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Abstract

Sortingandjoin are theheartof mostdatabasepemtions. For
mainmemorydatabasesthe two opemtionsare memorybounded
not CPU. Especiallythe commorstepin both of them,recod re-
trieval, causes lot of randommemoryaccesses.

e presenta new algorithmfor fastrecod retrieval, distribute-
probe-gatheror DPG. DPG is a cache consciougwo passalgo-
rithm for the main memoryrecod retrieval problem. DPG has
importantapplicationsbothin sortingandin joins. Currentmain
memorysortingalgorithmssplit their work into threephases:ex-
tractionof key-pointerpairs; sorting of the key-pointerpairs; and
copyingof the original recods into the destinationarray accod-
ing the sorted key-pointer pairs. The last phaseis essentially
recod retrieval andit dominategoday’s sortingtime Hence the
useof DPGin thethird phaseacceleatesthespeed®ftheexisting
sortingalgorithms.

DPG alsoprovidestwo new join methoddor foreignkey joins,
DPG-mae join and DPG-sortjoin. DPG algorithm is applied
twicein the new join methodgo overcomethememorybottlene&:
batdch lookupin B+ treeindexesto constructthe join triples and
join tworelationswith join triples. Theresultingjoin methodswith
DPG are fasterthan otherjoin methodghat do not usethe index
ontheforeign key, becauseDPG join is cache efcient andat the
sametimeDPG join eliminateshetimefor sortingor for hashing
Theideaspresentedor foreign key join can also be extendedto
fasterrecon pair retrieval for spatialandtempoel databases.

Accoding to our experimentalresults,whenDPG is applied:
theexistingsortingalgorithmscanbeimproved30%and our nev
DPG join algorithmsis up to 2 timesfasterthanthe existingjoin

algorithms.

1. Intr oduction

Two importantdatabaseperationsaresortingandjoins. These
operationshave threeprimaryhardware-relatedosts:diskaccess,
CPU operation,and main memoryaccess. The grownth of main
memoryin currentcomputersmpliesthatmainmemorydatabases
becomenorepopular For mainmemorydatabaseshebottleneck
isin mainmemoryandthe costfor disk accesss notanissue.

Further the gronving CPU-memorygapimpliesthatCPU costs
represenainincreasinglysmall portion of the total time. This has
beenshavn by several studiesof DBMSs|2, 5, 16, 29]. Theim-
pact of the CPU-memorygap was popularizedby the paperof
Wulf andMcKee[30] onthe memorywall.

The diminishingrole of the CPU in the total runningtime is
partially accountedor by increasingCPU speedsaindgreateron-
chip functional parallelism. In part, it is alsoaccountedor be-
causanostCPUstodayimplementon-blockingcachesandhard-
wareprefetchin orderto overlapCPU executionwith memoryac-
cesg13]. Hencememoryaccesecomeshebottleneck.There-
fore, we follow the exampleof previousresearcher, 7, 18, 19,
20, 28] in concentratinggn mainmemoryasthe bottleneck.

At the heartof thismemorybottlenecHKies therecod retrieval
problem the problemof copying recordsfrom a sourcearrayinto
adestinatiorarrayaccordingo anew ordering.In atypical appli-
cation,onewill be givena sourcedata le, a sequencef recod
ids (rids) for thatdata le, anda destinationle. Thetaskis to
copy the sourcerecordsinto the destinationle in theorderspec-
i ed by the sequencef rids. Fastrecordretrieval is the key to
fastersortingandfasterjoins.

A standardapproachfor dataretrieval accessethe recordsof
thesourcedata le directly accordingto the sequencef therids.
This impliesrandomaccesgo the mainmemory This, for exam-
ple,is whatwasdonein AlphaSort[23] andSuperScalarSoft],
thecurrentrecordholdersfor theDatamatiorsortingchallengd3].



However, the costof suchrandomaccesshasnonv becomethe
dominantcostin main memorysorting, sincethe CPU-memory
gap haswidenedstill further sincethe original work on sorting.
(In fact, AlphaSortand SuperScalarSorortdataon disk, but the
size of the data le, 100 MB, is small enoughthat the disk ac-
cessconsistssolely of readingthe sourcedata le from disk, and
writing to a destinatiordata le.)

Randomaccesss harmful not justin disk residentdatabases,
but alsoin mainmemoryresidentdatabase<CurrentbRAM tech-
nologies,suchasDDR RAM andRamlus RAM (RDRAM), ex-
tractalargelateny penaltyfor ary non-sequentisedccesso RAM.
This is becaus¢he memorychipsaredividedinto memorypages
of severalkilobytes,andthereis alateng penaltyfor switchingto
anev memorypage[15, 21].

Randomaccesd4o RAM also harmsperformancen a second
manner Randomaccessncursa heary penaltywhenlargecache
blocksareused.On a cachemiss,theentirecacheblockis loaded
into memory If the recordsizeis small comparedo the cache
block size,thenthereis a large overheado load the entirecache
block. For example,for a cachemisson a Pentium4 with DDR-
266RAM, approximately60 nsarespentoadingthecacheblock,
andapproximately60 nsarespentwaiting on the lateny of DDR
RAM. Thetrendis toward larger cacheblocks. The 128 byte L2
cacheblocksof the Pentium4 arefour timeslargerthanthoseof
thePentiumlll. ThelBM Paver4processogoesstill furtherusing
512byte L3 cacheblocks.

The solutionto avoid theselateng penaltiesn main memory
is to accesgmain memorysequentially This is similar in spirit
to theway in which traditionaldatabasestronglypreferto access
disk sequentially In analogywith operationon disk, two-passal-
gorithmsarea key for fastermainmemoryperformance.

TheDPG-basedwo passsortingalgorithmsimmediatelyyield
fastersorting algorithms. Both AlphaSortand SuperScalarSort
sorttheirdataessentiallyin threephasesextractionof key-pointer
pairs; sorting of the key-pointer pairs; and copying of the origi-
nal recordsinto the destinatiorarrayaccordingto the sortedkey-
pointerpairs. Thelastphases essentiallyrecordretrieval.

