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Abstract

We comparetwo algorithmsfor sorting out-of-core dataon a distributed-memory cluster. Onealgo-
rithm, Csort, is a 3-passobliviousalgorithm. The other, Dsort, makesthreepassesover the dataand is
basedon theparadigm of distribution-basedalgorithms.In thecontext of out-of-coresorting, thisstudy is
the�rst comparison betweentheparadigmsof distribution-basedandobliviousalgorithms. Dsort avoids
two of the four stepsof a typical distribution-basedalgorithm by making simplify ing assumptionsabout
thedistribution of the input keys. Csort makesno assumptions about the keys. Despitethesimplifyin g
assumptions,theI/O and communicationpatternsof Dsort dependheavily ontheexactsequenceof input
keys. Csort, on theotherhand, takesadvantage of predeterminedI/O andcommunication patterns, gov-
ernedentirely by the input sizein order to overlap computation, communication,andI/O. Experimental
evidenceshowsthat, evenon inputsthatfollowedDsort'ssimplify ing assumptions,Csort faredwell. The
running timeof Dsort showed greatvariationacross � ve input cases,whereasCsort sortedall of them in
approximatelythe same amount of time. In fact,Dsort ransigni�cantly faster thanCsort in just one out
of the� ve input cases: theonethatwasthemostunrealistically skewed in favor of Dsort. A more robust
implementationof Dsort—onewithout the simplifying assumptions—would runevenslower.

1 Intr oduction

This paper demonstrates the merit of oblivious algorithmsfor out-of-core sorting on distributed-memory
clusters. In particular, we compare theperformance of Csort, a 3-passoblivious algorithm that makesno
assumptionsabout theinput distribution, to that of Dsort, a 2-passdistribution-based algorithm that makes
strong simplifying assumptions about the input distribution. This difference makesCsort a more robust
algorithm for sorting realout-of-core data. BecauseCsort is oblivious, its I/O and communication patterns
are not affected by the input distribution or the exact input sequence. In Dsort, on the other hand, the I/O
and communication patterns show a strong sensitivity to the input sequence, even when it adheresto the
assumed input distribution. An added bene�t of Csort's predeterminedI/O and communication patterns is
that it ismuch simpler to implement. Weranexperimentswith � ve128-GB datasets, ranging fromthemore
favorably skewed (for Dsort) to the lessfavorably skewed.Therewasno signi� cant variation in therunning
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timeof Csort for theseinputs,demonstrating that its running time is determinedprimarily by the input size.
Dsort ran no faster than Csort, except in the two most-favorably biased cases; thedifferencewasmarginal
in oneof thesetwo cases. Onedownsideof using Csort is that themaximum problem sizethatit canhandle
is often smaller thanwhatDsort canhandle.

The problem of sorting massive datacomesup in several applications such as geographical informa-
tion systems, seismic modeling, and Web-searchengines. Such out-of-core data typically resideon parallel
disks. We consider thesetting of a distributed-memory cluster, since it offersa good price-to-performance
ratio and scalabili ty. Thehigh cost of transferring data betweendisk andmemory, as well as thedistribu-
tion of data acrossdisks of several machines, makesit quite a challengeto design and implement ef� cient
out-of-core sorting programs. In addition to minimizing thenumber of parallel disk accesses, anef� cient
implementation mustalsooverlap disk I/O, communication, and computation.

Along with merging-based algorithms, distribution-based algorithms form one of the two dominant
paradigms in the literature for out-of-core sorting on distributed-memory clusters. An algorithm of this
paradigm proceeds in three or four steps. The � rst step samples the input data and decides on P � 1
split ter elements, where P is the number of processors in the cluster. The second step, given the splitter
elements, partitions the input into P sets S0; S1; : : : ; SP� 1, such that each element in Si is less than or
equal to all theelements in Si C1. The third step sorts each partition. The sorted output is just thesequence
hR0; R1; : : : ; RP� 1i , where Ri is the sorted version of Si . We refer to the � rst, second, andthird steps as
the sampling step, the partition step, andthe sort step, respectively. There is oftena fourth step to ensure
that the output is perfectly load-balancedamong the P processors. In order to give Dsort every possible
advantagewhencomparing it to Csort, its implementation omits thesamplingand load-balancingsteps.

