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lAbstra
tSuÆx arrays are powerful data stru
tures for text indexing. Unlike the popular inverted�les, suÆx arrays do not depend on the existen
e of words in the text and are able of solvingmu
h more 
omplex sear
h problems. This makes them appealing in many s
enarios, su
h asdealing with oriental languages and genomi
 and protein databases.In this paper we present parallel algorithms devised to in
rease throughput of suÆx arrays ona multiple-query setting. Design and 
ost evaluation is e�e
ted on top of the bulk-syn
hronousmodel of parallel 
omputing, and thereby they are independent of programming details andar
hite
ture of the parallel ma
hine. Experimental results show that eÆ
ient performan
e isindeed feasible in this strongly sequential and very poor lo
ality data stru
ture.1 Introdu
tionIn the last de
ade, the design of eÆ
ient data stru
tures and algorithms for textual databases andrelated appli
ations has re
eived a great deal of attention due to the rapid growth of the Web [3℄.Typi
al appli
ations are those known as 
lient-server in whi
h users take advantage of spe
ializedservi
es available at dedi
ated sites [4℄. For the 
ases in whi
h the number and type of servi
esdemanded by 
lients is su
h that it generates a very heavy work-load on the server, the eÆ
ien
yof it in terms of running time is of paramount importan
e. As su
h it is not diÆ
ult to see that theonly feasible way to over
ome limitations of sequential 
omputers is to resort to the use of several
omputers or pro
essors working together to servi
e the ever in
reasing demands of 
lients.An approa
h to eÆ
ient parallelization is to split the data 
olle
tion up and distribute themonto the pro
essors in su
h a way that it be
omes feasible to exploit lo
ality by e�e
ting parallelpro
essing of user requests, ea
h upon a subset of the data. As opposed to shared memory models,1



this distributed memory model provides the bene�t of better s
alability [6℄. However, this intro-du
es new problems related to the 
ommuni
ation and syn
hronization of pro
essors and their loadbalan
e. This paper des
ribes strategies to over
ome these problems in the 
ontext of the paral-lelization of suÆx arrays [3℄. We propose strategies for redu
tion of inter-pro
essors 
ommuni
ationand load balan
ing.The advent of powerful pro
essors and 
heap storage has allowed the 
onsideration of alternativemodels for information retrieval other than the traditional one of a 
olle
tion of do
uments indexedby keywords. One su
h a model whi
h is gaining popularity is the full text model. In this modeldo
uments are represented by either their 
omplete full text or extended abstra
ts. The userexpresses his/her information need via words, phrases or patterns to be mat
hed for and theinformation system retrieves those do
uments 
ontaining the user spe
i�ed strings. While the 
ostof sear
hing the full text is usually high, the model is powerful, requires no stru
ture in the text,and is 
on
eptually simple [3℄.To redu
e the 
ost of sear
hing a full text, spe
ialized indexing stru
tures are adopted. Themost popular of these are inverted lists [3, 1, 2℄. Inverted lists are useful be
ause their sear
hstrategy is based on the vo
abulary (the set of distin
t words in the text) whi
h is usually mu
hsmaller than the text and thus, �ts in main memory. For ea
h word, the list of all its o