A re-implementatiorof AlphaSortand SuperScalarSormin a
IBM p690Turboshaws thatthe recordretrieval phasenow dom-
inatesthe runningtime. With the DPG recordretrieval algorithm
replacingthe standardecordretrieval algorithm,we immediately
producea fastersorting algorithm. In the re-implementatiorof
SuperScalarSortheversionsvith DPGasanacceleratoare30%
faster

A direct consequencef fasterrecordretrieval is fastermain
memory sort-mege joins. For example, in implementingsort-
memge join using SuperScalarSoriyve nd that the useof DPG
sortinsteadof SuperScalarSoresultsin a 30% fasterjoin algo-
rithm. The DPGrecordretrieval phasein isolationis 48% faster
thantraditionalrecordretrieval algorithm.

Finally, we applythe DPG algorithmin the context of foreign
key joins. In a foreign key join the join key is the sameasthe
foreignkey. we assumdhatonerelationhasan secondarjndex
onthejoin key. Foreignkey joinshavetheadwantagehatoneneed

only rearrangeherecordsof oneof the les. Thisis in distinction
to sort-mege join andhashjoin, which both requireto rearrange
eachof thetwo les into anewv le with join key valuesin sorted
order

Foreignkey joinsrequirelessrecordretrieval becausét is pos-
sibleto rst extractjoin triples, ( , _ _ ), where and

arethetwo relationsand is thejoin key value. Assumethat

references foreignkey of . To constructajoin triple, do le
scanof , for eachrecordof |, its key is extracted. The sec-
ondaryB-treeindex of thejoin key on is thenusedto derive the
correspondingecordid, _ , with thekey value . Thestan-
dardindex lookupis very expensve, we proposea cacheef cient
B-treebatchlookupto generatehejoin triples.

Jointriplesreduceforeignkey join to recordpair retrieval. The
join triples specify the record pairs, (- , _ ), to bere-
trieved. Onecanre-ordertherecordsof  to matchthe ordering
of  _ in thesequencef recordpairs. Recallthat,we do le
scanfor ,so _ sinthejoin triplesarein sortedorder Alter-
natively, onecansortthejoin triplesaccordingto  _ , andre-
ordertherecordof tomatchtheorderingof _ inthesorted
rid pairs. In eithersituation,therearefewer recordretrievals, and
soforeignkey join is 2X fasterthana generajoin.

The ideasof fasterrecordretrieval canalsobe appliedto the
generalcaseof recordpair retrieval. Mary algorithmsfor spatial
join [4, 24] andtemporaljoin [25] producerecordpairs. Unlike
equijoin, thereis no single searchkey, and so recordretrieval is
moredif cult. Theideasof this paperare describedn termsof
foreignkey join. However, it is evensimplerto translateheideas
into recordpair retrieval, sincean initial join triple extractionis
notrequired.

2. Distrib ute-Probe-Gather

The distribute-pobe-gatheralgorithm (DPG) is a recordre-
trieval algorithm. Givena data le of recordsanda sequencef
recordids (rids) for the le, thegoalis to copy therecordsinto a
destinationle with thepropertythattheorderingof recordsin the
destinationle correspondso theorderingof theridsin thegiven
sequence.

For example letthesourcele, , bethearrayof recordswith
a secondanB+ treeindex on the attribute . We wantto place
therecordsof in sortedorderaccordingto thevaluesof . The
sequencefrecordids, _ , atleafnodesof theB+ treeis alist
of recordids in sortedorderaccordingto thevalueof A. Then,the
destinationle, , below, will containthe correspondingecords
in sortedorderaccordingto thevalueof

for each i, D[] = R[S_rid[i]]

The sequencef rids is a permutationof the rids for the data
le. Hencethesequencef rids actsasa permutatiorvector The
destinationle is thena permutationof the recordsin the input
le.

Note,however, thatthe DPGalgorithmis notlimited to permu-



tationsof data. In the caseof join, onerecordfrom onerelation
may matchmorethanonerecordsfrom anotherrelation. In such
casegportionof theoriginalrecordsmustbeduplicated The DPG

algorithmalsoworksfor this case.

wherearbitrarymemoryaccesgatternsareunavoidable,thendi-
vide the datainto smallpartitionsthat t into thecache.

ThreePhases:Therearethreephasesn the DPG algorithm.
Thethreephasesrealsoillustratedby pseudo-codén Figure 1
andby thediagramof Figure2.

2.1 Algorithm
Let (CACHE_SIZE/2)/sizeof(record)
Let total number of records

Let NUM_RUNS

Input:integer RID_LIST[N],
record INPUT[N]J;
Output:record OUTPUT[N];
Internaluse:integer RID_RUN[NUM_RUNS][],
record INTERNAL[NUM_RUNS][];

//Phase |: Distribute RID_LIST array into runs
I with  each run of length

For each rid, , in RID_LIST do
Set run_.num ;
Append to RID_RUN][ run_nuni;

/IPhase II: Probe partitions of INPUT
For =0, .. (NUM_RUNS-1) do
Read into memory all records from
INPUT[ ] to INPUT[ I
For each rid, , in RID_RUN[ ]

Append INPUT[ ] to INTERNAL[ J;
Write  out INTERNAL[ ] to disk;

//Phase lIl: Gather records  from INTERNAL
1 into OUTPUTIn same order as RID_LIST[]

For each rid, , in RID do
Set run_num ;
Read next record from INTERNAL[ run_nuni;
Append record to OUTPUT;

Figure 1. Distrib ute-Probe-Gather (DPG) Al-
gorithm

Thekey ideaof thealgorithmis to avoid randomacces$o main
memory Accordingly just astwo-passexternal sort algorithms
are usedfor disk, a new algorithm, makingtwo passesver the
data le.

The input for the algorithmis: a list of rids, _ ,
anda data le of records, . The DPG algorithm parti-
tionstherids, _ ,into severalruns. It alsopartitionsthe
datarecords, , into the samenumberof runs. The algo-
rithm makestwo passesver therecordids, _ , andtwo
passesvertherecordsof thedata le,

Theideasarepresenteth thecontet of mainmemorydatabases.

We assumehat both the sequencef rids, _ , andthe
datale, , t in memorybut notin cache TheDPGalgo-
rithm appliesequallywell asan external dataretrieval algorithm
betweerdisk andmainmemory

The spirit of the DPG algorithmis: try to transformarbitrary
memoryaccesatternsinto sequentiamemoryaccesgatterns;

1. Phasel. The rst phases the Distributephase.Theridsin

- aredistributedinto appropriateRID runsac-
cordingto thevaluesof therids. The rst RID run contains
therid valuesrangingfrom to , thesecondRID run
containgherid valuesrangingfrom to , andsoon.
Theconstraintof  will bediscussediaterin section2.1.1.