In previous work, we have explored a third way—distinct from merging-based and distribution-based
algorithms—of out-of-core sorting: oblivious algorithms. An oblivious sorting algorithm is a compare-
exchange algorithm in which the sequenceof comparisons is predetermined[Knu98, Lei92]. For example,
algorithmsbasedon sortingnetworks [Knu98, CLRS01] areobliviousalgorithms.

A distribution-basedalgorithm,whenadaptedto theout-of-coresetting of adistributed-memory cluster,
generatesI/O and communication patterns thatvary depending on thedata to besorted. Due to this input
dependence, theprogrammerends up spending much of the effort in handling theeffectsof datathat might
leadto “bad” I/O and communication patterns. Weknow of two implementationsof out-of-coresorting on a
cluster [ADADCC97, Gra90]. Both aredistribution-based, andbothsidestep oneof theprincipal challenges
of the sampling stepof a distribution-based sort: locating thekth smallestof the input keys for k equal to
N=P; 2N=P; : : : . P � 1/ N=P (aclassical problem in orderstatistics). Werefer to thesek elementsasequi-
partition splitters. Solving this problem in anout-of-core setting is cumbersome [Vit01]. Not surprisingly,
therefore, both of the existing implementations assume that the P � 1 equi-partition split tersare known in
advance, eliminating thesampling and load-balancing stepsaltogether.

An oblivious algorithm, when adaptedto anout-of-core setting,generatesI/O and communication pat-
ternsthatareentirely predetermined, depending only ontheinput size. In previouswork, wehavedeveloped
several implementationsbasedon theparadigmof obliviousalgorithms[CCW01, CC02, CCH, CC04].

The comparison betweenCsort and Dsort is novel. To the best of our knowledge, this work is the
�rst experimental evaluation that compares these two paradigms in the context of out-of-core sorting on
distributed-memory clusters.1 Moreover, both Csort and Dsort run on identical hardware, and both use
similar software: MPI [SOHLC98, GHLLC98] for communication and UNIX �le system calls for I/O.
Bothareimplemented in C and usethestandard pthreadspackagefor overlapping I/O, communication, and

1Thereare someexistingcomparisonsof parallel sortingprogramsfor anin-coresetting, e.g.,[BLM C98].
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P0 P1 P2 P3
D0 D1 D2 D3 D4 D5 D6 D7

stripe0 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
stripe1 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31
stripe2 32 33 34 35 36 37 38 39 40 41 42 43 44 45 46 47
stripe3 48 49 50 51 52 53 54 55 56 57 58 59 60 61 62 63

Figure1: Thelayout of N D 64recordsin aparallel disksystemwith P D 4, B D 2, andD D 8. Eachbox represents
one block. Thenumber of stripesis N=BD D 4. Numbersindicaterecord indices.

computation.
Thereareseveral reasons thatwe did not compareCsort to NOW-Sort [ADADCC97, ADADCC98], the

premierexisting implementationof adistribution-basedalgorithm:

� NOW-Sort isbuilt on topof active-messagesand GLUnix, and wewanted to usesoftwarethat ismore
standard. (Our nodesrunRedHatLinux anduseMPI for communication.)

� There are several differences in the hardware that NOW-Sort targets and the hardware of modern
distributed-memory clusters.

� Finally, NOW-Sort does not produce output in the standard striped ordering used by the Paral-
lel Disk Model (PDM) [VS94]. As Figure 1 shows, the PDM stripes N records2 across D disks
D0; D1; : : : DD� 1, with N=D recordsstoredon each disk. The recordson each disk are partitioned
into blocks of B records each. Any disk access (reador write) transfersan entire block of records
between thedisks andmemory. We useM to denote thesize of the internal memory, in records,of
theentirecluster, sothat each processor can hold M=P records.

PDM ordering balancesthe load for any consecutive setof records acrossprocessors anddisks as
evenly aspossible. A furtheradvantageto producing sortedoutput in PDM ordering is that theresult-
ing algorithm canbeusedasa subroutine in other PDM algorithms. Implementing our own version
of adistribution-basedsort removesall thesedifferences,allowing for a fairer comparison.

