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Parallel program evaluation

Programevaluation
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Both theoetical andempirical techniqguesnay be usedto de-
terminetheef ciency of (parallel)programs.

The ultimate goal is to discriminatebetweenvariousparallel
processindechniguesa ne tuneis alsonecessaryo nd the
bestnumberof processeanda goodbalanceof the computa-
tion timeandof thecommunicatioime of eachprocess.

An extragoalto nd outif a parallelprocessincgapproachs
actuallybettersuitedthena (usuallysimpler)segquentiabne.
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Parallel executiontime

Theoetical evaluationof parallel programsis basedn:
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Parallel executiontime, tp, consistsof the computationtime
tcomp @andthe communicatioimeteomm namely

tp tcorrp lcomm
Computationtime, teomp, IS €stimatedsimilarly asin the case

of sequentiahlgorithms.(It is supposedherethatall processes
useidenticalcomputers.)

Communicatiortime, tcomm consistof thestartuptimetgartup
(also called “messagelateng”) and the time to senddata
Ntyaa, Wheretyaa IS thetime to transfera dataword, namely

lcomm Tlgartup Nldata
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* ..Parallel executiontime

Theoreticalnalysiss intendedo give a startingpointto how
analgorithmmight performin practice.

Parallel computationtime is evaluatedin termsof arithmeti-
cal andlogical opeiations- their actualtime dependson the
computersystem(alsoassumall computersareidentical)

Communicatiortime shouldusethe sametime units ascom-
putationtime; all (unit) datatypesaresupposedo requirethe
sametime to bedelivered

A typicalexample(IBM: SP-2;roughestimation):
—computation(1 arithmeticaloperation) 1 unit

—time to transfera dataword - 55 units
—startuptime - 8333units
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Latency hiding

A generalmethodto overcomethe signi cant messageom-

municationtime is to overlap communicatiorwith subsequent
computations

Nonblod&ing sendroutinesareparticularlyusefulto enablea-
tengy hiding

A differenttechniquas to mapmultiple processe®n a single
processor (Due to the time-sharingfacilities, the processor
switchesform oneprocesdo anothemwhenthe rst Is stopped
becaus®f anincompletemessag@assing.Threads akind of

“light processestsedin sharedmemorymodel, are particu-
larly goodfor anef cient switching.)
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* Time complexity

Generalities:

The startingpoint is to estimatethe numberof computation
steps hereonly arithmeticalandlogical opemationsare con-
sideredjgnoringotheraspectsuchascomputatiortests,etc.

Thenumberof computatiorstepoftendepend®nthenumber
of dataitemshandledby thealgorithm.

We usevariousnotationsfor the order of magnitudeof a function.
(They arelistedbelow.)
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* ..Time complexity

TheO-notation:Wesaysf x O g x iff thereexist positive
constantg, andxg suchthat

0<fx <cpgx forall x> Xxg

(Readas: for large valuesthe growth of f Is “at mostas” the
growth of g)

Example:if f x 4x® 2x 12,thenf x O x? (reason:
forx>3,0 4x°¢ 2x 12 6x°9).

Notice: x?993is alsogood,i.e., f x O x?993: henceto be
useful,alwaystake theleastgrowing functionfor g.
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* .. Time complexity

TheQ-notation:Wesaysf x Q g x Iff thereexist positve
constant®; Cp, andxg suchthat

0O cuigx fx cgx forallx X

(Readas: for large valuesthe growth of f Is “same as” that
ofg. Clearlyf x Qgx impliesf x Ogx ,butthe
corverseis nottrue.)

TheWtnotation:Wesaysf x W g x Iff thereexist positve
constant£; andxg suchthat

O cigx fx forallx X
(Readas: for large valuesthe growth of f is “at leastas” that
of g.)

Clearly, Q is equivalento O & W.
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* Time complexity of parallel algorithms

Time compleity analysishidesthe lower terms,giving an estima-
tion of the shapeof time compleity function.