urren
es(positions) in the text is stored. Those lists are large and take spa
e whi
h is 30% to 100% of thetext size.SuÆx arrays or pat arrays [3℄ are more sophisti
ated indexing stru
tures whi
h also take spa
e
lose to the text size. Their main drawba
k is their 
ostly 
onstru
tion and maintenan
e pro
edures(i.e., 
reating and updating a suÆx array). However, suÆx arrays are superior to inverted lists forsear
hing phrases or 
omplex queries su
h as regular expressions [3℄.The suÆx array is a binary sear
h based strategy. The array 
ontains pointers to the do
umentterms, where pointers identify both do
uments and positions of terms within them. The arrayis sorted in lexi
ographi
al order by terms as shown in �gure 1. Thus, for example, �nding allpositions for terms starting with \tex" leads to a binary sear
h to obtain the positions pointed toby the array members 7 and 8 of �gure 1. This sear
h is 
ondu
ted by dire
t 
omparison of theterms pointed to by the array elements. The meaning of \term" in this strategy 
an be di�erent tothat of the inverted lists [3℄. Though it depends on the appli
ation, a \term" 
ould des
ribe a largeportions of text su
h as a regular expression. A typi
al query is �nding all text positions where agiven substring appears in. For the purpose of the des
ription of the algorithms presented in thispaper we assume that this last one is the query of interest and that it is solved by performing twosear
hes whi
h lo
ate the delimiting positions of the array for a given substring.We assume a server site at whi
h lots of queries are arriving per unit of time. Su
h work-load
an be servi
ed by taking bat
hes of Q queries ea
h. On a 1-ma
hine server the pro
essing of ea
hbat
h takes Q logN running time. Our aim is to improve this 
ost to the optimal (Q logN)=P2
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hines server. To a
hieve this goal a pragmati
 (though naive) strategy would beto keep a 
opy of the whole database and index in ea
h server's ma
hine and route the queriesuniformly at random among the P ma
hines. That's �ne as we are not expe
ted to perform updateoperations on suÆx arrays.For very large databases, however, the non-
ooperating ma
hines are for
ed to keep large pie
esof their identi
al suÆx arrays in se
ondary memory whi
h 
an degrade performan
e dramati
ally.A more sensible approa
h is then to keep a single 
opy of the suÆx array distributed evenly ontothe P main memories. Now the 
hallenge is to a
hieve the optimal (Q logN)=P on a P -ma
hinesserver whi
h must perform 
ommuni
ation and syn
hronization operations in order to servi
e everybat
h of queries.An important fa
t to 
onsider in natural language texts is that words are not uniformly dis-tributed both in the text itself and the queries provided by the users of the system. For example,in the Chilean web (www.todo
l.
l) words starting with letters su
h as \
", \m", \a" and \p" arethe most frequent ones. This fa
t 
an lead to signi�
ant imbalan
e in terms of parallel pro
essingof queries.The eÆ
ient parallel index 
onstru
tion has been investigated in [7, 5℄. In this paper we fo
uson query pro
essing. We propose eÆ
ient parallel algorithms for (1) pro
essing queries grouped inbat
hes, and (2) load balan
ing properly this pro
ess when dealing with biased 
olle
tions of termssu
h as in natural language.2 PreliminariesIn the bulk-syn
hronous parallel (BSP) model of 
omputing [10, 9℄, any parallel 
omputer (e.g., PC
luster, shared or distributed memory multipro
essors) is seen as 
omposed of a set of P pro
essor-lo
al-memory 
omponents whi
h 
ommuni
ate with ea
h other through messages. The 
omputationis organised as a sequen
e of supersteps. During a superstep, the pro
essors may perform sequential3




omputations on lo
al data and/or send messages to other pro
essors. The messages are availablefor pro
essing at their destinations by the next superstep, and ea
h superstep is ended with thebarrier syn
hronisation of the pro
essors.The total running time 
ost of a BSP program is the 
umulative sum of the 
osts of its super-steps, and the 
ost of ea
h superstep is the sum of three quantities: w, hG and L, where w is themaximum of the 
omputations performed by ea
h pro
essor, h is the maximum of the messagessent/re
eived by ea
h pro
essor with ea
h word 
osting G units of running time, and L is the 
ostof barrier syn
hronising the pro
essors. The e�e
t of the 
omputer ar
hite
ture is in
luded by theparameters G and L, whi
h are in
reasing fun
tions of P . These values along with the pro
es-sors' speed s (e.g. m
ops) 
an be empiri
ally determined for ea
h parallel 
omputer by exe
utingben
hmark programs at installation time [9℄.As an example of a basi
 BSP algorithm let us 
onsider a broad
ast operation whi
h will beused in the algorithms des
ribed in the following subse
tion. Suppose a pro
essor wants to senda 
opy of P 
hapters of a book, ea
h of size a, to all other P pro
essors (itself in
luded). Anaive approa
h would be to send the P 
hapters to all pro
essors in one superstep. That is, insuperstep 1, the sending pro
essor sends P 
hapters to P pro
essors at a 
ost of O(P 2 (a+aG)+L)units. Thus in superstep 2 all P pro
essors have available into their respe
tive in
oming messagebu�ers the P 
hapters of the book. An optimal algorithm for the same problem is as follows. Insuperstep 1, the sending pro
essor sends just one di�erent 
hapter to ea
h pro
essor at a 
ost ofO(P (a+aG)+L) units. In superstep 2, ea
h pro
essor sends its arriving 
hapter to all others at a
ost of O(P (a+aG)+L) units. Thus at superstep 2, all pro
essors have a 
opy of the whole book.That is, the broad
ast of a large P -pie
es a-sized message 
an be e�e
ted at O(P (a + aG) + L)
ost.We assume a server operating upon a set of P ma
hines, ea
h 
ontaining its own main andse
ondary memory. We treat se
ondary memory like the 
ommuni
ation network. That is, wein
lude an additional parameter D to represent the average 
ost of a

