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Lesson3a: Message-passing(II)
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Programevaluation:

� Both theoretical andempirical techniquesmaybeusedto de-
terminetheef�ciency of (parallel)programs.

� The ultimategoal is to discriminatebetweenvariousparallel
processingtechniques;a �ne tuneis alsonecessaryto �nd the
bestnumberof processesanda goodbalanceof thecomputa-
tion timeandof thecommunicationtimeof eachprocess.

� An extra goal to �nd out if a parallelprocessingapproachis
actuallybettersuitedthena (usuallysimpler)sequentialone.



Parallel executiontime
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Theoretical evaluationof parallel programsis basedon:
� Parallel executiontime, tp, consistsof the computationtime

tcomp andthecommunicationtimetcomm, namely

tp
� tcomp

�

tcomm
� Computationtime, tcomp, is estimatedsimilarly asin the case

of sequentialalgorithms.(It is supposedherethatall processes
useidenticalcomputers.)

� Communicationtime,tcomm, consistsof thestartuptimetstartup

(also called “messagelatency”) and the time to send data
n tdata, wheretdata is thetime to transferadataword,namely

tcomm
� tstartup

�

n tdata



..Parallel executiontime
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� Theoreticalanalysisis intendedto give a startingpoint to how
analgorithmmightperformin practice.

� Parallel computationtime is evaluatedin termsof arithmeti-
cal and logical operations- their actualtime dependson the
computersystem(alsoassumeall computersareidentical)

� Communicationtime shouldusethe sametime units ascom-
putationtime; all (unit) datatypesaresupposedto requirethe
sametime to bedelivered

A typicalexample(IBM: SP-2;roughestimation):
—computation(1 arithmeticaloperation)- 1 unit
—time to transferadataword - 55units
—startuptime - 8333units
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� A generalmethodto overcomethe signi�cant messagecom-
municationtime is to overlapcommunicationwith subsequent
computations

� Nonblocking sendroutinesareparticularlyusefulto enablela-
tency hiding

� A differenttechniqueis to mapmultipleprocesseson a single
processor. (Due to the time-sharingfacilities, the processor
switchesform oneprocessto anotherwhenthe�rst is stopped
becauseof anincompletemessagepassing.Threads, a kind of
“light processes”usedin sharedmemorymodel,areparticu-
larly goodfor anef�cient switching.)



Time complexity
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Generalities:

� The startingpoint is to estimatethe numberof computation
steps; hereonly arithmeticaland logical operationsarecon-
sidered,ignoringotheraspectssuchascomputationtests,etc.

� Thenumberof computationstepsoftendependsonthenumber
of dataitemshandledby thealgorithm.

We usevariousnotationsfor theorder of magnitudeof a function.
(They arelistedbelow.)
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� TheO-notation:Wesaysf
�

x�

� O
�

g
�

x��� if f thereexist positive
constantsc2 andx0 suchthat

0 f
�

x� c2g
�

x� for all x x0

(Readas: for largevaluesthegrowth of f is “at mostas” the
growth of g)

� Example:if f
�

x�

� 4x2 �

2x
�

12, then f
�

x�

� O
�

x2
� (reason:

for x 3, 0 � 4x2 �

2x
�

12 6x2).
Notice: x2003 is alsogood,i.e., f

�

x�

� O
�

x2003
� ; hence,to be

useful,alwaystake theleastgrowing functionfor g.
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� TheQ-notation:Wesaysf
�

x�

� Q
�

g
�

x� � if f thereexist positive
constantsc1 � c2, andx0 suchthat

0 c1g
�

x� f
�

x� c2g
�

x� for all x x0

(Readas: for large valuesthe growth of f is “same as” that
of g. Clearly f

�

x�

� Q
�

g
�

x��� implies f
�

x�

� O
�

g
�

x� � , but the
converseis not true.)

� TheW-notation:Wesaysf
�

x�

� W
�

g
�

x� � if f thereexistpositive
constantsc1 andx0 suchthat

0 c1g
�

x� f
�

x� for all x x0

(Readas: for largevaluesthegrowth of f is “at leastas” that
of g.)

Clearly, Q is equivalentto O& W.
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Time complexity analysishidesthe lower terms,giving anestima-
tion of theshapeof timecomplexity function.

