randomly over thenetwork, which results in a somewhat balanced loadif the number of processes is high. Be this as it may,load imbalance is the main reason that processorutilisation is not optimal. Compared tointerpretation the problem size had to be increasedto achieve similar speed-ups. This comes to nosurprise as interpreters are between one and twoorders of a magnitude slower.Let us assume we do not have such a divide andconquer program. Data will be complex, or it willhave to travel over a long distance, or both. We willsee realistic examples below. The price of copyingcannot be ignored now, it has to be kept as small aspossible. There are three ways to do this. First of all,one should decrease absolute costs of conversionand communication. Secondly, communication andcomputation should overlap as much as possible,hiding delays. And finally, copying tasks should bedistributed over the network as much as possible.The latter can usually be realised by selecting asuitable algorithm for splitting up the problem.Except for some short contemplations we will notconsider this. Instead, we will show how majorimprovements of the first and second kind can berealised. The next section will be concerned withreduction of the overall conversion costs, thefollowing will focus on overlapping computationand communication.3.Reducing Conversion CostsConversion costs are most significant if data iscomplex. Large data structures can impose seriousoverheads when copied to another processor. Anexample matrix multiplication program will clarifythis. Comparing different data structures below, wewill see that it is important to choose data structurescarefully, because the conversion costs may varytremendously for different ones. This section willend with a short reflection on distributing copyingtasks over the network.3.1.Matrix Multiplication with ListsMatrix multiplication is more complicated than thesimple divide and conquer programs of the previoussection, because the arguments and results are morecomplex. Increasing the problem size will notautomatically result in better performance as thecopying costs will grow as well. Depending on thesize of the network the complexity ofcommunication may approach the complexity ofplain matrix multiplication: O(n3). This happens forexample when every new matrix element iscomputed by a separate processor: each processorneeds O(n) data and O(n2) processors are needed. Itis crucial that copying costs are kept to a minimumhere.A simple way to multiply two square matrices Aand B of size n (number of rows) on n processors, isto split A into n rows a1...an and compute ai Æ B onprocessor pi. We will assume that A and B bothreside at some processor ps at the start and that theresult should return to ps. Suppose further, that psitself distributes all work. It is easy to see that thiswill not lead to speed-ups if communication isexpensive: copying B (n-1) times is O(n3). Ingeneral, if we use this method on p processors, thecosts of communication are O(p Æ n2). We can seebelow what results were obtained with matricesrepresented by lists of lists of floating pointnumbers. We should note here that the use of listsdoes not impose overheads to access matrixelements: the algorithm does not need randomaccess to elements.Table 2: multiplication of matrices represented by lists oflists of floating point numbers.1 T80016 T800�sSpeedup

MatMult 64 x 643.9 sec.5.0 sec.0.8

MatMult 128 x 12830.3 sec.35.0 sec.0.9

Table 3: time spent by root processor in parallel versionon conversion and garbage collectionConversionsCollections

MatMult 64 x 642.9 sec.0.2 sec.

MatMult 128 x 12816.9 sec.10.0 sec.