essing the se
ondary memory.Its value 
an be easily determined by ben
hmark programs available on Unix systems. The textualdatabase is evenly distributed over the P ma
hines. If the whole database index is expe
ted to �ton the P sized main memory, we just assume D = 1.Clients request servi
e to one or more broker ma
hines, whi
h in turn distribute them evenlyonto the P ma
hines implementing the server. Requests are queries that must be solved withthe data stored on the P ma
hines. We assume that under a situation of heavy traÆ
 the serverpro
esses bat
hes of Q = q P queries. Pro
essing ea
h bat
h 
an be 
onsidered as a hyperstep
omposed of one or more BSP supersteps. The value of q should be large enough to properlyamortize the 
ommuni
ation and syn
hronization 
osts of the parti
ular BSP ma
hine. It is notdiÆ
ult to see that the this 
y
le of three supersteps 
an a
tually be redu
ed to a 
y
le of onesuperstep by dealing with three separate bat
hes, ea
h in a di�erent stage of exe
ution.4
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Processor 1 Processor 2Figure 2: A global index suÆx array distributed on two pro
essors.2.1 Global vs lo
al suÆx arraysLet us assume that we are interested in determining the text positions in whi
h a given substring islo
ated in. In the sequential suÆx array this 
an be solved by performing two queries; one with theinmediate prede
esor and the other with the inmediate su

esor. Let us 
all this operation intervalquery.A suÆx array 
an be distributed onto the pro
essors using a global index approa
h in whi
ha single array is built from the whole text 
olle
tion and mapped evenly on the pro
essors. Arealization of this idea for the example in �gure 1 is shown in �gure 2 for 2 pro
essors. Noti
e thatin this global index approa
h ea
h pro
essor stands for an interval or range of suÆxes (for example,in �gure 2 pro
essor 1 represents suÆxes with �rst letters from \a" to \e"). The broker ma
hinemantains information of the values limiting the intervals in ea
h ma
hine and route queries to thepro
essors a

ordingly. This fa
t 
an be the sour
e of load imbalan
e in the pro
essors when queriestend to be dinami
ally biased to parti
ular intervals (in the next se
tion we propose a solution tothis problem).Let us assume the ideal s
enario in whi
h the queries are ruoted uniformly at random ontothe pro
essors. A sear
h for all text positions asso
iated with a bat
h of Q = q P queries 
an beperformed as follows. The broker takes Q logP+QG+L time to route the queries to their respe
tivetarget pro
essors. On
e the pro
essors get their q queries ea
h of them performs in parallel q binarysear
hes. Note that for ea
h query, with high probability 1 � 1=P , it is ne
essary to get from aremote pro
essor a T -sized pie
e of text in order to de
ide the result of the 
omparison and go tothe next step in the sear
h. This reading takes one additional superstep plus the involved 
ost of
ommuni
ating T bytes per query. For a global array of size N , the binary sear
h and the respe
tivesending of the array positions are performed at 
ost q log(N=P )+ q G+L+(q T G+L) log(N=P ).Then the q array positions per pro
essor are re
eived by the broker at 
ost QG to 
ontinue withthe following bat
h and so on. However, it is not ne
essary to wait for a given bat
h to �nish5
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Processor 1 Processor 2Figure 3: Lo
al index suÆx array.sin
e in ea
h superstep we 
an start the pro
essing of a new bat
h. This form a pipelining a
rosssupersteps in whi
h at any given superstep we have, on average, log(N=P ) bat
hes at di�erentstage of exe
ution. The net e�e
t is that at the end of every superstep we have the 
ompletion ofa di�erent bat
h. Thus the total (asymptoti
) average 
ost per bat
h is given by[q P logP + q P G℄ + [q log(N=P ) + q T G+ L℄ :where the �rst term represents the 
ost of the operations e�e
ted by the broker ma
hine whereasthe se
ond term is the (pipelined) 
ost of pro
essing a Q-sized bat
h in the P -ma
hines server.In the lo
al index strategy, on the other hand, a suÆx array is 
onstru
ted in ea
h pro
essor by
onsidering only the subset of text stored in its respe
tive pro
essor. See �gure 3. No referen
es totext postitions stored in other pro
essors are made. Thus it is not ne
essary to pay for the 
ost ofsending T -sized pie
es of text per ea
h binary sear
h step.However, for every query it is ne
essary to sear
h in all of the pro
essors in order to �nd thepie
es of lo
al arrays that form the solution for a given interval query. As an answer, it suÆ
esto send to the broker P pairs (a; b), one per pro
essor, where a/b are the start/end positionsrespe
tively of the lo
al arrays.The pro
essing of a bat
h of Q queries is as follows. Let us 
harge 1 unit to the handling ofea
h query by the broker so it �rst does a work proportional to q P . Unfortunately, the broker nowhas to send every query to every pro
essor. This broad
ast operation 
an be e�e
ted as des
ribedin se
tion 2. That is, the pro
essors get q queries from the broker and then broad
ast them toall other pro
essors at a total 
ost of q P + q P G + 2L. In the next superstep, ea
h pro
essorperforms in parallel q P binary sear
hes and sends q pairs (a; b) to the broker at a total 
ost ofq P log(N=P ) + q G+ L. The broker, in turn, re
eives q P queries at a 
ost of q P G units of time.6



