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MARK W. GOUDREAUyC&C Research LaboratoriesNEC USA, Inc.4 Independence WayPrinceton, NJ 08540goudreau@ccrl.nj.nec.comUSAABSTRACTThough parallel sorting algorithms have been investi-gated for many di�erent machines and models, exper-imental demonstration of portable and e�cient paral-lel sorting is still a challenge. This paper investigatesparallel sorting based on the Bulk-Synchronous Paral-lel (BSP) model. Proponents of the model argue thatthe structured programming approach is easy to rea-son about, and that the resulting code is portable atnegligible cost for interesting (large) problem sizes. Weempirically study the performance of four sorting al-gorithms (randomized sample sort, deterministic sam-ple sort, bitonic sort, and radix sort) on two di�er-ent parallel platforms (an SGI Challenge and an In-tel Paragon). Although the results indicate relativelylow speedups for small problem sizes, the results alsodemonstrate that e�cient use of larger machines canbe attained by increasing the problem size. Moreover,these results suggest that, from a practical standpoint,there is little need for more complex approaches to par-allel sorting.KEYWORDS: BSP, LogP, parallel sorting algo-rithms1 INTRODUCTIONSorting is one of the most common applications per-formed by computers. Sequential sorting algorithmshave been developed under the Random-Access Ma-chine (RAM) model, an abstraction of the von Neu-�Supported by the McKnight Doctoral Fellowship from theFlorida Education Fund.ySupported partially by a grant from the NEC Research In-stitute. Most of this work was done while the author was at theUniversity of Central Florida.

mann model which has guided uniprocessor hardwaredesign for decades. Parallel sorting algorithms havebeen investigated for many di�erent machines andmodels, but unlike sequential computing, parallel com-puting has no widely accepted model for program de-velopment. As a result, e�cient parallel programs areoften machine-speci�c. One bridging model that at-tempts to provide a realistic basis for both softwareand hardware is the Bulk-Synchronous Parallel (BSP)model developed by Valiant [1]. We explore the par-allel sorting problem under this model. In particular,we developed implementations of sorting algorithms|randomized sample sort, deterministic sample sort,bitonic sort, and radix sort| and evaluated their per-formance on two parallel platforms.A BSP computer consists of a set of processor-memory pairs, a communication network, and a mech-anism for (e�cient) barrier synchronization of all theprocessors. The performance of a BSP computer ischaracterized by p (the number of processors), L (thelatency between successive barrier synchronization op-erations), and g (the time interval between consecutivemessage transmissions at a processor). g and L are de-termined experimentally for each parallel computer. Acomputation consists of a sequence of parallel super-steps. During a superstep, each processor is allocateda task consisting of some combination of local com-putation steps, message transmissions, and messagearrivals from other processors. A message sent in onesuperstep is guaranteed to be available to the destina-tion processor at the beginning of the next superstep.Each superstep is followed by a global barrier synchro-nization of all processors.The time complexity of a superstep in a BSP pro-gram is: w + gh+ L;where w is the maximum number of basic computa-