Example:

� Supposewe addn numberson two computersusing the fol-
lowing algorithm:

1. Computer1 sendsn
�

2 numbersto computer2.
2. Bothcomputersaddn

�

2 numberssimultaneously.
3. Computer2 sendsits partialsumbackto computer1.
4. Computer1 addsthepartialsumsto producethe�nal result.
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� Computationtime (steps2,4):

tcomp
� n

�

2
�

1

� Communicationtime (steps1,3):

tcomm
�

�

tstartup
�

n
�

2 tdata �

�

�

tstartup
�

tdata �

� 2tstartup
�

�

n
�

2
�

1� tdata

� Both computational and communication complexities are
O

�

n� , hencetheoverall timecomplexity is O
�

n� .
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A cost-optimal(or processor-time optimal) algorithm is one such
that

(paralleltimecomplexity) � (numberof processors)
= sequentialtimecomplexity

Example:

� Supposethebestknow algorithmfor problemPhastimecom-
plexity O

�

n log n�

� A parallel algorithm solving the sameproblemusing n pro-
cessesand having the time complexity O

�

log n� is cost-
optimal, while a parallel algorithm which usesn2 processes
andhastimecomplexity O

�

1� is not cost-optimal.
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Broadcaston a hypercubenetwork: Considera three-dimensional
hypercube.To broadcastfrom node000to everyothernodeanef�-
cientalgorithmis:

� 1ststep: 000 � 001

� 2ndstep:000 � 010
001 � 011

� 3rdstep: 000 � 100
001 � 101
010 � 110
011 � 111

The time complexity is O
�

log n� for an n-dimensionalhypercube,
which is optimalbecausethediameteris log n.
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Gatheron a hypercubenetwork: Thereversealgorithmcanbeused
to gatherdatafrom all nodesto anode,say000(in the3-dimhyper-
cubecase):

� 1ststep: 100 � 000
101 � 001
110 � 010
111 � 011

� 2ndstep:010 � 000
011 � 001

� 3rdstep:001 � 000

In suchacasethemessagesbecomelonger asthedataaregathered,
hencethetimecomplexity is increasedover log n.
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Broadcastonamashnetwork:
� Nodesof top line: �rstly sendto left (if any), thendown.
� Othernodes:senddown.

Denotingthenodesin orderfrom left-to-right andtop-to-down, the
broadcastingin a4 � 4 mashis:

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
step-5:10->14;7->11;8->12
step-6:11->15;12->16
Thealgorithmis optimalasthenumberof stepsis equalto thedi-
ameterof themesh.

1 2 3 4

5 6 7 8

9 10 11 12

13 14 15 16
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Broadcastonaworkstationcluster:

� Broadcastingon a singleEthernetconnectioncanbedoneus-
ing a singlemessagethat is readby all thedestinationson the
network simultaneously, hencetimecomplexity is O

�

1� .



Evaluating programsempirically
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Measuringexecutiontime: To measuretheexecutiontime between
pointL1 andL2 in thecode,onemayusethefollowing construction

L1: time(&t1); /* 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).Eachprocessormayhave its own clock,hencebecareful
not to mix suchtimers.
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Communicationtime by Ping-Pong methods: To empirically esti-
matethecommunicationtime from aprocessP1 to aprocessP2 one
mayusethefollowing method:Immediatelyafterreceiving themes-
sageP2 sendthemessage back to P1.

P1

L1: time(&t1);
send(&x, P2);
recv(&x, P2)
L2: time(&t2);
elapsedTime = 0.5 * difftime(t2,t1);
printf(``Elapsed time = %5.2f seconds'',elapsedTim e);

P2

recv(&x, P1)
send(&x, P1);
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A useful three-stepapproach to debugging message-passingpro-
gramsis:

1. If possible,run theprogramasa singleprocessanddebug asa
normalsequentialprogram.

2. Executetheprogramusingtwo to four multi-taskedprocesses
on a single computer. Now examineactionssuchas check-
ing that messagesare indeedbeingsentto correctplaces. It
is very commonto make mistakeswith messagetagsandhave
messagessentto wrongplaces.

3. Execute the programusing two to four processesbut now
acrossseveral computers. This stephelpsto �nd the impact
of network delayson synchronizationand timing constraints
of yourprogram.
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Lesson3b: Embarrassingly parallel
computations



b) Embarrassingly parallel computations
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Embarrassinglyparallelcomputations:

� A (truly) embarrassinglyparallel computationis a computa-
tion thatcanbedividedinto a numberof completelyindepen-
dentparts.