At the end, we form RID runsandeachRID runis
a permutationvector For example,the -th RID runis a
permutatiorvectorwith valuesrangingfrom and

Theaccesgo every RID runandtheaccesgo -
arebothsequentialTotally, buffersaremaintained
in cacheduring this phase.A buffer in cachefor eachRID
run (totally RID runs). A single buffer in cachefor

. Detailsfor maintaininga buffer in cacheare
discussediaterin section2.1.1.

. Phasell. The secondphaseis the Probe phase. In this

phaseasecondtemporarydatale, ,isallo-

catedin mainmemory Thetemporarydata le hasthesame

sizeastheoriginaldata le, , andis organizednto
runs. Therunsof therids, the runsof , and

therunsof areproceededh triples. Therids

from the -th RID run areusedto probethe -th

run; the correspondingecordsarethencopiedinto the -th

run.

At the end,the -th run containsthe same
recordsasthe -th run, but the order of records
in the runis organizedaccordingto the -th
RID run. Boththe -th RID runandthe -th

run areaccessedequentially The -th runis ac-
cessedandomly but it can t in cache.Hence everytime,
-th run is entirely loadedinto cache rst. Two
buffers are maintainedin cacheduring this phase:onefor
the th RID run andthe otherfor the -th

run.

. Phaselll. Thethird phases the Gatherphase.This is an

inverseof the Distribute phaseandis similar to the meige
phaseof externalsorting. In the Distribute phase the rids
weredistributedinto runs. As aresultof the Probephase,
the recordsin a given run are now in the
sameorderastheridsin the correspondindrID runcreated
in Phasd. Hence,it sufces to gather(mege) the records
from the runsin exactly the sameorderas
theorderof theridsin _ . More precisely if the
-th rid wasdistributedto the -th RID run duringthe Dis-
tribute phasethenatthe -th stepof the Gatherphasethe

next recordfromthe -th runis copiedto the
destinationle. Totally buffersaremaintainedn
cache:onesinglebuffer for _ , onesinglebuffer
for thedestinationle, andabuffer for each

run.



For a sequentiahccesgattern,it is easyto maintaina buffer
in cache. In the DPG algorithmwe needto readmary streams
simultaneouslyandmaintaina buffer for eachstream.Hence we
wantto keepthebuffer assmallaspossiblewhile maintainingrea-
sonableef ciency. We de ne a buffer in cacheto consistof two
cacheblocks.Whenacacheblockis full, it is written backto main
memoryanda new cacheblock is loadedfrom mainmemoryinto
cache.On Pentium4, this is doneautomaticallyby the hardware
prefetchfunctionunit if theaccesgo mainmemoryis sequential.
Onotherarchitecturesvithoutthehardwareprefetchfunctionunit,
thesoftwareinstructions, and , areneededo
maintainthe buffers.

2.1.1 Constraints of

The datarecordsandrids aresplit into runsof length . Therun

length is choserbasedn two constraintsFirst, the cachemust
be able to simultaneouslyhold both one run of datarecordsof

length andonesingle buffer for the correspondingun of rids.

(This constraintappliesin the secondohaseof DPG.)Secondthe
cachemustsimultaneoushbe ableto hold a buffer for eachrun.

(This constraintappliesin the rst phaseandin thethird phaseof

DPG.)Theseconstraintaretypical of theconstraintgor two-pass
algorithms suchasexternalsorting.

If thedata le has recordsthenthedata le is partitioned
into setsof consecutie records Assuminganrid consistof
apageid andoffseton that page,the high orderbits of the page
numbercanbe usedto ef ciently identify the particularpartition
towhichtherid belongs.This assumethatthenumberof pagesn
apartitionis a power of two, which canbesatis ed by appropriate
choiceof . Forthesale of clarity, we assumeherids valuesare
in therangeof and

2.2 Example

TheDPGalgorithmis presentednoreformally in pseudo-code
in Figure1. Theinput of the algorithmis anarray - ,
of rids (recordids) anda data le, , of records.Thede-
sired containstherecordsfrom in theorder
correspondingo - . TheDPGalgorithmcanbeimple-
mentedwith several pipelines. The ability of taking adwantageof
pipeliningis animportantfeaturefor sortingandjoins.

The three phasesf the DPG algorithm are illustrated by an
examplein Figure2. Theinputin this exampleis the leaf nodes
of asecondanB+-treeindex. Theinput containsl2 key-rid pairs
sortedaccordingto the key values. The numberof the runsis 3
andthe sizeof eachrunis 4. The outputis a sequencef records
sortedaccordingto the key valuesof the secondanjndex. The
outputwill eitherbe storedagainon disk or elsepipelinedto the
next stage.

Theletters , , , ... areusedto indicatethe sortedkeys on
theleafnodesof theindex. So( , 5) indicateshattherecordwith
therid valueof 5 hasa key valueof . The rst two rows arefor
Phasel, the next threerows are for Phasell, andthe following
threerows arefor Phasdll. The horizontalrectangleof the rst
row represents sequencef key-rid pairssortedaccordingto the
key values.Thesecondow representsherunsof rids into which
therids in the rst row aredistributed. Similarly, the third row

againrepresentshe runsof rids, but nowv aspartof Phasdl. The
fourthrow is the partitionedrunsof inputrecordsandsoon.

During Phasel, thesequencef key-rid pairssortedaccording
to the key valueswill be distributed into appropriateRID runs.
The rst RID runwill containrid valuesrangingfrom 0 to 3, the
secondRID run will containrid valuesrangingfrom 4 to 7, and
the third RID run will containrid valuesrangingfrom 8 to 11.
Uponproceedinghesequencef pairsfrom the rst row, therids
areplacedin properruns. For example,therid 5 is placedinto
the secondRID run, therid 7 is placedinto the secondRID run,
therid 3 goesto the rst RID run, andso on. The third row in
the gure presentghe endof Phasdl. In this phase,onedoesa
sequentiateadonthe andasequentialvrite oneach

- S.