Example:

Supposewnve add n numberson two computersusing the fol-
lowing algorithm:

1. Computerl sendsn 2 numberdo computer2.

2. Bothcomputersaaddn 2 numberssimultaneously

3. Computer2 sendsts partialsumbackto computerl.

4., Computerl addsthe partialsumsto producethe nal result.
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* ..Time complexity of parallel algorithms

Computatiortime (steps2,4):
tcon'p n 2 1
Communicatiortime (stepsl,3):

tcomm tsartup N 2tgata lgartup ldata
Agartup N 2 1 tgaa

Both computationaland communication complities are
O n , hencetheoveralltime complity isO n .
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* Cost-optimal algorithms

A cost-optimal(or processoitime optimal) algorithmis one such
that

(paralleltime compleity) (numberof processors)
= sequentiatime compl«ity

Example:

Supposehebestknow algorithmfor problemP hastime com-
plexity O nlogn

A parallel algorithm solving the sameproblemusing n pro-
cessesand having the time complity O log n is cost-
optimal, while a parallel algorithm which usesn? processes
andhastime complity O 1 is notcost-optimal.
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A casestudy: Broadcasting

Broadcasibn a hypercubenetwork: Considera three-dimensional
hypercube.To broadcastrom node000to every othernodeanef -

cientalgorithmis:
1ststep: 000 001
2ndstep:000 010

001 011
3rd step: 000 100
001 101
010 110
011 111

The time complity is O logn for an n-dimensionalhypercube,
whichis optimalbecaus¢he diameterns log n.
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* ..Broadcasting

Gatheron a hypercubenetwork: Thereversealgorithmcanbeused
to gatherdatafrom all nodeso anode,say000(in the 3-dim hypeF
cubecase):

1ststep: 100 000

101 001
110 010
111 011
2ndstep:010 000
011 001

3rdstep: 001 000

In sucha casethe messagebecomdonger asthedataaregathered,
hencethetime complity Is increasedver log n.
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* ..Broadcasting

Broadcasbn a mashnetwork:
Nodesof topline: rstly sendto left (if any), thendown.
Othernodes:senddown.

Denotingthe nodesin orderfrom left-to-right andtop-to-davn, the
broadcastingn a4 4 mashis:

1 2 3 4
step-1:1->2
step-2:1->5;2->3 . . . .
step-3:5->9:2->6:3->4
step-4.9->13:6->10;3->7:4->8 9 10 11 12
step-5:10->14:7->11;8->12
step-6:11->15;12->16 13 14 15 16

The algorithmis optimal asthe numberof stepsis equalto the di-
ameterof the mesh.
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* ..Broadcasting

Broadcasbn aworkstationcluster:

Broadcastingn a single Ethernetconnectioncanbe doneus-
Ing a singlemessagé¢hatis readby all the destination®n the
network simultaneouslyhencetime compleity isO 1 .
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* Evaluating programsempirically

Measuringexecutiontime To measurehe executiontime between
pointL1 andL?2 in thecode,onemayusethefollowing construction

L1  time(&tl); [* start timer */

L2:  time(&t2); [* stop timer *
elapsedTime = difftime(t2,t1); [* elapsedTime = t2-t1 *
pringf(" Elapsed time = %5.2f seconds",elapsedTim e);

Notice: MPI providestheroutineMPI_Wtime for returningtime (in
seconds)Eachprocessomay have its own clock, hencebe careful
notto mix suchtimers.
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* ..Evaluating programsempirically

Communicatiortime by Ping-Fong methods To empirically esti-
matethecommunicatioriime from a procesd?; to aprocesd> one
mayusethefollowing method:Immediatelhafterreceving themes-
sageP, sendthemessge badk to P;.

Py
L1 time(&tl);
send(&x, P»);
recv(&x, P»)
L2:  time(&t2);
elapsedTime = 0.5 * difftime(t2,t1);
printf(" Elapsed time = %5.2f seconds",elapsedTim e),;

P
recv(&x, Py)
send(&x, Py);
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* Debugging strategies

A useful three-stepappmoad to delugging message-passingo-
gramsis:

1. If possibleruntheprogramasasingleprocessaanddelug asa
normalsequentiaprogram

2. Executethe programusingtwo to four multi-tasled processes
on a single computer Now examineactionssuchas check-
Ing that messagesare indeedbeing sentto correctplaces. It
IS very commonto make mistakeswith messagéagsandhave
messagesentto wrongplaces.