tional operations executed by any processor in the lo-cal computation phase, and h is the maximum numberof messages sent or received by any processor. The to-tal execution time for the program is the sum of allthe superstep times.The claim that both e�ciency and portability canbe achieved by using the BSP model is supported byboth theoretical [1] and experimental [2] results. How-ever, other general-purpose models, such as LogP [3],make similar claims. LogP models the performance ofpoint-to-point messages with three parameters repre-senting software overhead, network latency, and com-munication bandwidth. Under LogP, the programmeris not constrained by a superstep programming style.Although proponents of LogP argue that it o�ers amore 
exible style of programming, Goudreau andRao [4] argue that the advantages are largely illusory,since both approaches lead to very similar high-levelparallel algorithms. In fact, most of the BSP sortingalgorithms discussed here are, from a high-level per-spective, virtually identical to Dusseau et al.'s LogPimplementations [5]. The main di�erence between thetwo models is that under LogP the scheduling of com-munication at the single-message level is the responsi-bility of the application programmer, while under BSPthe underlying system performs that task. We arguethat the cost of allowing the underlying system to han-dle communication scheduling is negligible, thus thehigher-level BSP approach is preferable.Similar parallel sorting studies are described byBlelloch et al. for a Connection Machine CM-2 [6],Hightower, Prins, and Reif for a MasPar MP-1 [7], andby Helman, Bader, and J�aJ�a on a Connection MachineCM-5, an IBM SP-2, and a Cray Research T3D usingvarious input distributions [8]. Of particular relevanceis the work of Dusseau et al. [5], which described sev-eral sorting approaches on a Connection Machine CM-5 using the LogP cost model [9]. Dusseau et al.'s workis very similar in philosophy to this work in that itadvocates the use of a bridging model for the designof portable and e�cient code.Experimental results for sorting based directly onthe BSP model can be found in the work of Gerbessio-tis and Siniolakis for an SGI Power Challenge [10], Ju-urlink and Wijsho� for a MasPar MP-1 and GCel [11],Shumaker and Goudreau for a MasPar MP-2 [12], andHill et al. for a Cray T3E [13].Throughout the rest of the paper, n designatesthe total number of keys to be sorted and p repre-sents the number of processors. Section 2 gives a briefoverview of the sorting algorithms, a description of ourexperimental platforms, and describes the experimen-tal results. Concluding remarks are given in Section 3.

2 EXPERIMENTSThe sorting algorithms used in these experiments wereselected because of the communication challenges theypresent to a parallel machine. Detailed descriptions ofthe algorithms are precluded due to the space limita-tions of this paper. However, in this section we givehigh-level descriptions of the algorithms, to give thereader some intuition.Randomized sample sort and deterministic sam-ple sort are based on the selection of a set of p � 1\splitters" from the set of input keys. The sorted split-ters, s1; : : : ; sp�1, logically divide the input keys intop buckets, where bucket 0 contains all keys with val-ues less than s1, bucket 1 contains all keys with valuesgreater than or equal to s1 but less than s2, etc. Allprocessors gain knowledge of the splitters, and after alarge communication stage, processor i will locally sortall the keys in bucket i. E�cient operation of thesealgorithms depend on the selection of splitters; in par-ticular, we seek splitters that will divide the input keysinto approximately equal-sized buckets. These samplesorts require irregular and unbalanced communication.Bitonic sort was developed by Batcher [14]. Theapproach used here is one for which the input size isfar larger than the number of processors available; astraightforward mapping of comparison node opera-tions to processors is used. Bitonic sort consists ofregular and balanced communication.Radix sort relies on the binary representation ofthe unordered list of keys. The keys are sorted over anumber of passes based on the number of bits in thekeys and the chosen radix. Each pass can require alarge amount of communication, as the keys are movedto new processors. The resulting communication pat-terns are irregular but balanced.The code was written using the BSPlib li-brary [15] and experiments were run on two platforms:� An SGI Challenge|a shared-memory platform|with 16 MIPS R4400 processors running IRIXSystem V.4. A shared memory implementationof the BSP library developed by Kevin Lang wasused.� An Intel Paragon|a message-passing machine|with 32 i860 XP processors running ParagonOSF/1 Release 1.0.4. The BSPlib implementa-tion used was developed by Travis Terry at theUniversity of Central Florida.The code was compiled with the cc compiler us-ing the -O2 optimization 
ag. The run times do notinclude I/O, and timings started when the input data