DuringPhasell , therecordsn areprobedandcopied
to thetemporarydata le, . Theinputto this phase
is the third row andthefouth row. The outputis the fth row. In
thethird row, the th RID runhasrid valueswhosecorresponding
recordsarestoredin the th run. For example,the rst
RID run consistsof all the rids whosecorrespondingecordsare
storedin the rst run. Beforeproceedinghe th RID
run, the th runsis loadedinto cache. Two buffers are
maintainedn cache.Oneis for the th RID run andthe otheris
for the th run. For example,beforeproceeding
the rst RID run, the rst runis loadedin cache.Then
boththe rst rid with value3in the rst RID runand
arein thecache.Then, is copiedto the buffer main-
tainedin cachefor the rst run,andsoon. At the
endof Phasdl, therecordsin the rst runwith key val-
uesin thesequencef i, |, f, c arereorderedasrecordsin the rst

run with key valuesin the sequencef c, f, i, I.
Thereorderingis doneaccordingto the permutatiorspeci ed by
the rst RID run,3,2,0, 1.

DuringPhasdlll , theoriginalrid sequencén thelist of key-rid

pairswill beusedto gather(meige)recordsromall

runs. For example,uponreading5, therecordpointedby the cur-
sor of the second run is gatheed andthe cursor
is increaseduponreading?, the recordpointedby the cursorof
the second run is gatheed and the cursoris in-
creaseduponreading3, the recordpointedbythe cursorof the
rst run is gatheed uponreading8, the record
pointedby the cursorof the third runis gatheed
, andsoon. For this phasea buffer for the key-rid list, a buffer
for andabuffer for each runaremain-
tainedin cache.

2.3 Data Skew

The DPG algorithmimplicitly assumehatthe input sequence
of ridsis distributeduniformly amongthesetof all rids of theinput
data le. Thisis alwaysthe casewhenDPGis appliedto retrieve
recordsafter sorting key-pointer pairs. The key-pointerpairsact
asa permutationvectorto permutethe recordsin the input data

le.

If theinput sequencef rids is not uniformly distributed,then
someRID runswill belargerthanotherruns. As a consequence,
in Phasdl, a run may be larger thanthe size of



Phase 1: RID_LIST (a 5) (b, 7) (c, 3) (d, 8) (e, 10) f, 2) (9. 4) (h,9) (i, 10) (. 11) (k, 6) (1)
(Key, RID)
RID_RUN: | 3 | 2 | 0 | 1 | 10 | 9 | 11 I
< RIDs inrange from0to 3 > < RIDs in range from 4 to 7 > < RIDs in range from 8 to 11 >
Phase 2: RID_RUN | 3 | 2 | 0 | 1 | | 5 | 7 | 4 | 6 | | 8 | 10 | 9 | 11 |
INPUT | m f C g a k b d h e 1
[data] [data] [data] data] [data] [data] [data] [data] [data] [data] [data] [data]
X * A =
INTERNAL c f j m a b g k d e h i
[data] [data] [data] [data] [data] [data] [data] [data] [data [data] [data] [data]
Phase3: (a, 5) (b, 7 (c. 3 (d. 8) (e,10) | (. 2) 9.4 (h, 9) (i, 10) k,11) | (. 6) (m, 1)
RID_LIST
INTERNAL c f i m a b g k d e h i
[data] [data] [data] [data] [data] [data] [data] [data] [data [data] [data] [data]
< <0, 3 - > 4/42// < -8 1 - >
OUT_PUT a b c d
[data] [data] [data] [data]

Figure 2. Distrib ute-Probe-Gather (DPG): see also the pseudo-code in Figure 1

thecache lf only afew of the runsarelargerthan
cachetheoverall performancés not greatlyaffected.

If theextentof thedataskew is greatmary of the
runsarelargerthancache. Thenthe partitionsof the input
sequence®f rids mustbe chosenon someotherbasisotherthan
the high order bits of the pagenumber The dataskew handling
techniquegproposedy DeWitt etal. [10] canbeapplied.Theso-
lution, reformulatedn our contet, is to sampletherids from the
rid sequenceThe sampledsetof rids is thensorted,andpartition
boundariegor theRID runsaredecidedby evenly partitioningthe
sampleset.

3. Sorting

As discussedh theintroduction,DPGactsasanacceleratofor
mary mainmemorysortingalgorithms.Recallthatmainmemory
sortingalgorithmstypically proceedn threephases:

1. extractionof key-pointer;
2. sortingof the key-pointerpairs;and

3. copying of theoriginal recordsnto thedestinatiorarrayac-
cordingto the sortedkey-pointerpairs.

AlphaSort[23] and SuperScalarSofftl] are examplesof this
three-phasseortingparadigm.Both sortingalgorithmscanbecon-
sideredasmainmemorysortingalgorithms.

In principle, the sortingalgorithmsare single-passlisk-based
sorting algorithms. Both sorting algorithmswere introducedas
an answerto the DatamationSorting Challenge[3]. The Data-
mation challengedictatesthat one is given one million records
of 100 bytes. Eachrecordhasa 10 byte key. The keys are uni-
formly distributed. At the time of the DatamationChallenge gx-
ternalsortingalgorithmswererequired.Ontoday's computersthe
datale of 100MB easily ts in mainmemory



Hence,the only disk-relatedportion of the DatamationChal-
lengeis to overlapdisk I/O with CPUoperation.Disk stripinghas
thepotentialto provide very fastdisk 1/0. This occursbecausé¢he
disksareaccesseth parallel.In this situation,mainmemorydata
retrieval becomeghe bottleneck.

The DPGalgorithmpushegackthis mainmemorybottleneck.
By applyingDPG at the third stepfor datamovement the largest
costof mainmemorysortingis reduced.We have reimplemented
themainmemoryportion of SuperScalarSorbothwith andwith-
outDPG.

4. Join Methodswith DPG
4.1 Sort-MergeJoin with DPG Sort

The well-knowvn Sort-Mege join was introducedby Blasgen
andEswaran[6]. Therearetwo stepsin Sort-Mege joins: sort
two relationson the join key andscanthe sortedrelationsto do a
memgeonthejoin key. Applying DPGsortatthe rst stepprovids
a new fastersort-mege join method,Sort-Mege join with DPG
Sort. In the future we distinguishdifferent sort-mege joins ac-
cordingto the sortingmethodaised.For example,sort-megejoin
with SuperScalarSomeanghatatthe rst stepSuperScalarSort
is appliedto sorttwo relations.