3. Execute the programusing two to four processedout now
acrossseveral computes. This stephelpsto nd the impact
of network delayson synchronizatiorand timing constraints
of your program.
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* b) Embarrassingly parallel computations

Embarrassinglyarallelcomputations:

A (truly) embarassinglyparallel computationis a computa-
tion thatcanbe dividedinto a numberof completelyindepen-
dentparts

More commonis a nearly embariassinglyparallel computa-
tion wherethereis aloosecommunicatiorbetweerprocesses:
a “master” procesdistributesinitial dataand collectsthe re-
sults;thesetof “slave” processes (truly) embarrassinglpar
allel.
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* Example 1: Image processing

A few (low level) Imageoperations
Shifting Objectsareshiftedby Dx in x-dimensionand by Dy
In y-dimension
X X Dx
y y Dy

Scaling Objectsarescaledby factorS, in x-dimensionandby
S In y-dimension

X XS

y vy

Rotation Objectsarerotatedthroughanangleq abouttheori-
gin of thecoordinatesystem:

X ~ XCc0sq Vysing
Yy XSing Yycos(

Slide3.22 CS-3211 Parallel& ConcurrenProgramming G Stefanescu



..Imageprocessing

Algorithm

Divide theareainto regionsfor individual processetsquareor
row regionsmay beused).

Each processindependentlyperformsthe transformationfor
the pixelsof its own region.

The (pseudo)codéor shifting transformationusingrow partition)
IS given belan: the imageareain 480 640; eachslave processs

supposedo handlelOlines.
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* ..Imageprocessing

[* send starting row number to processes */ Mastercode
for  (i=0,row=0; I<48;  i++,row=row+10)

send(row, B);
[* initialize tmp */
for (1=0; 1<480; I++)

for (j=0; |<640; |j++)

tmpMap[ili] = 0;

[* accept new coords for each pixel */
for (=0; 1 < (480*640); i++)

recv(oldRow,oldCol,new Row,n ewCol, Pany);

If !((newRow<0)||(newRow  >=480)| |( newCd< 0) || (n ewCol >=640) )
tmpMap[newRow][newCol] = map[oldRow][oldCol];

[* update bitmap */
for (i=0; i<480; i++)
for (j=0; |<640; |j++)
map[i]] = tmpMap(i][];
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* ..Imageprocessing

[* receive starting row number */ Slavecode
recv(row, Prmager);

[* for each pixel compute new coords and send to master */
for (oldRow=row; oldRow<(row+10);0ldRo  w+t)
for (oldCol=0;  oldCol<640;0ldCol++)
newRow = oldRow + deltaX
newCol = oldCol + deltaY
send(oldRow,oldCol,new Rown ewCol, Pmager);
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* ..Imageprocessing

Analysis(thetime to computenew coordinatess x edandsmall):

Sequentialts n? On?

Parallel(p 1 processes):.

—Communicationin generakcomm tgartup Mtgata, hENCE

for p processes

lcomm P lgartup ldata n? tgartup 4 ldata

n° p lsartup 4 Ptgaa Op n?

—Computation(2 additions;eachproces$andlen® p pixels)

teomp 2”—: On p

—Overall executiontime: tp  tcomm tcomp
Conclusion:Perform badly, asthe communicatiorpart far exceeds
the computationpart andthe overall paralleltime is signi cantly

graterthanthe sequentiatime.
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* Example 2: Mandelbrot set

Mandelbpt set: Usethe trans-
formation

z 72 ¢

on complex numbers.For given
c iteratethis startingwith O till

—the moduleof the numberis
graterthan2 or

—the number of iterations
reachesomearbitrarylimit.

Notice: Thisis an exampleof anintensivecomputatiorfor ead pixel. Thecolors
describethe numbes of stepsnecessaryo get a modulegraterthan 2.
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..Mandelbrot set

structure  complex A sequentiaprogram

float  real:
float Iimag;

int  calcPixel(complex C)
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int count, max;

complex z;

float tmp, lengthSq;

max = 256;

zreal =0; zimag = 0;

count = 0;

do
tmp = zreal * zreal - rimag * z.imag + c.real
Z.Imag 2 * zreal * zimag - c.imag;
Z.real tmp;
lengthSq = zreal * zreal + zimag * z.imag;
count++;

while (lengthSg < 4.0) && (count < max));

return  count;
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* ..Mandelbrot set

Parallelversion(Statictaskassignment):

Mastercode

for  (i=0,row=0; I<48;  i++,row=row+10)
send(row, B);

for (1=0; i<(480*640); I++)
recv(c,color, Pany);
display(c,color);

