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ALua: Flexibility for Parallel Programming�C. Ururahya y, N. Rodriguezaz x, and R. Ierusalims
hya{aDepartamento de Inform�ati
a { PUC/Rio22453-900 | Rio de Janeiro, BrazilIn this paper we present ALua, an event-driven 
ommuni
ation me
hanism for develop-ing distributed parallel appli
ations, based on the interpreted language Lua. We proposea dual programming model for parallel appli
ations, where ALua a
ts as a gluing element,allowing pre
ompiled program parts to run on di�erent ma
hines. We show, through ex-amples, how three types of appli
ations 
an bene�t from the 
exibility that derives fromthis model. We then present a study of ALua's performan
e, by 
omparing exe
utiontimes of two parallel appli
ations written in ALua with their 
ounterparts written inPVM. keywords: interpreted languages, parallel programming, rapid prototyping.1. Introdu
tionThe use of prototyping as a te
hnique for program development is be
oming moreand more widespread. Interpreted languages are 
onsidered highly adequate for thistype of programming, due to the degree of 
exibility and intera
tivity they o�er [1,2℄.Interpreted languages have also been gaining popularity as glue languages; in this 
ontext,appli
ations are split in two parts, a kernel and a 
on�guration, usually written in twodi�erent languages. The kernel implements the basi
 
omponents of the system, andis usually written in a 
ompiled, stati
ally typed language, su
h as C or C++. The
on�guration part, usually written in an interpreted language, 
onne
ts these 
omponentsto give the �nal shape to the appli
ation [3,2℄. With this design, we 
an build 
exibleappli
ations, without 
ompromising their performan
e.The design of a programming language always involves a trade-o� between performan
eand 
exibility. Interpreted languages, su
h as Lua, Perl, or T
l, are usually highly 
exible;for instan
e, it is quite easy to modify an appli
ation without stopping it. Languages su
has C or Fortran, on the other hand, sti
k to performan
e. They have more stri
t typesystems, they need detailed information about memory use, and they are slower to 
ompileand link; on the other hand, they 
an be more than an order of magnitude faster than aninterpreted language. Using both kinds of languages in an appli
ation allows us to havethe best of both worlds, as we 
an 
hoose what must be fast and what must be 
exible.�Work supported by CNPqyAuthor is supported by CNPq-Brasil.zCorresponding author.xAuthor is supported by CNPq-Brasil/CAPES-Brazil.{Author is supported by CNPq-Brasil/CAPES-Brazil.



2 In parallel programming, the need to deal with issues su
h as heterogeneity and faulttoleran
e, spe
ially when dealing with distributed memory environments, has also led tothe development of multi-lingual programming models [4℄. Many resear
hers have alsoidenti�ed the need to separate 
on
erns and requirements of the 
omputation itself andof 
ooperation and 
ommuni
ation between 
omputational 
omponents. Coordinationmodels [4,5℄ support this separation of 
on
erns, often proposing distin
t languages forprogramming these two types of a
tivities. However, be
ause of the emphasis that is 
on-ventionally pla
ed on performan
e of parallel programs, interpreted languages have notre
eived mu
h attention as potential 
andidates for 
oordinating languages. Moreover,
ompiled languages 
an also provide stati
 type 
he
king on the bindings between 
om-ponents [6℄. This is adequate for the 
ontext of distributed-memory parallel ma
hines, inwhi
h information about the exe
uting environment is generally available before programexe
ution.However, parallel programmers are 
urrently fa
ing new issues related to harnessing the
omputing power available through large-area networks. For instan
e, grid initiatives andproje
ts [7,8℄ seek to 
reate a distributed 
omputing infrastru
ture for highly demandings
ienti�
 and engineering appli
ations. Grids present a highly heterogeneous and dynami

on�guration, in 
ontrast to 
onventional parallel ma
hines. Resour
e availability on agrid 
an su�er great variation over time and spa
e. As dis
ussed in [9℄, one importantte
hnique for dealing with those variations is to use adaptive strategies, allowing the pro-gram to rea
t dynami
ally to 
hanges in the environment. Besides, in general, programsthat 
an bene�t from running on a 
omputational grid are long-running appli
ations. Of-ten, it does not make sense to have to stop the appli
ation and begin pro
essing all overagain just be
ause the programmer laun
hed the appli
ation with inadequate parametersor inadequate monitoring pro
edures. It should be possible to gather data about theexe
ution and a
t upon the program while it is running [9℄.In light of these requirements, the use of an interpreted language for 
oordinatinga parallel appli
ation gains new importan
e. One of the important 
hara
teristi
s ofan interpreted language is allowing for intera
tivity: With an interpreted 
oordinationlanguage, the programmer may use a \
oordination 
onsole" to monitor and 
ontrol theappli
ation. On the other hand, given the unstable and dynami
 
on�guration of gridenvironments, the performan
e of the 
oordination language, although important, is notso 
riti
al as in 
onventional ma
hines.In this work, we present ALua, a system for programming parallel appli
ations indistributed-memory environments based on a dual programming-language model. ALuauses the extension language Lua [10℄ to 
oordinate the intera
tion between 
omponentswritten in C. Like other distributed environments, an appli
ation in ALua is 
omposed bya group of pro
esses running in multiple hosts and 
ommuni
ating through a network. Lua
ode handles all 
ommuni
ation among pro
esses (and therefore de�nes the ar
hite
tureof the appli
ation), while C fun
tions handle the CPU-intensive tasks in ea
h pro
ess.Another important 
hara
teristi
 of an interpreted language is the provision of a me
h-anism for exe
ution of 
hunks of 
ode 
reated dynami
ally. In ALua, messages are 
hunksof 
ode to be exe
uted by the re
eiver. This provides a very simple, and yet very pow-erful, 
ommuni
ation me
hanism. There is only one 
ommuni
ation primitive, send, thatsends a 
hunk of 
ode to another pro
ess. There is no equivalent to a re
eive primitive.