� More commonis a nearly embarrassinglyparallel computa-
tion wherethereis a loosecommunicationbetweenprocesses:
a “master” processdistributesinitial dataandcollectsthe re-
sults;thesetof “slave” processesis (truly) embarrassinglypar-
allel.



Example1: Imageprocessing
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A few (low level) imageoperations
� Shifting: Objectsareshiftedby Dx in x-dimensionandby Dy

in y-dimension
x

�

� x
�

Dx
y

�

� y
�

Dy
� Scaling: Objectsarescaledby factorSx in x-dimensionandby

Sy in y-dimension

x
�

� x Sx

y
�

� y Sy
� Rotation: Objectsarerotatedthroughanangleq abouttheori-

gin of thecoordinatesystem:

x
�

� x cosq
�

y sinq
y

�

� � x sinq
�

y cosq
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Algorithm

� Dividetheareainto regionsfor individualprocesses(squareor
row regionsmaybeused).

� Eachprocessindependentlyperformsthe transformationfor
thepixelsof its own region.

The (pseudo)codefor shifting transformation(usingrow partition)
is given below: the imageareain 480� 640; eachslave processis
supposedto handle10 lines.



..Imageprocessing

CS-3211/ Parallel& ConcurrentProgramming/ G StefanescuSlide3.24

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

send(row, Pi );

/* initialize tmp */
for (i=0; i<480; i++)

for (j=0; j<640; j++)
tmpMap[i][j] = 0;

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

�

recv(oldRow,oldCol,new Row,n ewCol, Pany);
if !((newRow<0)||(newRow >=480)| |( newCol< 0) || (n ewCol >=640) )

tmpMap[newRow][newCol] = map[oldRow][oldCol];
�

/* update bitmap */
for (i=0; i<480; i++)

for (j=0; j<640; j++)
map[i][j] = tmpMap[i][j];
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Slavecode/* receive starting row number */
recv(row, Pmaster);

/* for each pixel compute new coords and send to master */
for (oldRow=row; oldRow<(row+10);oldRo w++)

for (oldCol=0; oldCol<640;oldCol++)
�

newRow = oldRow + deltaX
newCol = oldCol + deltaY
send(oldRow,oldCol,new Row,n ewCol, Pmaster);

�
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Analysis(thetime to computenew coordinatesis �x edandsmall):

� Sequential:ts � n2 � O
�

n2
�

� Parallel(p
�

1 processes):
—Communication:In generaltcomm

� tstartup
�

mtdata, hence
for p processes
tcomm

� p
�

tstartup
�

tdata �

�

n2 �

tstartup
�

4 tdata �

�

�

n2 �

p� tstartup
�

�

4 n2 �

p� tdata
� O

�

p
�

n2
�

—Computation:(2 additions;eachprocesshandlen2 �

p pixels)
tcomp

� 2 n2

p
� O

�

n2 �

p�

—Overall executiontime: tp
� tcomm

�

tcomp

Conclusion:Performbadly, asthecommunicationpart far exceeds
the computationpart and the overall parallel time is signi�cantly
graterthanthesequentialtime.



Example2: Mandelbrot set
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Mandelbrot set: Use the trans-
formation

z �

� z2 �

c

on complex numbers.For given
c iteratethisstartingwith 0 till

—the moduleof the numberis
graterthan2 or
—the number of iterations
reachessomearbitrarylimit.

Notice:Thisis anexampleof an intensivecomputationfor each pixel. Thecolors

describethenumbersof stepsnecessaryto geta modulegrater than2.
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A sequentialprogramstructure complex
�

float real;
float imag;

�

int calcPixel(complex c)
�

int count, max;
complex z;
float tmp, lengthSq;
max = 256;
z.real = 0; z.imag = 0;
count = 0;
do

�

tmp = z.real * z.real - r.imag * z.imag + c.real;
z.imag = 2 * z.real * z.imag - c.imag;
z.real = tmp;
lengthSq = z.real * z.real + z.imag * z.imag;
count++;

�

while (lengthSq < 4.0) && (count < max));
return count;

�
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Parallelversion(Statictaskassignment):
Mastercode
for (i=0,row=0; i<48; i++,row=row+10)

send(row, Pi );
for (i=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 pWid th andsimilarly for scaleImg )
recv(row, Pmaster);
for (x=0; x<dispWidth, x++)

for (y=row; y<(row+10), y++)
�

c.real = minReal + ((float)x * scaleReal);
c.imag = minImag + ((float)y * scaleImag);
color = calcPixel(c);
send(c,color, Pmaster);

