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* Parallel program evaluation

Program evaluation:

e Both theoretical and empirical technigues may be used to de-
termine the efficiency of (parallel) programs.

e The ultimate goal Is to discriminate between various parallel
processing techniques; a fine tune Is also necessary to find the
best number of processes and a good balance of the computa-
tion time and of the communication time of each process.

e An extra goal to find out If a parallel processing approach is
actually better suited then a (usually simpler) sequential one.
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* Parallel execution time

Theoretical evaluation of parallel programs Is based on:

o Parallel execution time, tp, consists of the computation time
tcomp and the communication time teomm, Namely

{p = tcomp + tcomm
e Computation time, tcomp, IS estimated similarly as in the case

of sequential algorithms. (It is supposed here that all processes
use identical computers.)

e Communication time, tcomm, consists of the startup time tgartup
(also called “message latency”) and the time to send data
N tyata, Where tyaia 1S the time to transfer a data word, namely

lcomm = tgartup + N tdata
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* .Parallel execution time

e Theoretical analysis iIs intended to give a starting point to how
an algorithm might perform in practice.

e Parallel computation time is evaluated in terms of arithmeti-
cal and logical operations - their actual time depends on the
computer system (also assume all computers are identical)

e Communication time should use the same time units as com-
putation time; all (unit) data types are supposed to require the
same time to be delivered

A typical example (IBM: SP-2; rough estimation):
—computation (1 arithmetical operation) - 1 unit

—time to transfer a data word - 55 units
—startup time - 8333 units
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* L atency hiding

e A general method to overcome the significant message com-
munication time iIs to overlap communication with subsequent
computations

e Nonblocking send routines are particularly useful to enable la-
tency hiding

e A different technique is to map multiple processes on a single
processor. (Due to the time-sharing facilities, the processor
switches form one process to another when the first is stopped
because of an incomplete message passing. Threads, a kind of
“light processes” used in shared memory model, are particu-
larly good for an efficient switching.)
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* Time complexity

Generalities:

e The starting point Is to estimate the number of computation
steps; here only arithmetical and logical operations are con-
sidered, ignoring other aspects such as computation tests, etc.

e The number of computation steps often depends on the number
of data items handled by the algorithm.

We use various notations for the order of magnitude of a function.
(They are listed below.)
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* .. Time complexity

e The O-notation: We says f(x) = O(g(x)) iff there exist positive
constants ¢, and Xg such that

0 < f(x) <cog(x) forall x > xg

(Read as: for large values the growth of f Is “at most as” the
growth of g)

o Example: if f(x) = 4x? +2x4 12, then f(x) = O(x?) (reason:
for x > 3, 0 < 4x% 4+ 2x + 12 < 6x2).
Notice: x°%% is also good, i.e., f(x) = O(x?%%3); hence, to be
useful, always take the least growing function for g.
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* .. Time complexity

e The O-notation: We says f (x) = O(g(x)) iff there exist positive
constants ¢, C», and Xg such that

0 <c19(x) < f(x) <cpg(x) forall x > xg

(Read as: for large values the growth of f Is ““same as’ that
of g. Clearly f(x) = ©(g(x)) implies f(x) = O(g(x)), but the
converse Is not true.)
e The Q-notation: We says f(x) = Q(g(x)) iff there exist positive
constants ¢; and Xg such that
0 <cig(X) < f(x) forall x > xg

(Read as: for large values the growth of f Is ““at least as™ that
of g.)

Clearly, © is equivalentto O & Q.
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* Time complexity of parallel algorithms

Time complexity analysis hides the lower terms, giving an estima-
tion of the shape of time complexity function.