3Instead, ALua uses an event-driven programming model, where the arrival of a messageis handled as an event. This 
ommuni
ation me
hanism is quite 
exible: A programmer
an trivially use it for simple tasks, like invoking a remote fun
tion, but he 
an also useit for mu
h more 
omplex tasks, like remotely 
hanging the algorithm that a pro
ess isrunning. In the 
ontext of long-running parallel appli
ations, and with the availabilityof an intera
tive 
onsole, this is a powerful possibility, and allows the programmer torede�ne dynami
ally the behavior of the appli
ation.We �rst des
ribed ALua, in a simpli�ed version, in [11℄, whi
h presented implemen-tations for several 
lassi
al distributed algorithms (su
h as probe-e
ho, heart beat and�ltering) in order to evaluate the event-driven 
ommuni
ation paradigm. In [12℄ we 
on-
entrated on a spe
i�
 
lass of distributed algorithms, for termination dete
tion. Thenext step was to evaluate the performan
e and ease use of ALua in more real-sized appli-
ations [13℄.In this paper, we dis
uss the use of ALua in distributed parallel appli
ations. We showthe 
exibility that 
an be gained with ALua by dynami
ally inje
ting new 
ode into anappli
ation. The examples show how this me
hanism 
an be useful both for 
hanging partsof the appli
ation, for prototyping purposes, and for introdu
ing monitoring fa
ilities inlong-running appli
ations. We also perform some experiments to evaluate the performan
epenalty we in
ur by using an interpreted language. Sin
e we are using an interpretedlanguage, a signi�
ant loss of performan
e was foreseen. However, by keeping the mainpro
essing kernel in a 
ompiled language, we obtained unexpe
tedly good results.In the next se
tion we des
ribe the 
urrent implementation of ALua. Se
tion 3 showssome small example programs, and how to implement simple 
ommuni
ation patternswith ALua. Se
tion 4 dis
usses more 
omplex examples, and shows the 
exibility a
hievedwith ALua. Then, in Se
tion 5, we present two appli
ations previously written in C andPVM and 
ompare exe
ution times of the ALua versions and their 
ompiled 
ounterparts.Finally, in the last two se
tions we dis
uss related work and draw some 
on
lusions.2. The ALua SystemIn ALua, a program is 
omposed of pro
esses 
alled agents, running on one or morephysi
al ma
hines. These pro
esses 
ommuni
ate using an asyn
hronous send operation.Ea
h agent 
ontains a Lua interpreter and an event loop, whi
h manages network anduser-interfa
e events. Figure 1 shows the stru
ture of an agent. Ea
h event 
ontains apie
e of Lua 
ode. The event loop 
ontinually re
eives events, and sends its 
ontents (theLua 
ode) to the Lua interpreter for immediate exe
ution.The user interfa
e is a 
onsole, where the user 
an enter arbitrary Lua 
ommands.Ea
h line the user types generates an event. Through simple 
ommands the user 
aninspe
t variables (print(var)), 
hange variable values (var = exp), send messages toother agents (send(re
eiver, msg)), or run a program (dofile("progname")).Network events 
orrespond to messages re
eived from other pro
esses. The send oper-ation sends a pie
e of Lua 
ode to be exe
uted in another pro
ess. ALua has no expli
itoperation for re
eiving a message. The re
eiver's event loop will automati
ally exe
utethe re
eived 
ode. The result is an event-driven programming model, 
ompatible with the
hara
ter of interpreted languages: not very se
ure, but highly 
exible. As we will see, it
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dispatcherLua interpreter

script

network

user interface

Lua code

startup

agent

eventsFigure 1. The Stru
ture of an Agent.is very easy to implement several typi
al distributed tasks with this me
hanism, su
h asto 
all remote pro
edures or to inspe
t and modify remote variables.An important 
hara
teristi
 of ALua is that it treats ea
h message as an atomi
 
hunkof 
ode. Be
ause it adopts the event-driven paradigm, it handles ea
h event to 
omple-tion before starting the next one. This means that there is no internal 
on
urren
y inan ALua agent. The resulting programming model is similar to the asyn
hronous modeldes
ribed in [14℄, with events triggering atomi
 a
tions. In our experien
e this is not ahindran
e. As we dis
uss in the next se
tion, the use of the event-driven paradigm, as ofany other programming paradigm, leads programmers to 
reate spe
i�
 program stru
-tures. Messages must typi
ally be small, non-blo
king 
hunks of 
ode. If an appli
ationrequires larger a
tions, an agent 
an always resort to sending a message to itself, as ameans of breaking up its 
ode in non-atomi
 parts, therefore allowing other messages tobe re
eived in between. On the other hand, as pointed out in [15℄, the la
k of 
on
urren
ygreatly simpli�es many aspe
ts of distributed programming, sin
e there is no need forsyn
hronization inside one agent.When the ALua program 
reates an agent on a new ma
hine, the system spawns anALua daemon on that ma
hine. Although 
on
eptually ALua agents ex
hange messagesdire
tly between them, the ALua daemons in fa
t a
t as intermediates in this ex
hange(Figure 2), as in PVM [16℄. When agent A, in host X, sends a message to agent B, in hostY, this message goes �rst to the ALua daemon running in X, then to the ALua daemon inhost Y, and �nally to agent B. Daemons 
ommuni
ate through a positive a
knowledgmentproto
ol implemented over UDP. Agents and daemons ex
hange messages using the Unix-Domain proto
ol.Although ALua provides only one primitive 
ommuni
ation fun
tion (send), the systemprovides other fun
tions, both to support the 
reation and termination of pro
esses, andto fa
ilitate 
ommuni
ation. Following is a list of the main fun
tions used in this paper:alua.spawn Spawns multiple agents. When all spawned agents are ready to re
eive
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Figure 2. ALua Communi
ation Model.messages, ALua signals the 
allee by 
alling its alua.spawn 
ompleted fun
tion.alua.send Sends Lua 
ode to an agent.alua.m
ast Sends Lua 
ode to multiple agents.alua.tostring Converts a Lua value into a string that represents this value in Lua, sothat the value 
an be inserted in a message to another pro
ess.alua.exit Terminates an agent's exe
ution.alua.exit all Terminates exe
ution of all spawned agents.3. Programming ExamplesIn this se
tion we present a set of examples to illustrate the basi
 fun
tionality of ALua.Our �rst example shows how to set the value of a variable in another agent:n = 50-- send variable `n' to agent Bmsg = format("n=%d", n)



6alua.send("B", msg)The format fun
tion is similar to sprintf in C, but instead of using a given bu�erit 
reates and returns a new string (Lua has dynami
 memory allo
ation and garbage
olle
tion). The result of this 
all to format is the string "n=50"; the last line of ourexample sends this string to agent B, that will eventually run this pie
e of 
ode, settingits own variable n to 50.It is not diÆ
ult to send more 
omplex data with our me
hanism. All we need is a wayto serialize the data. ALua o�ers the tostring fun
tion to do that.x = {1, 4, 9, 16} -- table-- set the value of `x' in variable `y' of agent Bmsg = format("y=%s", alua.tostring(x))alua.send("B", msg)In this example, �rst we 
reate a table6 with elements 1, 4, 9, and 16. The �nal valueof msg in this example is "y={1, 4, 9, 16}"; when B runs this 
ode 
hunk, it 
reates atable with the given elements and assigns it to y.In the next example, an agent sends the de�nition of a fun
tion addtb to agent B; thisfun
tion returns the sum of the elements of a table.-- "[[" and "℄℄" are string delimitersmsg = [[ fun
tion addtb(t)lo
al tot=0for i=1, getn(t) dotot = tot + t[i℄endreturn totend℄℄-- Sends the definition of fun
tion f to agent B.alua.send("B", msg)For the lo
al agent, the whole fun
tion text is only a string. (Although we 
an also use"..." and '...' for denoting literal strings in Lua, the format [[...℄℄ allows stringsthat span several lines.)In Lua, fun
tions are �rst-
lass values, and fun
tion names are regular global variablesthat happen to 
ontain a fun
tion. A
tually, we 
ould write the previous message asmsg = [[ addtb = fun
tion (t)...end℄℄6Tables in Lua are dynami
 asso
iative arrays; they are the basi
 data-stru
turing me
hanism of thelanguage. In this example, the table a
ts as a regular array with numeri
 indi
es.