Thus the total 
ost of this strategy is given by[q P + q P G℄ + [q P log(N=P ) + q G+ L℄ :Thus we see that the global index approa
h o�er the potential of better performan
e in asymp-toti
 terms. It is worthwhile then to fo
us on how to improve some performan
e drawba
ks of theglobal index strategy. In the proposal we des
ribe below we get rid of the logP fa
tor in the brokerma
hine whi
h 
omes as a produ
t of improving load balan
e in the P -ma
hines server, and redu
esigni�
antly the amount of 
ommuni
ation (T G) performed by the server.3 Global SuÆx Arrays in parallelThe �rst drawba
k of the global index approa
h is related to the possibility of load imbalan
e
oming from large and sustained sequen
es of queries being routed to the same pro
essor. The bestway to avoid parti
ular preferen
es for a given pro
essor is to send queries uniformly at randomamong the pro
essors. We propose to a
hieve this e�e
t by multiplexing ea
h interval de�ned bythe original global array so that if the array element i is stored in pro
essor p, then the elementsi+1, i+2, ... are stored stored in pro
essors p+1, p+2, ... respe
tively and in a 
ir
ular manneras shown in �gure 4. We 
all this strategy G2.In this 
ase, any binary sear
h 
an start at any pro
essor. On
e a sear
h has determined thatthe given term must be lo
ated between two 
onse
utive entries k and k + 1 of the array in apro
essor, the sear
h is 
ontinued in the next pro
essor and so on, where at ea
h pro
essor it isonly ne
essary to look at the entry k of the array. For example, in �gure 4 a term lo
ated in the �rstinterval, may be lo
ated either in pro
essor 1 or 2. If it happens that a sear
h for a term lo
atedat position 6 of the array starts in pro
essor 1, then on
e it determines that the term is betweenpositions 5 and 7, the sear
h is 
ontinued in pro
essor 2 by dire
tly examining the position 6. Ingeneral, for large P , the inter-pro
essors sear
h 
an be done in at most logP additional supersteps.This by performing a binary sear
h a

ross pro
essors. Indeed, the 
al
ulations involved in thedetermination of the next pro
essor and array possition (
ir
ularly) during every sear
h step aretrivial. This simpli�es the algorithm implementation.As shown in �gure 2 a binary sear
h on the global index approa
h 
an lead to a 
ertain numberof a

esses to remote memory. In BSP, one of these a

esses must be done using an additionalsuperstep; in superstep i a pro
essor p sends a message to another pro
essor, it re
eives the messagein superstep i+1, reads the term, 
omposes and sends to p a message 
ontaining it. In superstep i+2the pro
essor p gets the term and performs the 
omparison whi
h allows it to 
ontinue the binarysear
h. A 
a
he s
heme 
an be implemented in order to keep in p the most frequently referen
edterms from remote memory. We have realized that a very e�e
tive way to redu
e the average7
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11 13 15 17 19 12 14 16 18 20Figure 4: Multiplexing the global index suÆx array entries.number of remote memory a