Experimental results on a Beowulf cluster show thatCsort, evenwith its threedisk-I/O passes, sorts a
128-GB � le signi� cantly faster than Dsort in two of the � ve cases. Thereis a marginal difference in the
running timesin two of the remaining threecases,one in the favor of Dsort and theother in Csort's favor.
In the last case, Dsort is distinctly faster thanCsort. Theseresults show that the performance of Csort is
competitivewith Dsort. Csort, therefore,would fareevenbettercompared to ageneralizedversion of Dsort,
that is, one that doesnot assumethat the equi-partition splittersare known in advanceand that does not
ensure load-balancedoutput.

The remainder of this paper is organized asfollows. Section 2 describes the original columnsort al-
gorithm and summarizes Csort. Section 3 presents the design of Dsort, along with notes on the 2-pass
implementation. Section 4 analyzes the results of our experiments. Finally, Section 5 offers some �na l
comments.

2ThedatabeingsortedcomprisesN records, whereeachrecordconsists of a key andpossiblysomesatellite data.
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2 Csort

In this section, we brie�y review thecolumnsort algorithm. After summarizing a 4-passout-of-core adap-
tation, webrie�y describeCsort, our3-pass implementation. Ourpreviouspapers[CC02, CCW01] contain
thedetails of these implementations.

Columnsort sorts N records arrangedasan r � s matrix, where N D r s, r is even, s divides r , and
r � 2s2. When columnsort completes, thematrix is sorted in column-major order. Columnsort proceedsin
eight steps. Steps 1, 3, 5, and 7 areall thesame: sort eachcolumn individually. Each of steps2, 4, 6, and 8
performsa �x edpermutationon thematrix entries:

� Step2: Transpose and reshape: Transposether � s matrix into ans � r matrix. Then“ reshape” it
backinto anr � s matrix by interpreting eachrow asr=s consecutive rows of s entrieseach.

� Step4: Reshapeand transpose:This permutation is theinverseof thatof step 2.

� Step 6: Shift down by r=2: Shift eachcolumn down by r=2 positions, wrapping the bottom half of
eachcolumn into thetop half of the next column. Fill thetop half of the leftmostcolumn with �1
keys, and createanew rightmostcolumn, �lli ng itsbottom half with 1 keys.

� Step8: Shift up byr=2: This permutation is theinverseof thatof step 6.

A 4-passimplementation

In our adaptation of columnsort to anout-of-coresetting on adistributed-memory cluster, weassumethatD,
the number of disks, equals P, thenumberof processors.3 We say that a processor owns theonedisk that
it accesses. The data areplacedso that each column is storedin contiguouslocationson thedisk ownedby
a single processor. Columnsaredistributedamong theprocessors in round-robin order, sothat P j , the j th
processor, ownscolumns j; j C P; j C 2P, andso on.

Throughout this paper, we use buffers that hold exactly � records. For out-of-core columnsort, we set
� D r . We assumethat eachprocessor has enough memory to hold a constant number, g, of such � -record
buffers. In other words, M=P D g� D gr , implying that � D r D M=Pg. In both Csort and Dsort, each
processor maintainsaglobalpool of g memory buffers, whereg is setat thestart of eachrun of theprogram.

Eachpassreads recordsfrom onepart of each disk and writesrecords to a different part of each disk.4

Eachpassperformstwo consecutive stepsof columnsort. That is, pass1 performs steps 1 and 2, pass 2
performs steps3 and4, pass 3 performs steps 5 and 6, and pass 4 performs steps 7 and 8. Each passis
decomposedinto s=P rounds. Eachroundprocessesthenext setof P consecutivecolumns,onecolumn per
processor, through a pipeline of � ve stages. This pipeline runs on each processor. In each round on each
processor, an r -recordbuffer travels through thefollowing � vestages:

Readstage: Each processor reads a columnof r records from thedisks that it owns into thebuffer associ-
atedwith thegiven round.

Sort stage: Eachprocessor locally sorts, in memory, ther recordsit hasjust read.

3Our implementationof Csort can handle any positive value of D as long as D divides P or P divides D; we assume that
D D P in this paper. In ourexperimentalsetup,eachnodehasa singledisk,sothat D D P.