7Therefore, in our example, B may or may not have a previously de�ned fun
tion addtb inits environment. If the variable addtb is already de�ned in B when the message arrives,the message will rede�ne it.A very 
ommon programming te
hnique in ALua is to in
lude, in the message sent toan agent, 
ode that makes the agent send ba
k a result. This 
reates the possibility ofRPC-like 
alls, ex
ept that the 
aller is not blo
ked while the answer is pending. In thenext example, we use this te
hnique to determine the sum of the elements of a table y inagent B. First, agent A runs the next 
hunk:msg = [[ alua.send("A", "print(" .. addtb(y) .. ")") ℄℄alua.send("B", msg)Agent B then re
eives the messagealua.send("A", "print(" .. addtb(y) .. ")")(The .. is the string 
on
atenation operator in Lua.) Then, it evaluates the argumentsto the send fun
tion. Assuming that table y in agent B is {10, 20, 40}, the result of"print(" .. addtb(y) .. ")"will be the string "print(70)". This string is the message sent ba
k to agent A, whi
hwill then run it and print the number 70.The next example illustrates another useful programming te
hnique in ALua, borrowedfrom other event-oriented ar
hite
tures, whi
h 
onsists of stru
turing an agent as a statema
hine. Let us suppose we want agent A to send a message to agents B and C, and toterminate its own exe
ution when it is sure that both B and C have re
eived the message.In a 
onventional message-passing system, we 
ould do roughly this:-- Agent Amsg_re
eived = 0msg=[[ alua.send("A", "msg_re
eived=msg_re
eived + 1") ℄℄alua.m
ast({"B", "C"}, msg)-- empty loop to wait replieswhile msg_re
eived ~= 2 do endprint("The End.")alua.exit()However, in ALua this 
ode would halt the appli
ation. Be
ause ALua has no internal
on
urren
y, the 
ode would blo
k in the loop, and the agent would never handle thein
oming events. In an event-driven paradigm, su
h as in ALua, we 
ould re
ast thisexample as below:-- Agent Afun
tion First_Answer ()



8 Answer = Se
ond_Answerendfun
tion Se
ond_Answer ()print("The End.")alua.exit()endAnswer = First_Answermsg=[[ alua.send("A","Answer()") ℄℄alua.m
ast({"B", "C"}, msg)In this example, the variable Answer represents the state of agent A; it starts waiting forthe �rst answer. After agent A sends the message to agents B and C, it waits until anevent arrives. Agents B and C will both re
eive the messagealua.send("A","Answer()")When the �rst message arrives at A, from either B or C, it triggers fun
tion First_Answer,so that A goes to a new state, waiting for the se
ond answer. When the se
ond messagearrives, it triggers Se
ond_Answer, whi
h terminates A.4. FlexibilityThis se
tion dis
usses the 
exibility that we 
an gain from using an interpreted andevent-driven 
ommuni
ation model. In 
ontrast with the previous examples, whi
h in-tended to illustrate how to program 
ommon 
ommuni
ation tasks in ALua, the designsdes
ribed in this se
tion are typi
ally hard to repli
ate in 
onventional programming sys-tems.4.1. Self Repli
ating MessageThe �rst example deals with broad
asting an a
tion in a logi
al pipeline 
on�guration,in whi
h ea
h node does not have knowledge about the entire 
on�guration.We assume that a variable nexthost, at ea
h agent, 
ontains the name of the nextagent in the pipeline. The a
tion we want to broad
ast isalua.send("A", "print("..n..")")whi
h will 
ause ea
h agent to send the value of its own variable n ba
k to A askingA to print it. When the system starts, ea
h agent knows nothing about the need fortransmitting a message to the next agent, so the message itself must be responsible forits retransmission.Figure 3 shows a partial solution, where the message is retransmitted only on
e (fromB to C). Note that this message will never rea
h agent D.Extending this same solution to deal with a larger number of retransmissions wouldrequire an arbitrarily large 
hunk of 
ode to be transmitted, and would only work if
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msg = [[alua.send('A', 'print(' .. n .. ')' )]]

dostring( msg)

alua.send( nexthost, msg)


A
 B
 C


n
 5


D


n


print(5)


print(3)


alua.send('A', 'print(' ..n..')' )


n
 3
 n
 5
 n
 7


nexthost
 D
nexthost
 C
 nexthost
 nil

B
nexthost


Figure 3. Semi-self-repli
ating Messagethe original sender knew the exa
t number of agents in the pipeline. Instead, we use aself-repli
ating message, as shown in Figure 4.74.2. Tuple Multipli
ation[18℄ dis
usses �ve parallel programming paradigms, ea
h of them appli
able to a setof algorithms with some 
ommon stru
ture. As an experiment with ALua, we imple-mented a sequential and a parallel version for some of these paradigms. Ea
h of theseimplementations 
onsists of two parts: an appli
ation-independent skeleton, and someappli
ation-dependent fun
tions. For ea
h paradigm, we have two skeletons, one for asequential implementation and other for a parallel implementation.This programming example illustrates how ALua 
an be useful for testing and proto-typing. For ea
h appli
ation, the same appli
ation-dependent fun
tions are used both inthe sequential and in the parallel version of the algorithm. Therefore, the programmer
an mat
h di�erent skeletons to di�erent appli
ations dynami
ally: She 
an, for instan
e,load the sequential version to test and debug the appli
ation spe
i�
 
ode, and then loadthe parallel skeleton and exe
ute it on the same appli
ation. Here we will dis
uss one ofthese paradigms, 
alled Tuple Multipli
ation in [18℄, and show how to use it to implementtwo algorithms: matrix multipli
ation and all-pairs shortest path.Tuple multipli
ation 
omputes an n � n matrix 
 as the \produ
t" of two matri
es aand b. The matrix elements are obtained by applying a fun
tion f to every ordered pair
onsisting of an n-tuple of a (a row) and an n-tuple of b (a 
olumn), that is 
ij = f(ai;:; b:;j).This stru
ture 
aptures well the 
ommonality between matrix multipli
ation and amatrix-based algorithm for 
omputing shortest paths between all pairs of nodes in adire
ted graph [19℄. In the 
ase of matrix multipli
ation, the tuple elements are rows and
olumns, respe
tively, and fun
tion f is the dot produ
t. The 
ase of all-pairs shortest7We leave the understanding of this example as an exer
ise to the reader. The referen
e [17℄ has aninteresting dis
ussion about self-repli
ating programs.
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msg = [[ alua.send('A', 'print(' .. n .. ')' )

              if nexthost ~= nil then

                 alua.send( nexthost, "msg=[["..msg.."]]  dostring(msg)" )

              end

           ]]

dostring( msg)