4.2 ForeignKeyJoin with DPG

We next considerjoins in which one of the relationshasan
index andthatindex corresponds$o thejoin key. We denoteby
anon-indeed relation. We denoteby  anindexedrelation. The
notationis motivatedby the exampleof a foreignkey join. In a
foreignkey join, the join key is the sameasthe foreignkey. So,
thejoin key is a setof attributesin therelation thatrefersto a
foreignkey from relation

4.2.1 Constructionof Join Triples

The simplestsolution for a foreign key join is to do a le scan
of , andfor eachrecordof to extractthejoin key anddo an
index lookupin theindex of . Onecanthenjoin therecordof
with thecorrespondingecordof . Thisinvolvesrandomaccess,
andis economicabnly if the join producesvery few records.In
particular thiswill bethecaseonly if the numberof recordsof

is small.

A bettersolutionisto doa le scanof , andto usetheindex
on to createjoin triples. A join triple is atriple ( , _

_ ), suchthat is akey value, _ istherid of arecord
from with key ,and _ therid of arecordfrom with
key . To constructthejoin triples,onescangherelation . For
eachrecordof , oneextractsthecorrespondingid andassociated
join key . Onethenlooksupthekey intheindexof . The
index lookupyieldsthe nal elementbf thetriple, _ .

Notethatthejoin triple is constructedat the costof a le scan
of andanindex lookupin theindex of  for eachrecordof
Usuallyanindex on adata le is muchsmallerthanthefull data
le. If theindex ts entirelyin cachethentheindex lookupwill
besigni cantly cheapethanthe le scan.

Unfortunately the indexes in mary main memory databases
generallydo not t in cache. In suchcases,the index lookup
in the index of  will dominatethe costs. For example,in a
B+ treeindexing  records,if aninternalnodehas children,
then _ nodesof the B+ treemustbe accessedEachsuch
acceswill bearandomaccessn mainmemory Most of theran-
dom accessefimply a cachemiss. The costof so mary random
accessemakes a naive index lookup uneconomical.Evenif the
index is a hashindex, atleastonerandomaccessn memorywill
berequired.

4.2.2 Batdc Lookupin Indexes

Luckily, it is possibleto executethe index lookup fasterthanthe
above analysiswould indicate. Thisis becausehe constructiorof
thejoin triplesrequiresmary index lookups,with no intervening
recordaccessesFor purposef join triple construction,batch
lookupof keys in anindex sufces. By batchlookup,we assume
that an array of join keys is rst extractedby scanningthe data
le of . Thebatchlookupthenproducesanarrayof rids for
throughtheuseof theindex on . We shaw thattheindex lookups
canbereomganizednto atwo-passalgorithm. Two suchtwo-pass
algorithmsaredemonstratedonefor B+ treeindexes,andonefor
hashindexes.

Note thatbatchlookup of ridsin anindex canbe substantially
fasterthanindividual lookup. Raoand Rosshad previously dis-
cussedacheconsciousndexesfor mainmemory[26]. Therethey
presentCSS-treeswhich have bettercachebehaior than either
B+ treesor hashindexes. However, they only considerindividual
lookupof keysin anindex, oneatatime. In their scenarioa sec-
ondkey is notlooked up until theindex lookupof the rst key has
beenresohed.

4.2.2.1 Batch Lookup in B+ Treelndexes

For simplicity, we describethe two-pasdookup for an enhanced
B+ tree. The notion of enhanced+ treewasintroducedby Rao

andRosg[26]. Theideais thatall slotsof a B+ treenodeareused.
This is similar to compactB-Trees[8] or to the ISAM method
introducedby IBM [12]. In the context of a generalB+ treethis

canbe accomplishedy maintainingupdateso the B+ treein a

separaténdex, andthendoing a batchupdateby reoiganizingthe

B+ tree.For brevity, we will sometimeseferto B+ tree,although
in all casesanenhanced+ treeis intended.

Assumethatwe areexecutinga le scanof  with thepurpose
of constructinghejoin triples. We collecta sequencef keys for
arelation , andwe wish to carry out a batchlookup in the en-
hanced+-tree. We assumehatthe B+ treedoesnot t in cache.
Ourgoalis atwo-passlgorithmwhichwill ef ciently accomplish
batchlookup.

Assumethatthe B+ treehas entriespernode. Assumethat
the B+ treeindexes  records. Thenthereare  _ levels.
Assumefurtherthatthe rst - levels (the top half of
the B+ tree) t in cache.For , thetop half of thetreehas
approximately " slots. For example,if there
are recordsthenthereare32,000slots,whichclearly t
insidecache.

The stratgy is a two-passstratgy. In the rst pass,oneper



Figure 3. B-Tree (Each smaller triangle repre-
sents a subtree that ts in cache.)

forms a lookup of eachkey, but only using the top half of the
B+ tree.As shawn in Figure3, eachleaf of thesubtreecomprising
this upperhalf canbe consideredasthe root of a secondsubtree
comprisingnodesn thelower half of the B+ tree. Thus,attheend
of this rst pass,akey canbe associatedvith a leaf of the upper
subtreewhichis alsoaroot of oneof thelower subtrees.

After the rst pass,onecanassociateachkey with a subtree
within the lower half of the B+ tree. So, in the secondpass,one
loadsa subtre€rom thelower half. Onethencontinueghelookup
for all keysassociatewvith therootof thesubtredn thelower half.
At theend,onethenhasa sequencef keys andrids.

If onewishesto have thekeysin the sameorderasthe orderof
the original rids, thenthis canalsobe arranged.In this case,one
extendsthe previous scenarido usethe DPGalgorithm.

The rst phaseof the DPG algorithmis to distribute the keys
into runs. In the initial lookup of a key in the rst half, it was
associatedvith aroot of asubtreen the rst half. The particular
root of asubtreadenti es theruninto whichthekey is copied.

The secondphaseof the DPG algorithmis to usethe key to
probetheindex, in orderto nd therid. Onecompleteghelookup
of all keys in a run associatedvith a particular subtreeof the
B+ tree,beforeproceedingo the next subtreein the lower half.
Theresultingrids arestoredin a temporarypartitionor run. This
is exactly whatwasdescribeckarlier

Finally, thethird phaseof the DPG algorithmgathes therids
into a destinationarrayin the sameorder asthat of the original
keys. Hence,we have completeda batchlookup of the keys, and
returnedan array of rids in the sameorderasthat of the original

keys.