These figures need some explanation. First ofall, the conversion costs per matrix element arehigher than an elementary multiplication step. Fromthe timings for one processor one can deduct that ittakes about 15 ms to perform a basic multiplicationstep (total time is size3 times basic time). If weassume that it takes p seconds to pack an element and u seconds to unpack it, we can derive thefollowing formula for conversion costs at the root.The root (un)packs data for 15 remote processorsand n denotes the size of the square matrices.conversion at the root:15p (n2 + n2/16) + 15u(n2/16) » (16p + u)n2(1)In our implementation unpacking is less expensivethan packing, as unpacking does not involvecopying nodes. It merely has to adjust pointers. Wehave not yet established the exact difference inspeed. Conversion takes between 16pn2 and 17pn2.This means that packing costs are approximatelybetween 42 and 45 ms for the first test and between61 and 65 ms for the last. The variation is caused byextra overheads if memory runs low duringconversion, which is the case during multiplicationof matrices of 128 by 128 reals.Secondly, the last test suffers from excessivegarbage collection times at the root processor. Thelist representation of each matrix consumes about400 KByte of memory, while graph conversionclaims a similar amount for the resulting message.Only few room remains to perform graph reduction.With a total heap size of 3 MByte per transputer,garbage collection times add up to 10 seconds. Theroot processor spends 27 seconds on conversion andgarbage collection alone, while matrixmultiplication takes less than 2 seconds perprocessor. This is partly due to the use of a two-space copying collector, which traverses all livedata and limits the maximum usable space to halfthe heap size. For this particular problem it might beadvisable to reduce the number of garbagecollections by using an heuristic that will holdgarbage collections as long as the heap containslarge - or many - messages. Garbage collectionwould not free enough memory in this case, asopposed to communication. Apart from fewer andcheaper garbage collections, the transmission ofmessages benefits from the temporary absence ofgarbage collection. On the other hand, thisintroduces alternating phases of communication andcomputation, which may not always beadvantageous. We have not yet tested this.And finally, idle time is considerable. A largeamount of data has to be transported over thetransputer communication links. In addition,conversions and garbage collections cause delays aswell. Not only do these operations take notable timeto complete, they also - unlike normal reduction -make overlapping computation and communicationmore difficult. One cannot boldly access messagesin the heap during these operations because nodesmay be in an inconsistent state (perhaps containingforwarding addresses and marks). In the currentimplementation processors cannot forwardmessages while they are busy converting graphs andcollecting garbage. The matrix multiplicationprogram suffers greatly from this problem.From the above it becomes clear that copying isexcessively expensive here. In short, converting alarge graph takes much time and memory. One canobserve that relative conversion costs can bereduced by increasing the problem size, but at amuch slower rate than for the simple divide-and-conquer programs listed earlier. At the same timephysical memory size restrains the use of extremelylarge matrices. These introduce substantial memorymanagement overheads, which in turn will causehigher communication delays.3.2.Matrix Multiplication with ArraysWe will show below that the use of strict arrayssolves many problems. In this particular case we donot need them for efficient random access toelements, but because they can be copied cheaply. Itis important to note that arrays cannot beimplemented efficiently in a trivial way forfunctional languages. Referential transparency hasto be guaranteed. Clean achieves this with itsuniqueness type system, that derives sharinginformation for objects. Destructive updates on non-shared objects do not harm referential transparency[1,19]. It allows an array to be represented by asingle, efficiently modifiable, block of memory.Strict arrays consist of evaluated elements that areplaced one after another in memory. As a result,copying a strict array merely involves moving ablock of memory if the elements are flat (e.g. a strictarray of integers). No expensive conversion isinvolved.A few cases need to be considered whilecopying a graph that contains strict arrays. Clearly,if the graph is a strict array with flat elements, it canbe copied without conversion by means of a simpleblock move. In many cases however, the graph willconsist of a mixture of strict arrays and ordinarynodes. If an array is small, it will not be worthwhileto send a separate message for it. In this case thegraph copier will pack it - i.e. copy it - in a messagetogether with the other nodes of the graph. On theother hand, if an array is large, the copier will createa separate message for it. This message consists ofthe array itself, creation does not involve copying.For our transputer system 16 Kbyte turned out to bea good boundary between small and large arrays.The combination of two-dimensional strict arraysand this copying scheme has lead to the following execution times for matrix multiplication. Thealgorithm is exactly the same as the one used above.Table 4: multiplication of matrices represented by 2-dimensional arrays of floating point numbers.1 T80016 T800�sSpeedup

MatMult 32 x 321.0 sec.0.4 sec.2.5

MatMult 64 x 647.6 sec.1.0 sec.7.6

MatMult 128 x 12860.3 sec.5.0 sec.12.1

MatMult 256 x 256480.7 sec.32.5 sec.14.8

Table 5: time spent by root processor in parallel versionon conversion and garbage collectionConversionsCollections

MatMult 256 x 2560.03 sec.0.08 sec.