Example:

e Suppose we add n numbers on two computers using the fol-
lowing algorithm:

1. Computer 1 sends n/2 numbers to computer 2.

2. Both computers add n/2 numbers simultaneously.

3. Computer 2 sends its partial sum back to computer 1.

4, Computer 1 adds the partial sums to produce the final result.
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* .Time complexity of parallel algorithms

e Computation time (steps 2,4):
tcomp — n/2 —|— 1
e Communication time (steps 1,3):

tcomm = (tsartup +N/2 tgata) + (tsartup +tdata)
= 2tgartup + (/24 1)tgata

e Both computational and communication complexities are
O(n), hence the overall time complexity is O(n).
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* Cost-optimal algorithms

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

(parallel time complexity) x (number of processors)
= sequential time complexity

Example:

e Suppose the best know algorithm for problem P has time com-
plexity O(n logn)

e A parallel algorithm solving the same problem using n pro-
cesses and having the time complexity O(log n) is cost-
optimal, while a parallel algorithm which uses n? processes
and has time complexity O(1) is not cost-optimal.
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A case study: Broadcasting

Broadcast on a hypercube network: Consider a three-dimensional
hypercube. To broadcast from node 000 to every other node an effi-

cient algorithm Is:
o lststep: 000 — 001

e 2nd step: 000 — 010
001 011

_
e 3rd step: 000 — 100
001 — 101
010 — 110

011 — 111
The time complexity is O(log n) for an n-dimensional hypercube,
which is optimal because the diameter is log n.
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..Broadcasting

Gather on a hypercube network: The reverse algorithm can be used
to gather data from all nodes to a node, say 000 (in the 3-dim hyper-

cube case):

o 1Iststep: 100 — 000
101 — 001
110 — 010
111 — 011

e 2nd step: 010 — 000
011 — 001

e 3rd step: 001 — 000

In such a case the messages become longer as the data are gathered,
hence the time complexity Is increased over log n.
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* ..Broadcasting

Broadcast on a mash network:
e Nodes of top line: firstly send to left (if any), then down.
e Other nodes: send down.

Denoting the nodes in order from left-to-right and top-to-down, the
broadcasting in a 4 x 4 mash Is:

1 2 3 4

step-1:1->2
st ep-2: 1->5; 2- >3 - . . .
st ep- 3: 5->9: 2->6; 3->4

st ep-5:10->14; 7->11; 8->12
step-6:11->15;12->16 13 14 15 16
The algorithm is optimal as the number of steps is equal to the di-
ameter of the mesh.
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* ..Broadcasting

Broadcast on a workstation cluster:

e Broadcasting on a single Ethernet connection can be done us-
Ing a single message that is read by all the destinations on the
network simultaneously, hence time complexity is O(1).
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* Evaluating programs empirically

Measuring execution time: To measure the execution time between
point L1 and L2 in the code, one may use the following construction

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

L2: time(&t2); [* stop tiner */
el apsedTime = difftine(t2,t1); [* elapsedTine =t2-t1 */
pringf(‘‘Elapsed time = %. 2f seconds’’, el apsedTi ne);

Notice: MPI provides the routine MPI “W | ne for returning time (in
seconds). Each processor may have its own clock, hence be careful
not to mix such timers.
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* ..Evaluating programs empirically

Communication time by Ping-Pong methods: To empirically esti-
mate the communication time from a process P; to a process P, one
may use the following method: Immediately after receiving the mes-
sage P> send the message back to P;.

Py
L1 time(&tl);
send( &, P) ;
recv( &, P)
L2: time(&t2);
el apsedTime = 0.5 * difftinme(t2,tl1);
printf(‘‘Elapsed time = %. 2f seconds’’, el apsedTi ne);

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

A useful three-step approach to debugging message-passing pro-
grams Is:

1. If possible, run the program as a single process and debug as a
normal sequential program.

2. Execute the program using two to four multi-tasked processes
on a single computer. Now examine actions such as check-
Ing that messages are indeed being sent to correct places. It
IS very common to make mistakes with message tags and have
messages sent to wrong places.