A
 B
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n
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D


n


print(3)


n
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 n
 7


nexthost
 D
nexthost
 nexthost
 nil


print(5)
 print(7)


same received message
 same received message


C

nexthost
 B


Figure 4. Self-repli
ating Messagepath requires that we �rst review the algorithm.As des
ribed in [19℄, the following matrix-based algorithm may be used to determineshortest paths. The algorithm 
onstru
ts a sequen
e of distan
e matri
es Dr, whereea
h entry dri;j represents the minimum path weight from i to j that passes in at most rintermediate nodes. The initial matrix D0 (
ontaining paths with no intermediate nodes)is 
onstru
ted dire
tly from the adja
en
y matrix:d0i;j = 8><>: 0 if i = jweight of edge (i,j) if it exists1 otherwiseThus, at ea
h step r+1, we substitute the 
urrent path weight between i and j, whi
hpasses through at most r nodes, for the shortest weight of a path between i and j whi
htraverses at most r + 1 nodes:dr+1i;j = min1�k�n(dri;k + d1k;j)This algorithm takes n � 1 iterations to 
onstru
t the all-pairs shortest path matrix,
ontaining the minimum weights of paths traversing at most n � 1 nodes. Sin
e the
omputation of ea
h di;j in iteration r requires n 
omparisons, this algorithm 
omputesshortest paths in O(n4) time.However, as our goal is to 
ompute only the �nal Dn�1, we do not need to 
ompute allintermediate Dr for 1 � r � n� 1. Instead, we 
an 
ompute Dn�1 with log(n � 1) stepsby 
ombining Dr with itself at ea
h iteration:d2ri;j = min1�k�n(dri;k + drk;j)



11fun
tion multiply(a, b, n)lo
al 
 = {}for i = 1, n do
[i℄ = {} -- 
reate an arrayfor j = 1, n do
[i℄[j℄ = f(a[i℄, b[j℄)endendreturn 
endFigure 5. Tuple Multipli
ation paradigm: Sequential skeleton.
With this improvement, the running time for the algorithm is O(n3 logn).We now return to the tuple-multipli
ation paradigm. The paradigm des
ribes the
omputation of a matrix as a produ
t of two other matri
es through the appli
ation of afun
tion f on pairs of n-tuples.Figure 5 presents the sequential skeleton for tuple multipli
ation. Fun
tion multiplyre
eives two matri
es and their dimensions, 
omputes the resulting matrix and displaysthe result. For simpli
ity, we assume that both matri
es are square.Figure 6 shows the spe
i�
 
ode for the matrix multipli
ation problem. It de�nes asingle fun
tion, f, whi
h is invoked by multiply. This fun
tion re
eives one row fromthe �rst matrix and one 
olumn from the se
ond one, and returns one resulting matrixelement.Figure 7 shows the spe
i�
 
ode for the all-pairs shortest paths problem. Fun
tionallpaths 
reates the initial distan
e matrix n � n of a graph with n nodes and 
allsfun
tion multiply logn times to 
ompute the resulting matrix. Again, fun
tion f isinvoked by multiply.Figure 8 shows a skeleton for a parallel paradigm. The master agent exe
utes theparallel version of the multiply fun
tion, distributing the 
omputation of rows among allavailable agents. Ea
h agent 
omputes at least qmin rows and at most qmax rows of theresulting matrix. Ea
h agent re
eives only the ne
essary rows of the �rst matrix, but allof them re
eive the 
omplete se
ond matrix.Ea
h of the agents repeatedly exe
utes fun
tion node (whi
h they got from the master)to 
ompute rows of the �nal matrix. The agent sends ea
h row to the master as soon as it�nishes the 
omputation. Be
ause 
ommuni
ation in ALua is asyn
hronous, the masteruses the 
allba
k fun
tion finish to signal to the appli
ation that it has obtained a �nalresult.In matrix multipli
ation, fun
tion finish simply exhibits the resulting matrix. How-ever, when 
omputing all-pairs shortest paths, it is ne
essary to make su

essive multi-pli
ations before the �nal result is obtained. Therefore, fun
tion finish 
alls fun
tion
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fun
tion matrix(a, b, n)
 = multiply(a,transpose(b),n)end fun
tion f(ai, bj)lo
al n = getn(ai) -- get sizelo
al 
ij = 0for k = 1, n do
ij = 
ij + ai[k℄*bj[k℄endreturn 
ijendfun
tion finish (a)show(a)endFigure 6. Matrix multipli
ation - appli
ation spe
i�
 
ode.
fun
tion allpaths(a, n)d = am = 1while (m < n) dod = multiply(d,transpose(d),n)m = 2 * mendend

fun
tion f(ai, bj)lo
al n = getn(ai)lo
al 
ij = infinityfor k=1,n do
ij = min(
ij,sum(ai[k℄, bj[k℄))endreturn 
ijendfun
tion finish (a)if m < n then -- only for the parallel versiond = multiply(a, transpose(a), n)m = 2 * melseshow_graph(a)endendFigure 7. All-pairs shortest paths - appli
ation spe
i�
 
ode.
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fun
tion multiply(a, b, dim)lo
al bstr = alua.tostring(b)n = dimfor k=1,nmax do -- nmax is the number of nodes-- frow is the first row to be 
al
ulated in node k-- lrow is the last row to be 
al
ulated in node k-- Both depend on qmin and qmax (see the text)msg = format([[
olumn=%s row={}℄℄, bstr)for i=frow,lrow domsg = msg .. format(" row[%d℄=%s",i, alua.tostring(a[i℄))endmsg = msg .. format(" n=%d node(%d, %d)", n, frow, lrow)alua.send(Pro
s[k℄, msg)endmaster_i = 0master_
 = {}endfun
tion master_re
eive(row, i)master_
[i℄ = rowmaster_i = master_i + 1if master_i == n then -- result is readyfinish(master_
)endend-- This string is sent to slave agents when they are started.node_
ode=[[fun
tion node(r, s) -- 1 <= r <= s <= nfor i=r,s do
 = {}for j=1,n do
[j℄ = f(row[i℄, 
olumn[j℄)endmsg = format("master_re
eive(%s,%d)", alua.tostring(
), i)alua.send("master", msg)endend℄℄Figure 8. Tuple Multipli
ation paradigm: Parallel skeleton.