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

� Sequential:ts max � n � O
�

n�

� Parallel(p
�

1 processes):
—Comm-1:sendrow numberto eachslave
tcomm1

� p
�

tstartup
�

tdata �

—Computation:slavesperformtheir computationin parallel
tcomp

max� n
p

—Comm-2:resultsarepassedto masterusingindividualsends
tcomm2

�

n
p

�

tstartup
�

tdata �

—Overall executiontime:
tp

max� n
p

�

� n
p

�

p�

�

tstartup
�

tdata �

Conclusion:Whenmax is large the �rst factor is dominatingand
speedupmaygetclosedto p � 1.
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A few improvementsmaybe usedto increasetheef�ciency of the
parallelprogram:

� Thestartuptime is generallylong,hencea betterapproachfor
slavesmaybeto wait till all thepixels in a row arecomputed
andthento sendthefull row to themaster

� The time to computemay differ from slave to slave, hencea
betterapproachis to useadynamictaskassignment:
—Allocatetherowsoneby oneto slaves;
—Whena slave is readyandreturn the resultsa new task is
sendto him for processing.
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Parallelversion(Dynamictaskassignment):
Mastercodecount = 0;

row = 0;
for (k=0; k < procNo; k++)

�

send(row, Pk,dataTag);
count++;
row++;

�

do
�

recv(slave,r,color, Pany,resultTag);
count--;
if(row<dispHeight)

�

send(row, Pslave,dataTag);
count++;
row++;

�

else
send(row, Pslave,terminatorTag);

rowRecv++;
display(r,color);

�

while(count>0);
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Slavecode

recv(y, Pmaster,sourceTag);
while(sourceTag == dataTag)

�

c.imag = imagMin + ((float) y * scaleImag);
for (x=0; x < dispWidth; x++)

�

c.real = realMin + ((float) x * scaleReal);
color[x] = calcPixel(c);

�

send(i,y,color, Pmaster,resultTag);
recv(y, Pmaster,sourceTag);

�

(Variable count is usedto countthenumberof busyslaves.)

Notice: For this typeof algorithmsanempiricalestimationof the
overall executiontime is for sureabettersuitedmethod.
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Monte-Carlomethodsareapproximativemethodsbasedon random
selectionsin computation.

Examples:

� Computingp: Takeacircleof unit radiusincludedinto a2 � 2
square.Thenonegets

Areaof circle
Areaof square

�

p � 12

2 � 2
�

p
4

Then,chooserandomlypointswithin thesquareandscorehow
maypointshappento lie within thecircle.

Notice: Maybeusedfor arbitrary integrals,but it' snot tooef�cient.



..Monte-Carlo methods

CS-3211/ Parallel& ConcurrentProgramming/ G StefanescuSlide3.35

� Computingan Integral: An integral

b

a
f

�

x� dx

is approximatively computedtaking (uniformly distributed)
randomlygeneratedvaluesbetweena andb, say, x1 ������� � xn and
computing

b � a
n

n

å
i � 1

f
�

xi �
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Pseudo-randomnumbergeneration:
� Monte-Carlomethodsarebasedon a procedurefor generating

pseudo-randomnumbers.
� A commonmethodis to usethefunction

xi
�

1
�

�

axi
�

c� modm

wherea � c � marewell-chosenconstants
� A good selectionis with m � 231 � 1 (prime number),a �

16807andc � 0. (For any non-zeroa, a sequenceincluding
all 231 � 2 differentnumbersis createdbeforea repetitionoc-
curs.)

� A disadvantageis thatthesegeneratorsarerelatively slow.
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Parallel randomnumbergeneration:
� Onecanseethat

xi
�

1
�

�

axi
�

c� modm

gives
xi

�

k
�

�

Axi
�

C � modm
where

A � ak modmand
C � c

�

ak � 1 �

�����

�

a1 �

a0
� modm

� Usingsucha recurrencerelationonemaydo thegenerationin
parallel:
—the�rst k numbersaregeneratedsequentially
—then, one generatesin parallel appropriatesubsequences:
1 � k

�

1 � 2k
�

1 ������� and2 � k
�

2 � 2k
�

2 ������� andsoon.