3. Execute the program using two to four processes but now
across several computers. This step helps to find the impact
of network delays on synchronization and timing constraints
of your program.
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* CS-3211

L esson 3b: Embarrassingly paralle
computations
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* b) Embarrassingly parallel computations

Embarrassingly parallel computations:

e A (truly) embarrassingly parallel computation is a computa-
tion that can be divided into a number of completely indepen-

dent parts.

e More common Is a nearly embarrassingly parallel computa-
tion where there Is a loose communication between processes:
a “master” process distributes initial data and collects the re-
sults; the set of “slave” processes Is (truly) embarrassingly par-
allel.
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* Example 1. Image processing

A few (low level) image operations
e Shifting: Objects are shifted by Ax in x-dimension and by Ay
In y-dimension
X' =X+ AX
y'=y+24y
e Scaling: Objects are scaled by factor Sy in x-dimension and by
Sy In y-dimension

X' =X Sy
y'=ySy
e Rotation: Objects are rotated through an angle 8 about the ori-
gin of the coordinate system:

X' =xcos0-+ysin6
y'=—xsinB-+ycosH
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* ..Image processing
Algorithm

e Divide the area into regions for individual processes (square or
row regions may be used).

e Each process independently performs the transformation for
the pixels of its own region.

The (pseudo)code for shifting transformation (using row partition)
IS given below: the image area in 480x640; each slave process is
supposed to handle 10 lines.
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* ..Image processing

[* send starting row number to processes */  Master code
for (i1=0,row=0; i<48; i++, row=rowtl0)

send(row, R);
[* Iinitialize tnp */
for (1=0; 1<480; 1| ++)

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

trpMep[i][]] = O;

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

recv(ol dRow, ol dCol , newRow, newCol , Pany) ;

1 f 1 ((newRow<0) | | (newRow>=480) | | (newCol <0) | | (newCol >=640))
t npMap[ newRowj [ newCol | = map[ ol dRow] [ ol dCol | ;

t
[* update bitmap */
for (1=0; i<480; 1| ++)
for (j=0; j<640; j++)
map[i][]] = tmpMap[i][]];
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* ..Image processing

[* receive starting row nunber */ Slave code
recv(row, Prager) :

[* for each pixel conpute new coords and send to naster */
for (ol dRow=row;, ol dRow<(row+10); ol dRow++)
for (ol dCol =0; ol dCol <640; ol dCol ++) {
newRow = ol dRow + delt aX
newCol = ol dCol + deltaY
send( ol dRow, ol dCol , newRow, newCol , Prager) ;
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..Image processing

Analysis (the time to compute new coordinates is fixed and small):
e Sequential: ts=n? = O(n?)

e Parallel (p+ 1 processes):
—Communication: In general tcomm = tstartup + M tgata, hENCE

for p processes

tcomm = P(tstartup + tdata) + n’ (tstartup + 4 tgata)

= (n2 + P)tsartup + (4 N+ P)tgata = O(P+ n2)

—Computation: (2 additions; each process handle n?/p pixels)

2

tcomp = 2 % = O(nz/p)

—Overall execution time: tp = tcomm + tcomp
Conclusion: Perform badly, as the communication part far exceeds
the computation part and the overall parallel time is significantly

grater than the sequential time.
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* Example 2: Mandelbrot set

Mandelbrot set: Use the trans-
formation

7 7°4¢C

on complex numbers. For given
c iterate this starting with O till

—the module of the number Is
grater than 2 or

—the number of Iiterations
reaches some arbitrary limit.

Notice: This is an example of an intensive computation for each pixel. The colors
describe the numbers of steps necessary to get a module grater than 2.

Slide 3.27 CS-3211/ Parallel & Concurrent Programming / G Stefanescu



* .Manddbrot set

structure conpl ex{ A sequential program
float real;
float 1 mag;

t

i nt cal cPi xel (conplex c){

Int count, nmax;

compl ex z;

float tnp, |engthSag;

max = 256;

z.real =0; z.img = 0;

count = 0;

do{
tnp = z.real * z.real - r.imag * z.imag + c.real;
Z.lmag =2 * z.real * z.imag - c.Inag;

z.real = tnp;
lengthSq = z.real * z.real + z.imag * z.1nmag;
count ++;

} while (lengthSqg < 4.0) && (count < max));
return count;

}
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* .Manddbrot set

Parallel version (Static task assignment):

Master code

for (i=0,row=0; i<48; i++, row=rowtl0)
send(row, RB);

for (i=0; i<(480%*640); i++){
recv(c, col or, Pany);
di spl ay(c, col or);