14multiply again after ea
h non-�nal iteration, and 
alls fun
tion show graph to exhibitthe shortest paths matrix when the �nal result is obtained.As we said before, the beauty of this approa
h is that you only have to 
hange theskeleton to 
hange the paradigm.4.3. An Asyn
hronous Agents TeamAnother interesting example of ALua's 
exibility is the implementation of an asyn-
hronous agents team (A-Team) [20℄ for the Set Covering Problem [21℄. The 
ompleteprogram is rather 
omplex, so in this se
tion we will present only a rough sket
h of it.An A-Team is 
omposed by agents (autonomous entities working in a 
ooperative way)and shared memories, 
reating super-agents with a 
y
li
 data 
ow and no 
ontrol 
ow.The main features of the A-Team ar
hite
ture are:� autonomous agentsAn autonomous agent makes its own 
hoi
e when sele
ting its input data and re-sour
e allo
ation poli
y. Be
ause autonomous agents are 
ompletely independentof ea
h other, new agents 
an be added to or removed from the system withoutnotifying other agents or a manager.� asyn
hronous 
ommuni
ationAgents 
an read and write data to shared memories without any kind of syn
hro-nization among them. There are no logi
al 
onstraints on shared memory a

esses,ex
ept for data integrity. Allied to their autonomy, this feature allows agents towork full-time in parallel.� 
y
li
 data 
owAgents 
an retrieve, modify and store data in shared memories 
ontinuously. Su
h
y
li
 data 
ow allows 
ontinuous iteration and feedba
k among the agents.Experien
e with this paradigm indi
ates that the 
ooperation among agents tends togenerate synergy, i.e., the result produ
ed by them, when seen together, 
an be betterthan the sum of the results obtained independently (there is a greater 
han
e of �ndinga solution 
lose to optimal) [20,21℄. These experien
es also suggest that an A-Team is as
ale-eÆ
ient organization, i.e., its performan
e gets better when new 
omponents (su
has agents or memories) are introdu
ed in the system.We started from a previous implementation of A-Teams written in C, whi
h uses the
ommuni
ation pa
kage DPSK+P [22℄, based on a shared obje
ts ar
hite
ture. The sys-tem (des
ribed in [21℄) is 
omposed by two servers that a
t as solution repositories,representing the shared memory of the A-Team; two initialization agents that initializethe repositories; and nine worker agents that implement di�erent re�ning algorithms forthe solutions stored in the repositories.Given a spe
i�
 instan
e of the set-
overing problem, the typi
al pattern of behaviorof an A-Team agent is to request a solution from the solutions repository, re�ne thissolution, send the new solution ba
k to the repository, and start over. One repositorystores dual solutions, the other stores primal solutions. Both repositories simply answeragents' requests. Depending on the input data, this appli
ation 
an keep running for somedays before rea
hing an interesting result.



15Over this implementation, we repla
ed the 
ommuni
ation pa
kage DPSK+P by ALua.The original system was 
omposed by 15 programs, with 34 modules, where only 18 weredire
tly related to 
ommuni
ation a
tivities. We rewrote these 18 modules to use ALua,and kept un
hanged the other modules. Our new implementation keeps a Lua 
onsoleavailable, so we 
an enter new 
ommands to the system at any time.The use of ALua allows us to dynami
ally re
on�gure the system, 
onsult the repository,or even rede�ne fun
tions. For instan
e, the following 
ode shows how we 
an rede�nethe behavior of fun
tion alua.send on the 
y to instrument the appli
ation, 
reating alog �le of the 
ommuni
ation messages.old_send = alua.sendfun
tion new_send(to, msg)-- write log filewrite(alua.mytid .. " sending mesg to " .. to)msg = format("write(alua.mytid..' re
eived mesg from %s');",alua.mytid) .. msgold_send(to, msg)endalua.send = new_sendAfter this rede�nition, fun
tion alua.send will exe
ute the 
odewrite(alua.mytid .. " sending mesg to " .. to)every time it sends something, and it will instru
t the re
eiver to exe
utewrite(alua.mytid .. ' re
eived mesg from <SENDER'S TID>')upon re
eiving the message.If we run the above 
ode in only one agent, only its messages will be logged. To keeptra
k of all messages in the system, we 
an broad
ast the above 
ode to all agents. Torestore the original fun
tion, we simply send the message alua.send = old_send to ea
hagent.This example illustrates how the interpreted nature of ALua 
an be useful for intera
-tively 
ontrolling appli
ations with large exe
ution times. The A-team appli
ation 
antake hours to 
omplete: it is extremely interesting for the programmer to be able to
hange its behavior without having to wait for a new exe
ution. The ALua programmer
an use an intera
tive 
onsole to inje
t monitoring 
ode, as dis
ussed above, or to rede�nethe behavior of one or more of the agents, allowing parts of the program to be rede�neda

ording to partial, observed results.5. Performan
e StudyThis se
tion des
ribes experiments we 
ondu
ted to �nd out the 
ost we pay for usingan interpreted language. We re-implemented in ALua two parallel appli
ations previously



16written in C and PVM: an N-body simulator and a tool for distributed volumetri
 vi-sualization. Keeping in line with the idea of Lua as an extension language, we split theappli
ations in two parts. We wrote the 
ommuni
ation fun
tions in ALua, and kept thepro
essing kernel in C.The original appli
ations were based on a 
onventional send/re
eive model. To imple-ment them in Lua, we had to modify them so as to use ALua's event-driven model. Mostof the modi�
ations were very simple, limited to 
hanging iterative 
ontrol to the statema
hine model dis
ussed in Se
tion 3.These two appli
ations were 
hosen be
ause they implemented quite di�erent 
om-muni
ation patterns, thus allowing us to 
ompare ALua's performan
e under di�erent
onditions. The N-Body simulator uses a peer to peer stru
ture, while the volumetri
visualization is 
loser to a master-workers appli
ation.5.1. The N-Body Simulation ProblemThe N-Body simulation problem studies the evolution of an N-body system under thein
uen
e of Newtonian gravitational attra
tion. The bodies 
onsist of a mass, positionand initial speed, and are distributed over a �nite physi
al domain.Our implementation of the N-Body Simulation Problem was based on an existing im-plementation of the Barnes-Hut algorithm [23℄ written in C and PVM [24℄.In the parallel implementation, the physi
al domain is divided into N regions, and ea
hpro
essor is responsible for the parti
les in one of the regions. The simulation goes onfor a number of iterations; in ea
h iteration ea
h agent 
omputes the for
es among itsparti
les, 
olle
ts information about all parti
les in the system and redistributes them (asa result of the gravitational for
es, parti
les may migrate from one region to another).At the end of ea
h iteration ea
h agent 
olle
ts information about all others, so asto determine parti
le redistribution. This results in a large amount of 
ommuni
ationbetween agents. The N-Body Simulation Problem also deals with a large data stru
ture,whi
h is ex
hanged among all agents many times during its exe
ution.The appli
ation is 
omposed of a master agent that starts the worker agents, readsthe initial parti
le distribution, sends it to the �rst worker and starts its exe
ution. Inorder to improve performan
e, some fun
tions, su
h as the ones that ex
hange parti
lesinformation and perform parti
les redistribution, are written in C, although the mainskeleton is written in Lua.Lua fun
tions add 
exibility to the appli
ation be
ause they 
an be rede�ned at runtime.For instan
e, we 
an 
hange fun
tion begin worker to display a message for ea
h iteration,by using the master's 
onsole to send to ea
h worker a new begin worker de�nition:> msg = [[ old = begin_workerfun
tion begin_worker()print(iteration)old()end℄℄> alua.m
ast(worker_tids, msg)