Slave code (scaling factors are used to t the display i.e., scaleReal =
(realMax-realMin)/dis pWd th andsimilarly for scalelmg )
recv(row, Pmager);
for (x=0; x<dispWidth,  x++)
for (y=row; y<(row+10), y++)

creal = minReal + ((float)x * scaleReal);
cimag = minlmag + ((float)y * scalelmag);
color = calcPixel(c);

send(c,color, Prmaser);
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* ..Mandelbrot set

Roughanalysis(amorepreciseanalysigs complicateasthenumber
of iterationsperpixel is dif cult to estimate):

Sequentialts max n On

Parallel(p 1 processes):

—Comme-1:sendrow numberto eachslave

lcommi P lgartup ldata
—Computationslavesperformtheir computationn parallel

t Mmax n

comp p o
—Comme-2:resultsarepassedo mastemsingindividual sends

lcomne %tstartup ldata

—OQverall executiontime:

lp maE)(n % P lgartup ldata

Conclusion: Whenmaxis large the rst factoris dominatingand

speedupnaygetclosedto p 1.
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* ..Mandelbrot set

A few improvementsmay be usedto increasehe ef ciency of the
parallelprogram:

Thestartuptime is generallylong, hencea betterapproacHor
slavesmay beto walit till all the pixelsin arow arecomputed
andthento sendthefull row to the master

The time to computemay differ from slave to slave, hencea
betterapproachs to usea dynamictaskassignment
—Allocatetherows oneby oneto slaves;

—Whena slave is readyandreturnthe resultsa new taskis

sendto him for processing.
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* ..Mandelbrot set

Parallelversion(Dynamictaskassignment):

count = O Mastercode
row = O

for (k=0; k < procNo; k++)
send(row, Py,dataTag);
count++;
row++;

do
recv(slave,r,color, Pany.resultTag);
count--;
If(row<dispHeight)
send(row, PsavedataTag);
count++;
row++;
else
send(row, PsaveterminatorTag);
rowRecv++,
display(r,color);
while(count>0);
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* ..Mandelbrot set

Slavecode
recv(y, Pmager,SourceTag);
while(sourceTag == dataTag)
cimag = imagMin + ((float) y * scalelmag);
for (x=0; x < dispWidth;  Xx+4+)
creal = realMin + ((float) X * scaleReal);
color[x] = calcPixel(c);
send(l,y,color, Pmager.resultTag);

recv(y, Pmager,SourceTag);

(Variable count Is usedto countthe numberof busyslaves.)

Notice: For this type of algorithmsan empiricalestimationof the
overall executiontime is for surea bettersuitedmethod.
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* Example 3: Monte-Carlo methods

Monte-Carlomethodsareapproximativemethoddasedn random
selectionsn computation.

Examples:

Computingp: Takeacircle of unitradiusincludedintoa2 2
square.Thenonegets

Areaofcircle p 1% p

Areaofsquare 2 2 4

Then,choosaandomlypointswithin thesquareandscorehow
may pointshapperto lie within thecircle.

Notice: May beusedfor arbitrary integrals, but it' s not too ef cient.
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* ..Monte-Carlo methods

Computingan Integral: An integral

b
f x dx

a

IS approximatvely computedtaking (uniformly distributed)
randomlygeneratedaluesbetweera andb, say X1 Xn and
computing

baé‘
a
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* ..Monte-Carlo methods

Pseudo-andomnumbergenegition:

Monte-Carlomethodsarebasedbon a procedurdor generating
pseudo-randomumbers.

A commonmethodis to usethefunction
Xi 1 aX € modm
wherea ¢ marewell-choserconstants

A good selectionis with m 231 1 (prime number),a
16807andc 0. (For ary non-zeroa, a sequencencluding
all 231 2 differentnumberss createdbeforea repetitionoc-
curs.)

A disadwantagas thatthesegeneratorarerelatvely slow.
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..Monte-Carlo methods

Parallel randomnumbergenegation:

Onecanseethat
Xi 1 axX € modm
gives
X k A% C modm
where
A a“modmand
C cakl al a% modm
Usingsucharecurrenceaelationonemaydo the generationn
parallel:

—the rst k numbersaregenerategequentially
—then, one generatesn parallel appropriatesubsequences:
1k 12k 1 and2k 22k 2 andsoon.
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