4We alternatetheportions readand written from pass to passsothat, apartfrom the input and output portions,weneedjustone
other portion, whosesizeis thatof thedata.
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suspend

wake up

read

suspend

wake up

write

I/O thread
buffer b acquire

sort permute

sort thread

buffer b

buffer b

communicate

communicate thread

buffer b

buffer b

buffer brelease
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Figure 2: Thehistory of a buffer b asit progresseswithin a given round of a givenpass.The I/O threadacquiresthe
buffer from theglobal pool and thenreadsinto it fromdisk. TheI/O threadsuspendsduring theread, andwhenit wakes
up, it signalsthesort thread. The sort threadsortsbuffer b andsignals the communicatethread. The communicate
threadsuspends during interprocessor communication, and when it wakes up, it signals the permute thread. The
permute thread thenpermutesbuffer b andsignalsthe I/O thread.The I/O threadwritesthebuffer to disk, suspending
during the write. Whenthe I/O thread wakesup, it releasesbuffer b back to the globalpool.

Communicate stage: Each record is destined for a speci�c column, depending on which even-numbered
columnsort step this pass is performing. In order to get eachrecord to the processor that owns this
destination column, processorsexchangerecords.

Permute stage: Having received records from other processors, each processor rearranges them into the
correctorder for writing.

Wri te stage: Each processor writesaset of r recordsonto thedisks that it owns.

Because we implementedthe stagesasynchronously, at any one time each stagecould be working on a
buffer fromadifferentround. Weused threadsin order toprovide�e xibili ty in overlapping I/O, computation,
and communication. In the 4-pass implementation, there were four threads per processor. As Figure 2
shows,thesort, communicate,and permutestageseach had their own threads, and thereadandwrite stages
shared an I/O thread. The threadsoperate on r -record buffers,and they communicatewith oneanother via
astandard semaphoremechanism.
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Csort: The 3-passimplementation

In Csort, wecombinesteps5–8of columnsort—passes3 and4 in the4-passimplementation—intoonepass.
In the 4-pass implementation, the communicate, permute, and write stagesof pass3, along with the read
stageof pass4, merely shift eachcolumn down by r=2 rows (wrapping thebottomhalf of eachcolumn into
thetophalf of thenext column). Wereplacethesefour stagesby asingle communicatestage.Thisreduction
in numberof passeshasbothalgorithmicandengineering aspects; for details,see[CC02, CCW01].

3 Dsort

In this section, we outline the two passesof Dsort: Pass1 executes the partition step, andpass2 executes
the sort step, producing output in PDM order. We continue to denote the number of records to be sorted
asN, thenumber of processorsas P, and theamount of memory per processor asM=P. As in Csort, g is
the number of buffers in the global pool of bufferson eachprocessorand � D M=Pg denotesthe size of
eachbuffer, in records.

3.1 Pass1 of Dsor t: Partitio n and createsorted runs

Pass1 partitions the N input records into P parti tionsof N=P recordseach. After pass 1 completes, each
processor has the N=P recordsof its partition. Similar to NOW-Sort, Dsort requiresthat the P � 1 equi-
partition splittersareknown in advance.

The � ve stagesof each round

Similar to the passes of Csort, pass 1 of Dsort is decomposed into rounds. Each round processes the
next set of P buffers, one � -record buffer per processor, through a pipeline of � ve stages. In our
implementation, each of the � ve stages has its own thread. Below, we describe what each processor
(Pi , for i D 0; 1; : : : ; P � 1) doesin the� vestages.

Readstage: Processor Pi reads � records from the disk that it owns into a buffer. Hence, a total of � P
recordsarereadinto thecollectivememory of thecluster.

Permute stage: Given the splitter elements, processor Pi permutes the just-read � records into P sets,
Ui ;0; Ui ;1; : : : ; Ui ;P� 1, where the records in set Ui ; j are destined for processor Pj . Note that, even
though theentire input is equi-partitioned, these P setsneed not beof thesamesize.

Communicate stage: Processor Pi sends all the elements in set Ui ; j to processor Pj , for j D
0; 1; : : : ; P � 1. At the end of this stage, each processor has received all the records that belong
to its partition,out of thetotal of � P recordsthat were readin collectively.