175.2. Distributed Volumetri
 VisualizationThe other appli
ation we studied in this experiment was the so 
alled DistributedVolumetri
 Visualization, based on [25℄. The problem 
onsists of visualizing a set oftri-dimensional data, using the ray 
asting optimization te
hnique [26,27℄.Figure 9 shows the stru
ture of the appli
ation. A master agent divides the image to be
omputed into a number of regions, or sub-images, ea
h region 
orresponding to a task.These tasks are distributed (dynami
ally or stati
ally) among N worker agents. Afterall tasks have 
ompleted, a visualizer agent exhibits the 
omplete image, pla
ing ea
hsub-image in the 
orre
t position.

Visualizer

Agent


Master

Agent


A4
A3
A2
A1

Worker

Agents


Figure 9. Distributed Volumetri
 Visualization - stru
ture.In this appli
ation the 
ommuni
ation among the agents is restri
ted to ex
hanges be-tween the master and ea
h worker, and between ea
h worker and the visualizer. On theother hand, if workers �nish 
omputation at approximately the same time, a 
ommuni-
ation bottlene
k may o

ur.5.3. Experimental ResultsTo evaluate the eÆ
ien
y of these appli
ations, we 
ompared the exe
ution times ofboth implementations (PVM and ALua) under the same exe
ution 
onditions. We testedboth appli
ations on a 
luster of 32 Linux workstations 
onne
ted by an isolated ethernetnetwork.For the N-Body Simulation Problem, we 
arried out 48 experiments, ea
h of them with5 repli
ations. We took three fa
tors into 
onsideration in the design of the experiments:the number of parti
les (512, 1024, 2048 and 4096), the number of pro
essors (2, 4, 8 and16), and the number of iterations (1, 10 and 20).



18Table 1 shows the exe
ution times for ea
h experiment. We divided the exe
utiontimes for experiments with 10 and 20 iterations by 10 and 20 respe
tively, to keep them
omparable to the experiments with 1 iteration. The table also shows the standarddeviation between repli
ations of ea
h experiment and the ratio between exe
ution timeswith ALua and PVM.In the worst 
ase (1024 parti
les, 16 pro
essors and 20 iterations) ALua was 4 timesslower than PVM while in the best 
ase (2048 parti
les, 2 pro
essors and 20 iterations)ALua was 2 times faster then PVM. An interesting point in table 1 is the di�eren
e inthe deviations observed for ALUA and PVM.For the Distributed Volumetri
 Visualization appli
ation, we 
ondu
ted 18 experiments,ea
h of them repli
ated 5 times. In this 
ase, the fa
tors we took into 
onsideration werethe partition method (blo
ks, pixels and s
anlines), the number of pro
essors (4, 8 and 16)and the distribution of tasks, whi
h 
an be either stati
 or dynami
. In the stati
 
ase, thetotal number of sub-images is divided by the number of workers and ea
h worker re
eivesits 
omplete workload in the beginning of the algorithm. In the dynami
 
ase, distributionis demand-driven, i.e., ea
h worker initially re
eives one sub-image and requests a newtask ea
h time it 
ompletes the previous one.Table 2 presents the exe
ution times for the pixel and s
anline partition methods, withdynami
 and stati
 distribution, using 4, 8 and 16 agents. Standard deviation and ratiosare again shown. In the worst 
ase (dynami
 pixel with 8 pro
essors) ALua was 11 timesslower than PVM while in the best 
ase (stati
 s
anline with 4 pro
essors) ALua was 1.2times faster than PVM.We 
an observe that the parallelism in both appli
ations did not result in any speedupeither in PVM or in ALua. The poor results for parallelism have no impa
t on ourevaluation of ALua as a 
ommuni
ation pa
kage. They probably indi
ate an inadequategranularity (
omputation/
ommuni
ation ratio) for these appli
ations in the spe
i�
 ex-e
ution platform, whi
h means we are 
omparing ALua and PVM under relatively heavy
ommuni
ation requirements; this makes the evaluation only the more interesting.Figure 10 presents graphs with the ALua/PVM exe
ution time ratios. In the N-Bodysimulation, ALua is in average around two times slower than PVM. As the number ofpro
essors grow, behavior of ALua seems to get worse. In the 16-pro
essor 
ases, ea
hpro
essor is re
eiving information from 15 other pro
essors at the end of ea
h iteration,possibly leading to delays in a
knowledgments and unne
essary retransmissions. Also, therelative weight of the 
ommuni
ation me
hanism in
reases as granularity of 
omputationde
reases.ALua results for the visualization appli
ation were worse, spe
ially for the pixel-basedpartition method: in this 
ase, ALua was in average 9 times slower than PVM. This ap-pli
ation does not seem, in fa
t, to have the 
hara
teristi
s that would re
ommend ALua'suse. A large number of small messages is sent to a single pro
ess, as workers 
ompletetheir allotted tasks and send results to the visualizer agent. In the s
anline partitionmethod, ALua did mu
h better: it was in average less than 3 times slower than PVM.The s
anline partition seems to re
e
t a more adequate 
ommuni
ation/
omputation ra-tio: a 
omparison of exe
ution times for the PVM appli
ation using both methods showsus the weight of 
ommuni
ation in the pixel-based partition method.
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# part ALua PVM ALua/PVMtime (s) deviation time (s) deviation512 2 1 0.44 0.00 0.42 0.07 1.0510 0.13 0.00 0.14 0.02 0.9720 0.12 0.00 0.15 0.03 0.804 1 0.79 0.00 0.50 0.09 1.5810 0.24 0.01 0.17 0.03 1.4220 0.21 0.00 0.19 0.02 1.118 1 1.45 0.01 0.57 0.13 2.5410 0.45 0.00 0.28 0.04 1.6220 0.40 0.00 0.25 0.03 1.6016 1 3.26 0.07 0.79 0.07 4.1310 1.54 0.05 0.40 0.03 3.8920 1.40 0.05 0.37 0.02 3.831024 2 1 0.61 0.00 0.56 0.08 1.0910 0.28 0.01 0.33 0.03 0.8620 0.28 0.01 0.27 0.03 1.044 1 0.97 0.01 0.81 0.06 1.2010 0.45 0.01 0.38 0.06 1.1820 0.44 0.01 0.36 0.04 1.248 1 1.60 0.01 0.97 0.18 1.6510 0.71 0.01 0.49 0.05 1.4520 0.67 0.01 0.50 0.05 1.3516 1 3.38 0.02 1.28 0.14 2.6410 1.84 0.03 0.65 0.04 2.8220 3.97 0.03 0.93 0.06 4.28 *2048 2 1 0.96 0.02 0.78 0.13 1.2310 0.39 0.00 0.56 0.10 0.6920 0.36 0.00 0.72 0.09 0.51 *4 1 1.41 0.02 1.11 0.14 1.2710 0.54 0.01 0.65 0.21 0.8320 0.51 0.01 0.64 0.06 0.818 1 2.10 0.03 1.60 0.17 1.3110 0.82 0.03 0.68 0.03 1.2220 0.79 0.02 0.65 0.05 1.2016 1 3.55 0.10 2.14 0.17 1.6610 2.22 0.22 0.79 0.03 2.8020 1.97 0.08 0.85 0.14 2.324096 2 1 1.98 0.01 1.44 0.07 1.3810 1.31 0.01 1.29 0.02 1.0220 1.31 0.01 1.12 0.04 1.184 1 2.57 0.02 1.83 0.11 1.4010 1.66 0.01 1.57 0.22 1.0620 1.73 0.02 1.56 0.28 1.118 1 3.23 0.06 2.60 0.30 1.2410 2.00 0.02 1.58 0.14 1.2620 1.98 0.02 1.68 0.18 1.1716 1 4.82 0.07 3.49 0.33 1.3810 3.46 0.04 1.89 0.07 1.8420 5.03 0.07 2.15 0.08 2.34Table 1The N-Body problem: exe
ution time in s.