esses is to asso
iate with every array entry the �rst t 
hara
ters ofthe terms respe
tively. This value t depends on the average length of terms. In [5℄ it has been shownthat this strategy is able to put below 5% the remote memory referen
es for relatively modest tvalues. Our experiments show rates below 1%.Note that the multiplexed strategy (G2) 
an be seen as the opposite extreme of the global indexdistributed lexi
ographi
ally starting from pro
essor 0 to P � 1, wherein ea
h pro
essor holds a
ertain interval of the suÆxes pointed to by the N=P array elements. Let us 
all this last one G0.The delimiting points of ea
h interval of the G0 strategy 
an be kept in an array of size P � 1 sothat a binary sear
h 
ondu
ted on it 
an determine to whi
h pro
essor to route a given query.An intermediate strategy (G1) between G0 y G2 
an be obtained by 
onsidering the globalarray as distributed on V = 2k P virtual pro
essors with k > 0 and that ea
h of the V virtualpro
essors is mapped 
ir
ularly on the P real pro
essors using the usual imodP for i = 0:::V withi being the i-est virtual pro
essor. In this 
ase, ea
h real pro
essor ends up with V=P di�erentintervals of N=V elements of the global array whi
h tends to break apart the imbalan
e introdu
edby biased queries. Cal
ulations of the array positions are trivial.In our realization of G0 and G1 we keep in ea
h pro
essor an array of P (V ) strings of sizeL marking the delimiting points of ea
h interval of G0 (G1). The broker ma
hine routes queriesuniformly at random to the P real pro
essors, and in every pro
essor a logP (log V ) binary sear
his performed to determine to whi
h pro
essor send a given query (we do so to avoid the brokerbe
oming a bottlene
k). On
e a query has been sent to its target pro
essor it 
annot migrateto other pro
essors as in the 
ase of G2. That is, this strategy avoids the inter-pro
essors logPbinary sear
h. In parti
ular, G1 avoids this sear
h for a modest k whilst it well approa
hes the loadbalan
e a
hieved by G2 as we show in the next se
tion. The extra-spa
e should not be a burdenas N � P and k is expe
ted to be small. 8



4 Experimental resultsWe 
ompared the multiplexed strategy (G2) with the plain global suÆx array (G0), and the inter-mediate strategy (G1). For ea
h element of the array we kept C 
hara
ters whi
h are the C-sizedpre�x of the suÆx pointed to by the array element. We found C = 4 to be a good value for ourtext 
olle
tion. In G2 the inter-pro
essors binary sear
h is 
ondu
ted by sending messages with the�rst C 
hara
ters of the query.The text 
olle
tion is formed by a 1GB sample of the Chilean Web retrieved by the sear
hengine www.todo
l.
l. We treated it as a single string of 
hara
ters, and queries were formed bysele
ting positions at random within this string. For ea
h position a substring of size 16 is used as aquery. In the �rst set of experiments these positions were sele
ted uniformly at random. Thus loadbalan
e is expe
ted to be near optimal. In the se
ond set of experiments we sele
ted at randomonly the positions whose starting word 
hara
ter were one of the four most popular letters of theSpanish language. This produ
es large imbalan
e as sear
hes tend to end up in a subset of theglobal array.The results were obtained on a PC 
luster of 16 ma
hines (PIII 700, 128MB) 
onte
ted by a100MB/s 
ommuni
ation swit
h. Experiments with more than 16 pro
essors were performed bysimulating virtual pro
essors. In this small 
luster most speed-ups obtained against a sequentialrealization of suÆx arrays were super-linear. This was not a surprise sin
e due to hardware limi-tations we had to keep large pie
es of the suÆx array in se
ondary memory whilst 
ommuni
ationamong ma
hines was 
omposed by a 
omparatively small number of small strings. The whole textwas kept on disk so that on
e the �rst C 
hars of a query were found to be equal to the C 
harskept in the respe
tive array element, a disk a

ess was ne
essary to verify that the string formingthe query was e�e
tively found at that position. With high probability this required an a

ess toa disk �le lo
ated in other pro
essor, 
ase in whi
h the whole query is sent to that pro
essor to be
ompared with the text retrieved from the remote disk.Though we present running time 
omparisons below, what we 
onsidered more relevant to thes
ope of this paper is an implementation and hardware independent 
omparison among G0, G1and G2. This 
ame in the form of two performan
e metri
s devised to evaluate load balan
ein 
omputation and 
ommuni
ation. They are the average maximum a
ross supersteps. Duringthe pro
essing of a query ea
h strategy performs the same kind of operations, so for the 
ase of
omputation the number of these ones exe
uted in ea
h pro
essor per superstep suÆ
es as anindi
ator of load balan
e for 
omputation. For 
ommuni
ation we measured the amount of datasent to and re
eived from at ea
h pro
essor in every superstep. We also measured balan
e of diska

esses. All runs were to the same number of supersteps and in all 
ases a very similar number ofqueries were 
ompleted. In ea
h 
ase 5 runs with di�erent seeds were performed and averaged. Atea
h superstep we introdu
ed 1024=P new queries in ea
h pro
essor.9