4.2.2.2 Batch Lookup in Hash Indexes

Batchlookup of hashindexesalsoproceedsn two passesWe as-
sumethatthehasharrayof thehashindex storesateachhashentry
onekey-rid pair. A secondhasharray associatedvith the index
storespointersto over ow key-rid pairsthatwould have collided
with anoccupiedslotin the rst hasharray

Thetwo-passookupfor hashindexesproceedsn averysimple
manner We extractthe sequencef keysfrom . Asthekeysare
extracted,the hashvaluesare computed. Thosekey-hashvalue
pairsare saved in an arrayin an order correspondingo the rid
orderof

It now sufces to apply the DPG algorithm. The hasharray
is partitionedinto setsof  hashslots. In the distribute phase,
the hashvalue actsasan index into the hasharray Hence,this
becomeghe permutationvector of the DPG algorithm. The key
andhashvaluearethenwritteninto separateunsaccordingto the
partitionof the hasharray Thereis onerun of key-hashvaluesfor
eachpartitionof the hasharray

In the probephasea run of hashvaluesis loadedinto cache
alongwith the correspondingpartition of the hasharray As part
of theprobephasethekey andhashvaluesfrom therunareusedo
look upthethecorrespondingid in thepartitionof thehasharray
Therids arethensavedin atemporarypartition,in the sameorder
asthe orderin which the key-hashvaluesof the original partition
arestored.

Finally, in thegathemphasethe orderingof the key-hashvalue
pairsareusedto gathertherids from thetemporarypartition. As in
Section2, therids aregatherednto a destinatiorarrayin anorder
correspondinghe orderingof the original key-hashvaluepairs.

4.2.3 Two ForeignKey Join Methodswith DPG
Assumethatonehasgeneratedhejoin triples( , - , _ ).
It is now possibleto ignorethekey , anddealdirectly with the
ridpairs( - , - ). Wewishto satisfyoneof two goals:

1. DPG-Move join: Move therecordsof into atemporary
le accordingo the orderingof therecordsof

2. DPG-Sort join: Move therecordsof into a temporary
le accordingo the orderingof therecordsof

First consideroption 1. Recallthatthe join triples weregen-
eratedaccordingin the orderof therecordsof  _ . Therefore
therid pairscanbe useddirectly aspartof a DPG algorithm. The
secondcomponenbf thepair,  _ , is the sequencef rids ac-
cordingto which we wantto move therecordsof . This option
doesnot requireary sortingor hashing.Hence,we call it DPG-
join.

Next considemption2. In thisoption,we rst sorttherid pairs
( -, _ ) accordingto theorderof _ . Thisis done,
for example,with SuperScalarSoand DPG. The algorithmthen
reducego recordmovementn whichwe wishto movetherecords
of accordingto the orderingof  _ in the sortedsequence

C - -)

5. Experimental Evaluation
5.1 Hardwareand DatabaseSpeci cs

To evaluatethe ef ciency of DPG algorithms,we did a com-
prehensie setof experimentson threedifferent platforms. The
threedifferentplatformsarethe IBM Pawver4 Pseries690 Turbo,



the 3.06 GHz Pentium4 with Ramlus PC-1200RAM, andthe

2.6 GHz Pentium4 with DDR-266 RAM. For the IBM Power4

Pserie690Turbo,theprocessorsunat1.1 GHz andsharel6 GB

of memory Therearethreelevels of cacheon IBM p690. Each

processohasa32KB L1 cach,al.41MBL2 cachesharedvith an-

otherprocessqranda 128MB L3 cachesharedwith all processor
in the samenode. For the Pentium4 with DDR-266,the proces-
sorhas8KB L1 cacheand512KB L2 cache. For the 3.06GHz
Pentium4 with RamlusPC-1200RAM, it has8KB L1 cacheand

512KBL2 cache.

5.1.1 SortingExperimenSetup

To comparedifferent sorting algorithms,we usea databasesize
512MB andtheexperimentatesultsarereporteconIBM p690. 0
demonstratehe improvementof our algorithm, we are enforced
to usedatabaseizethatis largerthan128 MB, sincelBM p690
has128 MB L3 cache.The numberof runsfor DPG algorithmis
constrainedy the sizeof the databas@ndthe size of cache.On
the IBM p690we have 512 runs (512MB/1M) accordingto the
constraintsn Section2.1.1.

5.1.2 Join ExperimentSetup

To compargoin methodscrosdifferentplatformsweusea x ed
size databasevith 128 MB. On the IBM p690, a databasevith
128 MB can t in the L3 cache,we demonstrateur algorithm
with L3 cacheactingasthe “main memory”andwith L2 cacheas
thereal“cache”.

Wetestprimarily for thesituationwherel. 3 cachesenesasthe
“main memory”. For larger databasethatover ow the L3 cache,
our resultswould compareeven better sincethe speedgap be-
tweenL3 cacheandmainmemoryis largerthanthe speedyapbe-
tweenL2 cacheandL3 cache.Thecacheblockin L2 is 128 bytes
andthe cacheblockin L3 is 512 bytes. With L3 cacheactingas
the “main memory”andL2 cacheactingasthe “cache”, a cache
missloads128 bytesfrom L3 cacheandwith realmemoryasthe
“main memory”andL3 cacheasthe “cache”,a cachemissloads
512bytesfrom realmemory

The sizeof theindex is proportionalto the numberof records
in the database.For a databasevith smallerrecordsize, it has
morenumberof re cordsthanthe samesize databasevith larger
recordsize. For example,in our experimentswith a x ed 128MB
databaseif the recordsizeis 32 bytes,the index sizeis around
100MB andif therecordsizeis 512bytes theindex sizeis around
8 MB. In all casestheindex cant t in ary platform's L2 cache
andbatchlookupindex algorithmis applied.

As explainedin sorting, the numberof runsin all DPG algo-
rithms is decidedby the databasesize and L2 cachesize. For
example,on IBM p690the numberof runis 128, on Pentium4
with DDR-RAM thenumberof runis 256,andon Pentiumd with
Ramlus-1200the numberof runis 256t00.

5.2 Comparison of DPG sort with other sorting
algorithms

Figure4 demonstratetheacceleratiomchievedby SuperScalar
SortwhenDPG s used.Note thatthe additionalspeedof Super
ScalarSorwith DPGis mostpronouncedor smallerrecordsizes.