These speed-ups are comparable to the onesobtained for languages like C or FORTRAN. Theonly drawback of using arrays is that sequentialmatrix multiplication is slower for arrays than forlists. This shows that computing the address of anelement in a two-dimensional array, includingboundary checks, is more expensive than walkingthrough a list. At this moment special functions areused to perform these computations. Animprovement can be expected if the compilergenerates code to optimise array addressing.Nevertheless, if we compare these results with theprevious ones, the merits of using strict arrays areclear. Larger matrices can be used and for the largeones the speed-up is nearly perfect. If we take acloser look, we can see that all problems listedabove are avoided by using this different datarepresentation.¥There are nearly no conversion costs, asmatrices do not get packed at all. They alreadyare packed from the start.¥Virtually no time is spent on garbagecollections. On the one hand less garbagecollections are needed: no memory is allocatedfor conversions and the matrix representation ismore compact. A matrix of 128 by 128 realsonly takes about 128 Kbyte as opposed to 400Kbyte above. On the other hand each garbagecollection is less expensive, as the amount oflive data is smaller, while having a lesscomplex structure as well.¥Idle time is small. Less data has to betransported, due to the compact matrixrepresentation. The absence of conversions andgarbage collections is important as well. Unlikethese computations, normal reduction caneasily be overlapped by communication,because the transputer communicationhardware works independently of the CPU.One could argue that lists are more elegant,because of their flexibility. On top of the efficientparallel matrix multiplication function for two-dimensional arrays, one can define one for a listrepresentation. Conversions between the tworepresentations are of O(n2). If one has n processorsparallel matrix multiplication is of O(n2) as well.One can take C-1 (Multiply (C A) (C B)), where Cis the function that converts the list representationinto the array representation. Having n processorsone does not convert B n times, but only once. Ineffect the conversion has been moved in front of allcopying operations so that these can share theconverted result. Another viable way to achieve thismight be the use of a special cache for convertedgraphs so that these do not need to be recomputed.Some primitive for broadcast communication couldbe helpful as well, not so much to reducetransportation costs in this particular case, but ratherto allow conversion costs to be reduced.3.3.Matrix Multiplication with DistributedCopyingWe have seen that absolute conversion costs can begreatly reduced by choosing appropriate datastructures. Alternatively, one could reduce the timeneeded for conversions by distributing copyingoperations over all processors. This is mostlyworthwhile if copying costs are high, as is the casefor the matrix multiplication program above thatused lists. It required the root processor to performmost conversions, which turned out to be veryexpensive. Conversely, one could use an algorithmthat avoids this problem. A well-known way toachieve this is to split matrices recursively in halfuntil some basic size has been reached. Matrixmultiplication will then be performed on thesesubmatrices. Combination of the partial resultsyields the final one. This gave the following resultfor matrices represented by lists.Table 6: matrix multiplication by recursive split-up1 T80016 T800�sSpeedup

MatMult 64 x 643.9 sec.2.6 sec.1.5

MatMult 128 x 12830.3 sec.16.0 sec.1.9

ConversionsCollections

MatMult 64 x 640.6 sec.0.0 sec.

MatMult 128 x 1284.4 sec.2.5 sec.

Delays in Matrix MultiplicationFor the naive matrix multiplication solution the total amount of delays was largely determinedthe copying costs at the root. If we ignore the effects of garbage collection and define p and u tocomprise the conversion and communication costs per element, we can use the followingformula for delays.delay: 15p(n2 + n2/16) + u(n2 + n2/16) + pn2/16 + 15un2/16 = (16p +2u)n2(2)The copying costs at the root are given by 15p(n2 + n2/16) + 15un2/16 » (16p + u)n2 (see also(1)), which is almost the same. For the matrix splitting solution this situation differs. Theconversion costs at the root are as follows:conversion at the root: 2p(n2 + n2/2) + un2 = (3p + u)n2(3)It indicates that packing costs per element are now roughly between 37 and 49 ms and between67 and 90 ms respectively. This is in accordance with the figures found earlier if we consider thatmemory management overheads are worst for the largest matrices. The formula for delays isvery different however. If we recursively split the matrices four times, we obtain 16 submatrices.The delays for splitting and recombining can then be approximated by the following formulae.packing delays during splitting: (3n2 + 3n2/2 + 3n2/4 + 3n2/8)p(4)unpacking delays during splitting: (3n2/2 + 3n2/4 + 3n2/8 + 3n2/16)u(5)packing delays during recombination: (n2/2 + n2/4 + n2/8 + n2/16)p(6)unpacking delays during recombination: (n2 + n2/2 + n2/4 + n2/8)u(7)(4)+(5)+(6)+(7): (6.5625p + 2.8125u)n2(8)Depending on the relative costs of unpacking these delays differ with a factor 1.9 to 2.4. Thislargely explains the speed-ups that were found.