Thecommunicatestageis implementedin threesubstages:

� In the �rs t substage, processor Pi sends the size of set Ui ; j to each processor Pj , so that Pj

knows how many records it will receive from Pi .

� In the second substage, each processor sends P messages, one per processor. The message
destined for processor Pj containsall therecordsin set Ui ; j .
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� After the second substage, it may be true that a processor needsto receive signi� cantly more
recordsthanit canhold in its internal memory. Thethird substage, therefore, proceedsin a loop
over the following threesteps: allocate a buffer, keep receiving messagesuntil the buffer � ll s
up, andsend thebuffer on to thenext stage.Theperformanceof thisstagedependson theinput
data, even with the assumption that theoverall input is equi-partitioned. Since a processor may
�ll anon-integral numberof buffers, it might beleft with apartially full bufferat theend of this
�na l substage. Thispartially full buffer is then usedasthestarting buffer (for the third substage
of thecommunicatestage)of thenext round.

Sort stage: For each buffer that it �ll s up in thecommunicate stage,processor Pi sorts theelementsin the
buffer.

Wri te stage: Processor Pi writesout the� records in each sortedbuffer to thedisk that it owns. If Pi � ll s
no buffers in this round, no datais writtenout; the write stagejustsends thebuffer back to the read
stage for subsequent rounds. If, on theotherhand, Pi received several buffers' worth of records, the
writestagewritesout the full buffers. Only onebuffer, however, returns to thereadstage; the restare
released back into thememory of theprocessor.

At theend of pass1, eachprocessor hastheN=P recordsthatbelongto itspartition. Furthermore,these
N=P recordsarestoredon thedisk of thecorresponding processor asN=� P sortedrunsof � recordseach.

3.2 Pass2 of Dsor t: Mergesorted runsand createstriped output

Pass2 of Dsort executesthesort stage of distribution-based sorting. Each processor usesan . N=� P/-way
merge sort to merge the N=� P runs of � records each, and it communicates with the other processors to
produceoutput in striped PDM order. Our implementation of pass 2 hasfour threads: read,merge, com-
municate,and write. Unlike pass1, in which each threadreceivedbuffers from thethread of the preceding
stageand sent buffersto the thread of the succeeding stage, the threads of pass 2 are not as sequential in
nature. Wedescribehow eachthreadoperates.

Readthr ead: Each processorstartsout with N=� P sortedrunsonits disk. Each runhas� records, or � =B
blocks, assuming that B, theblocksize,divides� , thebuffersize.

� Wait for arequestof theform .r x; hy; loc/, meaningthatthe yth block hy of thexth sortedrunr x

is to be read into thememorylocation loc.

� Read in the yth block of the xth run, and copythe B records to the speci�ed memorylocation
loc.

� Signal themergethread.

Since the N=� P runs are being merged using an . N=� P/-way merge sort, the order in which the
variousblocksof thesorted runsarerequireddependson therateat whicheach runis being consumed
by themergesort. For example, it ispossiblethaton agiven processor, the�rst runstartswith arecord
whosekey value isgreater thanall thekey valuesin thesecondrun. In this scenario, all blocksof the
secondrunarebrought into memory beforethe� rst run hasexhaustedevenasinglerecord. Feedback
from the merge thread, therefore, is essential for the read thread to bring in blocks in an ef� cient
sequence.
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Merge thr ead: The merge thread initially requests some � xed number, say l , of blocks from eachof the
N=� P sorted runs. This numberl dependson theamount of memoryavailable on each processor. It
isessential to alwayshavemorethanoneblock per run in memory, sothat themerging processis not
repeatedly suspended becauseof delays in disk reads. Themaintask of themergethread is to create
one single sorted run out of the N=� P sorted runs producedafter pass1. It starts out by acquiring
an output buffer, saybuff 0, and starting an. N=� P/-way merge thatputs theoutput into buff 0. This
mergingprocedurecontinuously checks for the following two conditions:

� Theoutput buffer buff 0 is full. In thiscase,themergethread sendsthebufferto thecommunicate
threadandacquiresanotherbuffer from thepool of buffers.