20 ALua PVM ALua/PVMtime (s) deviation time (s) deviationPixel Dynami
 4 143.76 0.45 13.27 0.55 10.838 150.39 0.50 13.31 0.18 11.30 *16 148.27 0.31 13.88 0.19 10.68Stati
 4 81.95 0.00 9.94 1.77 8.248 41.08 0.02 4.34 0.03 9.4716 20.75 0.03 4.69 0.05 4.42S
anline Dynami
 4 1.08 0.05 0.19 0.00 5.688 1.17 0.04 0.26 0.03 4.5016 1.23 0.04 0.44 0.04 2.80Stati
 4 0.15 0.02 0.18 0.02 0.83 *8 0.17 0.03 0.20 0.03 0.8516 0.39 0.05 0.29 0.02 1.34Table 2The Distributed Volumetri
 Visualization problem: exe
ution time in s.As a whole, the experimental results lead us to believe that ALua is a viable tool fordevelopment and prototyping. The use of rapid prototyping as a te
hnique for programdevelopment is be
oming more and more widespread [28℄, and 
an be expe
ted to extendparallel programming as well. Also, the gain in 
exibility a
hieved with ALua 
an insome 
ases 
ompensate the performan
e losses. It is worth noting that just turning o�the optimization option in a C 
ompiler 
an result in a slowdown of four or �ve times in theexe
ution of the resulting program. Nevertheless, people frequently turn o� optimizationsto speed up 
ompile time. With ALua, 
ompile time is zero.We believe we 
an also make some adjustments to get better performan
e from ALua.We have 
ondu
ted some preliminary experiments in keeping parts of the 
ommuni
ationin C, in situations in whi
h large quantities of data have to be transferred and there isno need for the 
ode ex
hange fa
ility. Besides, our 
urrent implementation of reliable
ommuni
ation between daemons is rather straightforward (for instan
e, the proto
oluses a sliding window of size 1). Re�nements of this daemon-to daemon 
ommuni
ationproto
ol will probably lead to an improvement in performan
e.6. Related WorkOsterhout, in his seminal paper [29℄, was one of the �rst authors to advo
ate the use ofa \hard" language integrated with a s
ripting language (whi
h he named an embeddablelanguage). In that paper, he also introdu
ed the idea of using plain 
ode as a messageformat for 
ommuni
ation among pro
esses. However, as far as we know, he did not applythis idea to distributed or parallel algorithms (although he used it for 
ommuni
ationamong widgets in the Tk GUI toolkit).Several groups have used T
l for distributed programming. T
l-DP is a T
l extensionfor distributed programming [30℄. However, its goal is to make it easy to program so
ket-based 
lient-server appli
ations, and not to support higher-level 
ommuni
ation models.In another dire
tion, the Agent T
l proje
t [31℄ at Dartmouth College uses T
l as a basisfor an agent system. An agent migrating from one ma
hine to another 
ould in some waysbe 
ompared to ALua's 
apability of sending 
ode in messages; however, agents arriving ata new ma
hine exe
ute in a new environment, whereas in ALua, when a pro
ess re
eives amessage it exe
utes this message in its own environment, with a

ess to existing variables
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Figure 10. ALua/PVM ratio for the N-Body simulationand fun
tions. Again, sin
e agents 
an ex
hange messages, ALua's 
ommuni
ation model
ould be emulated; however, that is not the goal of the work. The TACOMA proje
t[32℄ fo
uses on operating system support for agents written in a variety of programminglanguages, in
luding T
l.Another drawba
k of systems using T
l is performan
e. \The Great Computer Lan-guage Shootout" [33℄, a 
omprehensive ben
hmark among dozens of languages, reportsLua performan
e being typi
ally two to �ve times faster than the 
orresponding T
l pro-grams.In as mu
h as we propose the use of ALua to 
reate a 
exible 
ommuni
ation infrastru
-ture to be 
ombined with 
ompiled program parts for greater eÆ
ien
y, we 
an view ALuaas a 
oordination language. Papadopoulos and Arbab's survey [4℄ 
lassi�es 
oordinationmodels into two broad 
ategories: data-driven and 
ontrol-driven. The main idea in this
lassi�
ation is that in data-driven 
oordination, the state of the 
omputation at any timeis de�ned both by the values of the data being ex
hanged and by the a
tual 
on�gurationof the 
oordinated 
omponents, while in 
ontrol-driven 
oordination the a
tual values ofthe data being manipulated are not involved in de�ning the state of the 
omputation.Supposedly, 
ontrol-driven models would allow the separation between programming and
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on�guration 
on
erns to be 
learer.A

ording to the above de�nition, ALua would be 
lassi�ed as a data-driven 
oordina-tion language, sin
e the information re
eived in messages 
an 
ontain 
ode and thereforemay rede�ne 
omponent parts and intera
tion patterns. However, in 
ontrast to typi
alexamples of the data-driven paradigm, su
h as Linda [5℄, the ALua model is not basedon adding 
oordination primitives to an existing language: it proposes the use of a full-
edged programming language as a glue between distributed, 
ompiled 
omponents. Thisallows the programmer to 
ompletely separate basi
 
omponent programming from 
on�g-uration, if he so desires. However, be
ause Lua is a 
omplete programming language andbe
ause it has a very 
exible interfa
e with C, di�erent levels of integration between thegluing 
ode and the \hard 
omputation" 
an be 
hosen by the programmer. We believethis 
hoi
e is an important fa
ility for the programmer. As dis
ussed in [34℄, separationof 
oordination and 
omputation 
ode 
an be very diÆ
ult to maintain when dynami