SGI Challenge Intel Paragonn p t (sec) Sp p t (sec) SpRD 105 4,7 0.10 1.10 6 0.26 1.27106 10 0.53 4.30 18, 20 0.95 4.59107 10 5.97 4.45 32 5.80 �DT 105 6 0.08 1.38 4 0.23 1.43106 10 0.68 3.38 20 1.27 3.43107 14 6.80 3.90 32 9.67 �BT 217 2 0.21 0.81 16 0.36 1.31220 8 2.00 1.16 32 1.40 3.29223 1 24.22 0.92 32 11.43 �RX 105 6 0.35 0.31 8 0.80 0.41106 9 2.49 0.92 16, 18 3.44 1.27107 12 23.60 1.13 32 16.65 �Table 1: p, execution time, and speedup of the sortingapplications on problems of size n. � An unde�nedvalue resulting from the problem size being too largefor one processor.was evenly distributed among the processors. The in-put data consisted of uniformly distributed integers.For sequential sorting, we used an 11-bit radix sort,which was the fastest sort that we could �nd.For each sorting algorithm, a number of di�erentproblem sizes were tested. The data for each problemsize represents the result of one test case. We char-acterize the performance of our sorting algorithms bymeasuring the speedup, Sp, relative to an 11-bit se-quential radix sort.Table 1 summarizes the experimental results foran SGI Challenge and an Intel Paragon1. Executiontime re
ects the best execution time achieved on aparallel machine, and p represents the number of pro-cessors used to attain the best execution time. Twonumbers in the p column represent a tie.The data indicates a general trend that for theseapplications, greater e�ciency can be achieved by in-creasing the problem size. This is true not only forthese sorting algorithms, but for a wide range of im-portant applications. Intuitively, this will occur when-ever the computation can be equally balanced amongthe processors, and communication and synchroniza-tion requirements grow more slowly than the compu-tation requirements.Dusseau et al. do not use speedups for their ex-perimental results on the CM-5. Instead, they showtheir experimental results in terms of �s/(key/proc)which allows them to run larger problem sizes for mul-tiple processors. As long as the key/proc factor issmall enough that it �ts into a single processor's mainmemory, their performance comparisons are reason-ably valid. Since randomized sample sort performedthe best, additional experiments were run to evaluate1For bitonic sort, the input size and the number of processorsboth had to be powers of two.

SGI Challenge Intel Paragonp t (sec) �s/(k/p) Sp0 p t (sec) �s/(k/p) Sp01 7.02 2.34 1.00 1 3.94 4.38 1.002 11.87 3.96 1.18 4 9.06 10.07 1.743 12.46 4.15 1.69 6 9.51 10.57 2.464 14.09 4.70 1.99 8 10.24 11.38 3.085 14.86 4.95 2.36 10 14.91 16.57 2.646 14.92 4.97 2.82 12 48.91 54.34 0.977 15.30 5.10 3.21 14 11.58 12.87 4.768 15.99 5.33 3.51 16 11.69 12.99 5.399 17.54 5.85 3.60 18 12.34 13.71 5.7510 17.81 5.94 3.94 20 12.64 14.04 6.2311 25.71 8.57 3.00 22 13.23 14.70 6.5512 25.16 8.39 3.35 24 13.88 15.42 6.8113 28.66 9.55 3.19 26 14.28 15.87 7.1714 38.10 12.70 2.58 28 15.00 16.67 7.3515 41.07 13.69 2.56 30 15.11 16.79 7.8216 50.56 16.85 2.22 32 18.28 20.31 6.90Table 2: Execution time, �s/(key/proc), and speedupof randomized sample sort.its performance in terms of �s/(key/proc) for largerproblem sizes.The performance of randomized sample sort ismeasured by a speedup value Sp0 = (p�t1)=tp where t1is the execution time on 1 processor and tp is the execu-tion time on p processors. Table 2 shows the speedupfor randomized sample sort when n=p = 3�106 on anSGI Challenge and n=p = 9�105 on an Intel Paragon,respectively. These n=p values represent the largestproblem sizes that �t into each processor's main mem-ory. For randomized sample sort, the best speedupsobtained on the SGI Challenge and the Intel Paragonare 3.94 and 7.82, respectively.3 CONCLUSIONSWe have shown the performance of four sorting algo-rithms. LogP proponents argue that the applicationprogrammer should not be constrained by the super-step programming style of BSP. However, the BSPsorting implementations used here are virtually iden-tical to Dusseau et al.'s LogP implementations. Ad-ditionally, the asynchronous single-message passing ofLogP is particularly ine�ective for analyzing commu-nication that cannot be predicted at compile time. Inparticular, Dusseau et al. ignore analyzing the com-munication for their radix and randomized sample sortimplementations.The experimental results show that even inthe best parallel algorithms implemented here, thespeedups obtained are moderate. We point out tworeasons for this. First, the speedups are relative to the\best" sequential algorithm we could �nd, an 11-bitradix sort. This radix sort is considerably faster thanother common sorts, such as the qsort function thatis part of the standard C library. Second, to allow for
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