� Thecurrent block, sayhy, of recordsfrom somerun r x has been exhausted. Themergethread
sendsarequestto thereadthreadto getthenext block of runr x. Notethat, sincewealwayskeep
l blocksfromeachrun in memory, theblock that is requestedis hxCl . After issuing arequestfor
block hxCl , themergethreadwaits to makesurethat block hxC1, the next block of r y needed to
continuethemerging, is in memory.

Communicate thr ead: For each buffer that this thread receives, it spreads out the contents to all other
processors, for striped PDM output. In other words, blocks h0; hP; h2P; : : : aresent to processor P0,
blocks h1; hPC1; h2PC1; : : : are sent to processor P1, and soon, until processor PP� 1, which receives
blocks hP� 1; h2P� 1; h3P� 1; : : :. After the communicate thread receives one buffer's worth of data
fromall theother processors, it sends thebuffer to thewrite thread.

Wri te thr ead: Thewritethreadwritesoutthe� recordsin thebuffer out to thedisk ownedby theprocessor
andreleases thebuffer backinto thepool of buffers.

4 Experimental results

This section presents the results of our experiments on Jefferson, a Beowulf cluster that belongs to the
Computer Science Department at Dartmouth. We start with a brief description of our experimental setup.
Next, weexplain the� vetypesof input sequencesonwhich weranboth Csort andDsort. Finally, wepresent
ananalysis of our experimental runs.

4.1 Experimental setup

Jeffersonis a Beowulf cluster of 32 dual 2:8-GHz Intel Xeon nodes. Each nodehas4 GB of RAM and an
Ultra-320 36-GB harddrive. A high-speedMyrinet connectsthe network. At the time of our experiments,
each noderanRedhatLinux 8.0. We use theC std io interfacefor disk I/O, the pth re ads package of
Linux, and standard synchronousMPI calls within threads. We use the ChaMPIon/Pro package for MPI
calls.

In all our experiments,theinput sizeis 128GB, thenumberof processorsis 16, theblock sizeis 256KB;
therecordsizeis64bytes;and g, thesizeof theglobalpool of buffers,is 3. Sincetherecord sizeis 64bytes,
N is 231 recordsand B is 212 records. For all cases but one, weuse128-MB buffers(i.e., � D 221 records).
For Dsort, thememory requirement of theworst-caseinput typewassuchthat wehadto use64-MB buffers;
theexperimentcrashed if we used 128-MB buffers. In thecaseof Dsort, we settheparameter l of pass2 to
be3.5

5Theparametersg andl weresetexperimentally, to elicit thebestperformance.
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4.2 Input generation

As we mentionedbefore, even with equi-partition splitters known in advance, the I/O and communication
patternsof Dsort dependheavily on theexact input sequence. Morespeci�ca lly, asexplainedin Section 3.1,
the performance of each round of pass1 of Dsort depends on how evenly the � P records of that round
are split among the P processors. In thebest case,in each round, eachprocessor would receive exactly �
records. In theworst case,all � P records in eachroundwould belong to thepartition of asingle processor.

In each of our � ve input types, thefollowing is true: In each round, all � P keys are suchthat q out of
the P processorsreceive � P=q recordseach. In eachround, therefore, P � q processorsreceivenorecords.
The� vetypesof inputsarecharacterizedby thefollowing � vevaluesof q: 1, 2,4, 8,and16. For each round
of any input type, theq processorsthat receivethe� P recordsarechosenrandomly, subject to theconstraint
that over all N=� P rounds, each processor receives N=P records. The smaller the value of q, the worse
the loadbalanceof eachround and the longer Dsort takesto sort the input. Note that q D P representsa
highly unrealistic input sequence, one where the data are perfectly load balanced acrossthe P processors
in every round, in addition to theoverall input being perfectly balancedacrosstheprocessors. Evenvalues
of q strictly less than P represent unrealistic scenarios in which thedata destined for theq processors are
perfectly load balancedacross thoseq processors every time. Thus,our experiments are, if anything, tilted
in favor of Dsort.

4.3 Results

Figure 3 shows the running times of Dsort and Csort for 128 GB of input data. Eachplottedpoint in the
�gur e represents the averageof threeruns. Variations in running timeswererelatively small (within 5%).
Thehorizontal axis is organized by the � ve valuesof q, with q D 16 and q D 1 being thebest and worst
casesfor Dsort, respectively.