10 A @ SuperScalarSort

B SuperScalarSort with

time (second)
o<}

32 64 1%8 . 256 512
record size
database size = 512MB

Figure 4. Sorting Comparison: DPG as an
Accelerator for SuperScalarSor t (IBM Power4
p690 Series Turbo)

For recordsizesof 256 bytesand higher DPG providesonly a

smalladwantage.This is because¢he IBM p690hasanL3 cache
block of size512 bytes. So, for recordsizesbelov 256 bytes,a

cachemissincurssigni cant overheadn loadinga512bytecache
block. For recordsizesover 256 bytes thecachemisspenaltydoes
not costmuch. The experimentalresultsshav that the two-pass
cache-etient DPG algorithmis much fasterthanthe one-pass
randomaccessnemrq algorithm.

Therewassomevariability in the resultsbecaus¢he datawas
takenonatime-sharedsharednemorymachine OnthelBM p690,
the L2 cacheis sharedamongtwo CPUs, and the L3 cacheis
sharedamongeight CPUs. Our experimentsvererun on asingle
CPU. Henceanotherprocesson a neighboringCPU could con-
sumesomeof our cache therebyaffecting the timings. The re-
portedexperimentakesultsarethe averageof threerunseach.

Figure5 alsoshavsthatAlphaSortis expensve comparedvith
SuperScalarSortThe reasonis that AlphaSortis a comparison-
basedsortingalgorithm,basednbranchesThelBM p690Pover
4 chip, like mosthigh clock rate RISC chips, suffers especially
from branchmisses. We also run the experimentson the Pen-
tium 4.

5.3 Comparisonsof Join Methodswith DPG Joins
and Other Join Methods

anindexedrelationand
. We

As explainedearlier we denoteby
arelationthathasforeignkey ontheindexedattribute of
will now analyzethefollowing methods:

1. Sort-MegeJoinwith AlphaSort

2. Sort-MegeJoinwith SuperScalarSort

3. Sort-MegeJoinwith DPG Sort(de nedin Section4.1)
4. DPG-SortJoin(de nedin Section4.2.3)
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Figure 5. Sorting Comparison: same as
Figure 4, but also showing AlphaSort (IBM
Power4 p690 Series Turbo)

5. DPG-Move Join(de nedin Section4.2.3)
6. RadixJoin

5.3.1 Data Distribution
Thereare two kinds of distributions for the foreign key values:
uniformandnon-uniform.

For uniformdistribution, all theabore join methodsvork. DPG-
move join andRadixjoin out-performothersshavedin gures 6,
7,8, 9, Radixjoin is fasterfor moderateanainmemorydatabases,
DPG-mae join is fasterfor larger main memorydatabasegex-
plainedfurtherin Section5.3.2).

For the caseof nonuniformdistributions, sort-mege join with
AlphaSortandDPG-sortjoin arethe only methodshatwork (ex-
plainedin Section5.3.1. DPG-sortout-performshan Sort-mege
join with AlphaSortasshavedin gures 10, 11, and12 and ex-
plainedfurtherin Section5.3.4.

5.3.1.1 The uniform distrib ution of join keyvalues.

First we will shov how all algorithmswork for uniformly dis-
tributedjoin key values. SuperScalarSoit a key-pre x-sort al-
gorithmexplainedfurtherin sectionl. It assumeshatdatais uni-
formly distributedaccordingto the highest 7 bits of thekey. This
kind of distribution canbe appliedto all DPGalgorithms because
aunformdistribution of the join key valuesis the only constraint
of Sort-Megejoin with DPGandDPG-mae join.

We alsoimplementheradixjoin of Manegold etal. [20]. They
describeavariationof hashjoin for mainmemory Radixjoin also
requiresa uniform distribution of the join key values. Otherwise,
someof their partitionswill betoo largeto t into theL2 cache
andit is notclearhow to ef ciently adjustthe partitionsizes.

We produceuniformly distributedforeignkey valuesusingthe
UNIX function. A comparisonof the differentjoin

14 @ Sort-Merge Join with

Alpha Sort

12 B Sort-Merge Join with
SuperScalar Sort

DO Sort-Merge Join with
DPG

ODPG_Sort

time (second)

EDPG_Move

32 64 128 256 512
record size (byte) data size = 128MB

Figure 6. Comparison of Joins (IBM Power4
pSeries 690 Turbo, uniform distrib ution (no
duplicate keys))

methodson three different platformsis provided in the gures.
Figure6 re ects datawith no duplicatejoin key valuesin there-
lation . Figures7, 8, and9 shaw the sameinformationin which
duplicatejoin key valuesareallowed. Fromthe comparisonwe
canseethat DPG-mave join andradix join arethe fastest.DPG-
move is betterfor large recordsandradix join is betterfor small
records We explain theresultfutherlaterin this section.

5.3.1.2 The non-uniform distrib ution for join keyvalues.
Sort-megejoin with AlphaSortandDPG-Sortarethe only two of
the previously discussedoin methodshatoperatecorrectlyfor a
non-uniformdistribution of join key values.

In the following we usecountbucket sortfor bucket sort. The
countbucket sortis asfollows:

1. countthenumberof elementsiestinedor eachbucket.

2. setbucket boundariesccordingo the staticscomputedand
distributeelementdo buckets.

AlphaSortworksfor non-uniformlydistributeddata,becausé
usesquicksortto sorteachrun andusesreplacement-selecticio
memgetheruns.

DPG-Sortjoin alsoworks for non-uniformlydistributed data,
becauseve usecountbucketsortto sortRIDs andthe countbucket
sortworksfor the non-uniformdistribution of RIDs.