oordination fa
ilities are required. The same issue is illustrated by the me
hanisms fordynami
 instantiation in Darwin [6℄. Although Darwin's 
on�guration language, Regis,in
ludes an elegant dynami
 instantiation me
hanism for re
ursive stru
tures, the dynami
instantiation of arbitrary modules must be programmed dire
tly in the 
omputation 
ode.Maybe the ALua model 
an best be 
ompared to the MESSENGERS paradigm intro-du
ed by Bi
 [35℄. This paradigm is based on Messenger obje
ts, whi
h 
an navigateamong network nodes, performing navigation and 
omputation a
tions expressed usingC. Messengers are 
ompiled to intermediate 
ode that 
an be dynami
ally moved a
rossma
hines. The messenger library in
ludes fun
tions for invoking separately, pre
ompiledC fun
tions, allowing it to integrate independently developed 
ode.The MESSENGERS paradigm is des
ribed in the framework of a dis
ussion aboutmessage passing algorithms. [35℄ uses the expression `autonomous obje
ts' to denoteparadigms where messages have been elevated from being simple 
arriers of data to ahigher form, su
h that some behavioral information 
an be 
arried by ea
h message andinterpreted by the re
eiver. The paper further 
lassi�es su
h models along two axes:navigational autonomy and dynami
 
omposition. Navigational autonomy refers to thedegree to whi
h a message 
an in
lude de
isions about its own destiny (other than itsimmediate re
ipients). ALua allows the programmer to build systems where messages
ontain the whole behavior of a system, and the nodes are mere message interpreters.(The self-repli
ating 
ode in se
tion 4.1 follows this approa
h.) Dynami
 
ompositionrepresents the extent to whi
h autonomous obje
ts 
an a
tivate independent programsand 
arry new fun
tional behavior to di�erent nodes. ALua (or, more exa
tly, Lua) 
aninvoke other pro
esses, 
an load and 
all fun
tions written in Lua, and 
an 
all fun
tionswritten in C previously linked to the interpreter. Moreover, Lua also has a non-standardlibrary that allows it to load pre-
ompiled C libraries dynami
ally [36℄.Another language for 
onne
ting distributed appli
ations is Glish [37℄. Although nottypi
ally 
ited in this 
ontext, Glish 
an easily be viewed as a 
oordination language.Like ALua, Glish adopts an event-oriented approa
h, and it is bilingual. However, unlikeALua, where ea
h agent 
an be bilingual (with a 
ore written in C and a 
ommuni
ationlayer written in Lua), in Glish there is one single master agent written in Glish, that
oordinates the work of slaves written entirely in C. As the slaves are 
oded in a 
ompiledlanguage, they 
an handle only a �xed set of messages, with pre-de�ned 
ontent types.



237. Final RemarksInterpreted languages have been gaining importan
e over the last years, as program-mers realize the virtues of these languages, su
h as 
exibility and support for rapid pro-totyping. However, su
h languages are seldom used in parallel appli
ations. As parallelappli
ations in
reasingly use heterogeneous large-area networks, they also need more 
ex-ibility and adaptability. In this paper, we argued that interpreted languages 
an providesu
h 
exibility to parallel appli
ations, with an a

eptable performan
e penalty.In se
tion 4 we evaluated the 
exibility that ALua 
an bring to parallel programming.Besides the ease with whi
h di�erent proposed algorithms 
ould be implemented, oneimportant result of that se
tion was to show the support that ALua provides for test-ing and prototyping. In the implementation of the Tuple Multipli
ation programmingparadigm, we were able to build one single framework based on a 
hosen 
ommuni
ationmodel, allowing for experimenting di�erent implementations, with no need for testingand debugging the basi
 
ommuni
ation pattern (parallel and sequential) for ea
h appli-
ation. In dis
ussing the A-Team appli
ation, we showed how ALua 
an be useful forlong-running appli
ations. The fa
ility of an intera
tive 
onsole that the programmer
an use to monitor and 
ontrol an appli
ation dynami
ally is an important tool for thiss
enario. Be
ause of its dynami
 features, ALua also �ts well in the 
ontext of distributedmultimedia appli
ations [38℄.ALua's dual programming model, whi
h allows the 
ommuni
ation (and 
oordination)
ode to be written in ALua and the 
omputation 
ode to be written in a 
ompiled lan-guage, allows us to have this gain in 
exibility without paying too high a performan
epri
e. The results we des
ribed in se
tion 5, although preliminary, are stimulating, as theyindi
ate that the 
osts of using ALua for parallel appli
ations 
an be relatively low. These
osts are quite 
onsistent with the 
osts of using an interpreted language in sequentialappli
ations [33℄. It is important to remember that, as pointed out in [39℄, when measur-ing the performan
e of a parallel appli
ation or programming tool, we need to 
onsiderdi�erent metri
s. The ease of 
onstru
tion of an appli
ation and the time a programmerspends to implement it are frequently more important than the �nal exe
ution time.Some areas of distributed programming, su
h as WWW servi
es, are already tradingeÆ
ien
y for 
exibility through the use of languages su
h as Perl and Java. We believethat the fa
ilities for testing and prototyping in ALua make it an interesting developmentenvironment, even if in �nal versions the program is translated to a 
ompiled language.One issue that readily 
omes to mind when dis
ussing a system that allows 
ode to besent a
ross the network and exe
uted upon re
eipt is that of se
urity. Here, as often isthe 
ase, 
exibility is at odds with safety. The ALua system 
an be 
ustomized to bemore se
ure using fa
ilities native to Lua. Fun
tions 
onsidered potentially harmful (forinstan
e, all output -generating fun
tions) 
an be rede�ned and repla
ed for dummies inan initialization s
ript as part of ALua's 
on�guration.Many distributed programming environments are tailored for a spe
i�
 intera
tionparadigm, su
h as 
lient-server or peer-to-peer. ALua does not impose a spe
i�
 pro-gramming pattern. This is one of the sour
es of its 
exibility, but on the other handmay be 
onsidered a sour
e of programmer 
onfusion. However, an ALua program willbe hard to follow only in 
ases when the needs of the program are 
omplex; moreover,
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ommon intera
tion patterns, su
h as RPC for 
lient-server intera
tions, 
an easily been
apsulated and provided in library fun
tions.Event-driven systems have been gaining importan
e over the last years. It is now
ommon for appli
ations to be written in an interfa
e-driven style, where the 
ontrol 
owis dire
ted by user intera
tions. On the other hand, the use of distribution is anotherimportant trend in appli
ation development. Systems su
h as ALua bring these twotrends together, allowing 
ontrol 
ow to be dire
ted not only by user intera
tions but alsoby network events.Versions of ALua for SunOS and for Linux 
an be downloaded fromhttp://www.te
graf.pu
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