P 
omp. 
omm. disk2 0.95 0.90 0.894 0.49 0.61 0.698 0.43 0.45 0.5316 0.39 0.35 0.3632 0.38 0.29 0.2464 0.35 0.27 0.17Table 1: Ratio G2/G0.P 
omp. 
omm. disk2 1.10 0.90 0.894 0.92 0.82 0.698 0.86 0.65 0.5316 0.80 0.55 0.3632 0.78 0.45 0.2464 0.75 0.43 0.17Table 2: Ratio G2/G1 witk k = 4.In table 1 we show results for queries biased to the 4 popular letters. Columns 2, 3, and 4show the ratio G2/G0 for ea
h of the above de�ned performan
e metri
s (average maximum for
omputation, 
ommuni
ation and disk a

ess). The results for G2/G1 are shown in table 2. Theseresults 
on�rm intuition, that is G0 
an degenerate into a very poor performan
e strategy whereasG2 and G1 are a mu
h better alternative. Noti
eably G1 
an a
hieve similar performan
e to G2at a small k = 4. This value depends on the appli
ation, in parti
ular on the type of queriesgenerated by the users. G2 is independent of the appli
ation but, though well-balan
ed, it tendsto generate more message traÆ
 due to the inter-pro
essors binary sear
hes (spe
ially for large C).The di�eren
es among G2, G1, G0 are not signi�
ant for the 
ase of queries sele
ted uniformly atrandom. G2 tends to have a slightly better load balan
e.As speed-ups were superlinear due to disk a
tivity, we performed experiments with a redu
edtext database. We used a sample of 1MB per pro
essor whi
h redu
es very signi�
antly the 
ompu-tation 
osts and thereby it makes mu
h more relevant the 
ommuni
ation and syn
hronization 
ostsin the overall running time. We observed an average eÆ
ien
y (speed-up divided by the number ofpro
essors) of 0.65.In the table 3 we show running time ratios obtained with our 16 ma
hines 
luster. The �rstpart of the table shows results for the biased query terms (large imbalan
e) and the se
ond one10



P G2/G0 G2/G14 0.68 0.878 0.55 0.6616 0.61 0.674 0.78 0.778 0.78 0.7316 0.86 0.83Table 3: Running times ratiosshows results for terms sele
ted uniformly at random (\well-behaved" work-load). In all 
ases, thedi�eren
e between running times of the two work-loads, for the same strategy, were almost twi
e.The biased workload in
reased running times by a fa
tor of 1.7 approximately.The results of the table 3 show that the G2 strategy outperformed the other two strategies,though G1 has 
ompetitive performan
e. Noti
e, however, that G2 losses eÆ
ien
y as the numberof pro
essors in
reases. This is be
ause, as P grows up, the e�e
t of performing inter-pro
essorsbinary sear
hes be
omes more signi�
ant in this very low-
ost 
omputation s
enario.5 Final 
ommentsWe have 
ompared di�erent realizations of the SuÆx Array we have devised to perform querypro
essing in parallel. In general, the implementation of the algorithms for G0 and G1 weresimpler than the ones for G2. For texts and queries whi
h are not highly biased we suggest usingG1 with k = 4 as it is a simple strategy whi
h a
hieves a reasonable load balan
e.Yet another method whi
h solves both load imbalan
e and remote referen
es is to re-orderthe original global array so that every element of it 
ontains only pointers to lo
al text (or mostof them). This is shown in �gure 5. This be
omes similar to the lo
al index strategy whilst itstill keep global information whi
h avoids the P parallel binary sear
hes and broad
ast per query.Unfortunaly we now lose the 
apability of performing the inter-pro
essors logP -
ost binary sear
h.We are 
urrently investigating ways of performing this sear
h eÆ
iently but at redu
ed extra-spa
erequirements. For example, a referen
e to a single array element 
onsumes 4 bytes, that is thespa
e of 4 
hars. To redu
e the number of steps of the inter-pro
essors sear
h we would need tostore one or more remote referen
es for ea
h array element.
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Figure 5: Combining multiplexing with lo
al only referen
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