As mentionedbefore, the running time of Csort exhibits negligible variation acrossthevariousvalues
of q, demonstrating that Csort's predetermined I/O and communication patterns do indeed translate into a
running time that depends almostentirely on the input size. Dsort shows muchvariation acrossthevarious
valuesof q. AsFigure3 shows,Csort runsmuch faster for two of the � ve inputs (q D 1 andq D 2). In two
of theremaining three cases(q D 4 and q D 8), thedifferencein therunning timesis marginal. Dsort runs
signi� cantly faster in themost favorable case(q D 16).

The variation in the running times of Dsort is due to differencesin the performance of Pass 1. As
explained in Section 3.1, the performance of the communicateand write stagesis highly sensitive to the
exact input sequence. Speci�cal ly, thelower thevalueof q, themoreunevenaretheI/O and communication
patternsof each round, andtherefore, thelongereachround takesto complete.WeranDsort for four values
of q, and for each run, we observed therunning time of each of thetwo passes. Figure4 demonstratesthat,
across all four values of q, thereis little variation in theperformanceof pass2. The performance of pass1,
on theotherhand, variesgreatly with thevalueof q, thussubstantiating our claim that pass1 is responsible
for thevariation in therunning timesof Dsort.

5 Conclusion

This paper presents the � rst study that comparesthe paradigm of distribution-basedalgorithms to that of
oblivious algorithms, in the context of out-of-core sorting on distributed-memory clusters. We do so by
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Figure 3: Observedrunning timesof Dsort andCsort for the � ve values of q: q D 16 is themost favorable casefor
Dsort, andq D 1 is the leastfavorable. Thesetimingsarefor the following setting of parameters:P D 16, N D 231

recordsor 128 GB, and � D 221 recordsor 128MB, for 64-byte records.

comparing theperformanceof two algorithms:Csort and Dsort. Below, wesummarize themain differences
betweenCsort andDsort:

� Csort is a3-passobliviousalgorithm,andDsort is a 2-passdistribution-based algorithm.

� Dsort assumesthat the the equi-partition splittersare known in advance, thereby obviating the need
for the sampling and loadbalancing steps. To sort all inputs, a distribution-basedsort must remove
thisassumption, necessitating at leastonemorepassover thedata. Csort makesnoassumptionsabout
theinput distribution.

� The running time of Dsort, even when the input follows the above mentioned assumption, varies
greatly with the exact input sequence. This variation arisesbecausethe I/O and communication pat-
terns of Dsort are sensitive to the input sequence. The running time of Csort, on the other hand,
varies negligibly with theinput sequence. Our experimental results demonstrate this difference. This
differencealsomakesCsort much simpler to implement.

� Dsort can handle problemsizeslargerthan thosethat Csort canhandle. Csort can sort up to � 3=2
p

P=2
records, whereasDsort cansort up to � 2P=B records.6

6Giventhe valuesof theseparametersin our experimental setup, this differencetranslatesasfollows: Dsortcansortup to 2 TB
of data,whereasCsortcanonly handleup to 512 GB of data.
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Figure 4: Observedrunning timesof thetwo passesof Dsort for four valuesof q: 2, 4, 8, and 16. Thesetimingsare
for the following setting of parameters: P D 16, N D 231 recordsor 128 GB, and� D 221 recordsor 128 MB, for
64-byte records.

BothCsort and Dsort areimplemented using identical software,andthey run on identical hardware. The
results of our experiments show thatCsort fareswell compared to Dsort. On threeout of � ve inputs,Csort
runsfaster. On oneof theremaining two inputs, thedifferencebetweentherunningtimesof Csort andDsort
is marginal. Dsort runssigni�cantly fasteron theother remaining input, theonewhich represents therather
unrealistic caseof q D 16.

In future work, we would like to implement a distribution-basedalgorithm that makesno assumptions
about theinputdistribution and compareits performancewith thatof anobliviousalgorithm. Wealso planto
continue our efforts toward designing new obliviousalgorithms and engineering ef�cie nt implementations
of them.
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