Table 7: time spent by root processor in parallel versionon conversion and garbage collectionThese results are better than the naive matrixmultiplication algorithm using lists, but they are farfrom optimal. Although the root spends 4 to 5 timesless time on conversions and garbage collections,the total execution time has only halved. Asconversions are not only executed at the root now,but for a considerable part on other processors aswell, we need to take into account these costs. Hereproblems arise because in Clean graphs are copiedas a whole and not on a per-node basis. Thedistribution of data takes several phases that do notoverlap. In other words, the copying costs - mostlyconversion costs - add up over a path from the rootto a leaf. This explains the speed-up of a mere factorof 2. Details can be found in the frame below.To overcome this problem, one has to avoid thestandard copying of lists. It is here that the use ofstreams comes to mind. One would like to break upthe copying of a list in pieces, so that a rathercontinuous stream of data can be formed in which apipeline of copying functions works concurrently.This will not reduce the overall copying costs, butideally it will fold them up so that delays arereduced (Cannon�s algorithm for matrixmultiplication would be interesting in this respect).The next section will show how such pipelines canbe efficiently implemented. For technical reasonswe have not (yet) implemented matrixmultiplication based on this method. Note also thatthe conversion costs for the splitting algorithm arestill too high to improve the version that uses arrays.We will focus on another example: the sieve ofErathostenes.4.Overlapping Communication andComputationTo some extend communication in Clean is lazy. Bydefault results are not transmitted until needed. Thishas some advantages. It avoids needlesscommunications, suppresses small (expensive)messages, and allows �remote� results to be referredwithout copying. The main disadvantage is that itincreases delays in obtaining results: if a result is needed, one has to wait until it has been returned.First a request message will be transmitted. Afterthis has arrived, the result will be packed as soon asit has been computed, and finally the obtainedmessage can be returned and unpacked. Only thenthe requesting process can proceed. This may havegreat effect on performance for certain programs.In addition to the programs above, whichsuffered to a large extent from the complexity ofconversion alone, there is a class of programs that isseriously affected by these delays. In general this isa problem if data is not necessarily complex, but hasto travel over a large distance. Many (small) delayswill then add up to a considerable amount. Infunctional languages this travelling distance isclosely related to the depth of parallel functioncomposition, whereas the costs of eachcommunication step are related to the structuralcomplexity of arguments and results. Althoughreduction of conversion costs can be important forreducing delays as well, we will not consider thishere. The previous section already has focused onthis. In contrast, this section will concern itself withreducing delays by overlapping computation and(more eager) communication.Streams consist of lengthy compositions offunctions. These pipelines can be used to solve real-world problems, but they are very sensitive todelays. A classical example - although not veryuseful - is the sieve of Erathostenes. It generates alist of prime numbers by filtering all non-primesfrom the list of natural numbers. The filter consistsof a pipeline of small filters. Each assumes the firstnumber in the stream to be a prime number. It willfirst deliver this prime and next remove all numbersfrom the stream that are divisible by it. Theresulting stream is passed to the next filter.a

ErathostenesSieve n [p | s]{P}-> [p | Sieve (-- n) f],Filter s p,SquareRoot p;Sieve n [] -> [];Filter [x | xs] p-> Filter xs p,IF (= (% x p)-> [x | Filter xs p];Filter [] p -> [];Table 8: The sieve of Erathostenes.

delays varies widely, because there is no mechanismuse of early requests, meaning that request messages:: Buffer PROCID INT [INT] -> [INT]; Buffer proc size listlist);:: Write INT [INT]-> BufArray; Write size list Fill buf s list -> Pack result next, next: Fill (CreateBuffer s) s rest,:: Read BufArray -> [INT];next], (n, new): GetElement result, (result, next): Unpack buffer; Get curr next -> Read next, (n, new): GetElement curr;

other hand it will not have any influence on the final

Sieve n [p | s]{P} -> [p | Sieve (-- n) f],stream:Buffer CurrentP 40 f,Filter s p,SquareRoot p;Sieve n [] -> [];Filter [x | xs] p -> Filter xs p,IF (= (% x p) 0) -> [x | Filter xs p];Filter [] p -> [];Table 8: The sieve of Erathostenes with buffering copying. These costs turned out to form a bottleneckGraph Reduction with the <> - machine. In

S. L. Peyton Jones, C. Clack, J. Salkild (1989).P. Watson and I. Watson (1987). Evaluation ofFunctional Programs on the Flagship Machine.SIGARCH newsletter, 16(2), 1988, pages 124-H.P. Barendregt, M. Beemster, P. H. Hartel, L.Programmingp