DPG-Sortjoin sortsthe RIDs accordingto the lowest
bits is enough, is the numberof records. In the simulation,
we assignthe RID valuesin therange , thelowest
bits is sufcient for sorting. For example,for sorting
RIDs accordingto the lowest 20 bits is enough. This could be
donein two stepswith countbucket sort: rst docountbucketsort
accordingo thelower 10 bits; thendo countbucket sortaccording
to thehigher10 bits.
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Figure 7. Comparison of Joins (IBM Power4
pSeries 690 Turbo, uniform distrib ution (du-
plicate keys))

Usingthe UNIX and

anexponentialdistribution of the dataas
( is a constantand in our experimentswe assignc with
). A comparisorof Sort-Mege join with AlphaSort
andDPG-Sortoin onthreedifferentcomputemarchitecturess pro-
videdin the gures 10, 11,and 12. Fromthecomparisonywe can
seethat DPG-sortjoin is muchfasterthan Sort-Mege join with

AlphaSortexplainedfurturein thelater partof this section.

functionswe generate

5.3.2 Comparison®f DPG Joinsand RadixJoin

All sort-mege joins performsinferior to DPG joins and Radix
join. All sort-mege joins needto sorteachdatabasevhile scan-
ning databaseOtherjoin methodssortonly onedatabaser avoid

to sortary databasewhile scaningdatabaseshey only do very
simple computationssuchas module. For example, DPG-Sort
join only needsto sortthe join triples thatis much smallerthan
databasend replaceone scanof databasevith B+ tree lookup
comparingwith sort-mege joins. DPG-mae join is fasterthan
DPG-sortjoin, becauseDPG-mae join doesnot sort ary data
andhasthe samenumberof databasscansasDPG-sortjoin.

Radixjoin doesnot sortary dataeither but it may needmore
scansof the databasethan DPG-mave, and also at the last step
radix join hascomparisorcostto probethe a small partition. In
experimentalresultsreportedin 6, the databasés not so big, so
the numberof scanss not so muchfor radix join andradix join
hasatie with DPG-maejoin.

5.3.3 Comparison®f Sort-Mege Joins
Weimplementhreesort-megejoin methodssort-megejoin with
AlphaSort sort-megejoin with DPGsortandsort-megejoin with
SuperScalarSortAs de ned in Section4.1, sort-mege join with
DPG sort appliesthe DPG sortfor the sorting phase sort-mege
join with AlphaSortappliesAlphaSort,and sort-mege join with
SuperScalarSogppliesSuperScalarSorespectiely.

As expectedtheacceleratiorin thespeedf sort-megejoin in
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Figure 8. Comparison of Joins (2.6 GHz Pen-
tium 4 / DDR-266 RAM, uniform distrib ution
(duplicate keys))

Figure 6 follows the samepatternasthat of Figure4 for sorting.
For the sort-mege join algorthms,the one with the bestsorting
algorithm,SuperScalarSowith DPG, performsthebest.

5.3.4 Comparison®fDPG-sortJoinwith Sort-Merge

Join with AlphaSort

In the caseof non-uniformdistribution, we cannotapply Supef
ScalarSort. In this case,thereare only two methodsthat work:
sort-megejoin with AlphaSortandDPG sortjoin. As Figuresl0,
11, and12 suggestDPG sortjoin performsbetter The reasons
that DPG-sortonly sortsthejoin triples,andthis is muchsmaller
than the database.In contrast,sort-mege join with AlphaSort
mustsorttwo databases.

5.4 Discussionof the Constraints in DPG Algo-
rithms

In all theexperimentsboththenumberof runsandthelengths
of the runssatisfythe constraintsdescribedn 2.1.1. In thereal
world, the constraintf the DPG algorithmscanbe easily satis-
ed. Forexample,in thecaseof Pentiumd,thelL2 cachds512KB
andcacheblockis 128bytes,andthereare2000cachdinesin the
L2 cache.The commonsizefor main memorydatabasés 1GB,

sothenumberof runsis 2000andthe sizeof eachrunis 512KB.

Oneshouldusesa run aslarge aspossiblebut not larger than
theL2 cacheo reducehenumberof runs. The optimalnumberof
runsequalgo thesizeof thedatabasenodulethesizeof L2 cache.

Theperformancef DPGalgorithmss notaffectedmuchif the
settingsof runsslightly differ from the optimal settings However,
we obsened thatthe performancegain of DPG will dramatically
decreasd the settingsdiffer from the optimal settingsin a factor
of 2 or more.

6. Conclusion
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Figure 9. Comparison of Joins (3.06 GHz Pen-
tium 4 / Rambus PC-1200 RAM, unif orm dis-
trib ution (duplicate keys))

In puresorting,DPG providesan acceleratofor existing sort-
ing algorithms.Thiswasdemonstratetbr SuperScalarSonyvhich
performsfasterthan AlphaSort. The performancemprovements
arenotable(upto 27%)for thesmallerrecordsizes suchas32 bytes
and64bytes while notdegradingperformancdor thelargerrecord
sizes.

Joinis alsoan importantoperationfor Databases DPG was
appliedto this problemusing threealgorithms: Sort-Mege Join
with DPG Sort, DPG-SortJoin and DPB-Move Join. This was
comparedagainsta traditional Sort-Mege join (using AlphaSort
andSuperScalarSortandradix sort.

In the caseof non-uniformdistribution of join key valuesonly
DPG-SortJoin and Sort-Mege Join with AlphaSortare applica-
ble. DPG-SortJoin works betterthan Sort-Mege Join with Al-
phaSortacrosshoththe Pentiumandthe IBM Pawer4. DPG-Sort
join is muchbetterthan Sort-Mege Join with AlphaSortfor the
smallerrecordssizes,suchas, 32, 64. More impressiely, DPG-
Sort Join bene ts especiallyfrom the newestarchitectures.lt is
especiallystrongon the newvestplatform,a Pentiumwith Ramhus
PC-1200RAM. This is becausédhe stream-orientedPG algo-
rithm takes optimal adwvantageof the high bandwidthof PC-1200
RAM.

For the caseof non-uniformdistribution of join key values,
DPG-Move JoinandRadixJoinareshavn to bethe mostcompet-
itive. DPG-Move Joinis shawn to befasterfor largerrecordsizes
(256 bytesand512 bytes),while Radix Joinis fasterfor smaller
recordsizes. DPG-Joinbene ts especiallyfrom the Pentiumar-
chitecture. The remainingDPG algorithmsare also competitve
with olderalgorithmsalthoughwith a smallerimprovement.

7. Future Work
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Figure 10. Comparison of Joins (IBM Power4
pSeries 690 Turbo, exponential distrib ution of
keys)

TheDPGalgorithmcanbeeasilygeneralizedo multiple passes.
This canbe usefulwhenthereis a very small cachein relationto
the sizeof mainmemory However, we do not encountethis sce-
narioin our currentexperiments.
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