}

Slave code (scaling factors are used to fit the display, i.e., scaleReal =
(real Max-real M n)/di spWdt h and similarly for scal el ng)
recv(row, Prager)
for (x=0; x<dispWdth, x++)
for (y=row, y<(rowtl0), y++){
c.real = mnReal + ((float)x * scal eReal);
c.imag = mnlmag + ((float)y * scal el mg);
col or = cal cPixel (c);
send(c, col or, Prager) ;

}
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* .Manddbrot set

Rough analysis (a more precise analysis Is complicate as the number
of iterations per pixel is difficult to estimate):

e Sequential: ts < max x n= O(n)

e Parallel (p+ 1 processes):
—Comm-1: send row number to each slave

tcommt = P(tstartup + tdata)

—Computation: slaves perform their computation in parallel
Max x N

tcomp <
—Comm-2: results are passed to master using individual sends
lcommz = %(tstartup +tgata)
—OQverall execution time:
tp < ma>F<)><n | (I% + p) (tstartup‘|‘tda1a)

Conclusion: When max is large the first factor is dominating and

speedup may get closed to p — 1.
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* .Manddbrot set

A few improvements may be used to increase the efficiency of the
parallel program:

e The startup time is generally long, hence a better approach for
slaves may be to wait till all the pixels in a row are computed
and then to send the full row to the master

e The time to compute may differ from slave to slave, hence a
better approach Is to use a dynamic task assignment:
—Allocate the rows one by one to slaves;

—When a slave Is ready and return the results a new task is
send to him for processing.
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* .Manddbrot set

Parallel version (Dynamic task assignment):

count = 0 Master code
row = 0:

for (k=0; k < procNo; k++){
send(row, B, dat aTag) ;
count ++;
[ OWH+;

recv(slave,r, col or, Pany, resul t Tag);

count - -;

| f (row<di spHei ght) {
send(row, Pyayve, dat aTag) ;
count ++;
[ OWH+;

} else
send(row, Pyave, t €rm nat or Tag) ;

r owRecv++;

di splay(r, color);

} whi | e(count>0);
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* .Manddbrot set

Slave code

recv(y, Prager, SOUrceTag);
whi | e(sourceTag == dataTag) {
c.imag = imagMn + ((float) y * scal el mag);
for (x=0; x < dispWdth; x++){
c.real =realMn + ((float) x * scal eReal);
color[x] = cal cPixel(c);

}

send(1,Yy, col or, Prnager, resul t Tag) ;
recv(y, Prager, SOUr ceTag) ;

}

(Variable count Is used to count the number of busy slaves.)

Notice: For this type of algorithms an empirical estimation of the
overall execution time is for sure a better suited method.
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* Example 3: Monte-Carlo methods

Monte-Carlo methods are approximative methods based on random
selections In computation.

Examples:

e Computing 1t Take a circle of unit radius included into a 2 x 2
square. Then one gets

Area of circle T 12 T

Area of square  2x2 4

Then, choose randomly points within the square and score how
may points happen to lie within the circle.

Notice: May be used for arbitrary integrals, but it’s not too efficient.
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* .Monte-Carlo methods

e Computing an Integral: An integral

/ab f(x)dx

IS approximatively computed taking (uniformly distributed)
randomly generated values between a and b, say, X1, ..., X, and
computing

b—a &

Ti; f(Xi)
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* .Monte-Carlo methods

Pseudo-random number generation:

e Monte-Carlo methods are based on a procedure for generating
pseudo-random numbers.

e A common method is to use the function
Xi+1 = (axj+c) mod m
where a,c, m are well-chosen constants

e A good selection is with m = 231 — 1 (prime number), a =
16807 and ¢ = 0. (For any non-zero a, a sequence including

all 231 — 2 different numbers is created before a repetition oc-
curs.)

e A disadvantage Is that these generators are relatively slow.
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..Monte-Carlo methods

Parallel random number generation:
e One can see that
Xit1 = (aXj +¢) mod m

gives
Xitk = (AX;+C) mod m

where
A = a¥mod m and
C=c(@t+...+al+a% modm
e Using such a recurrence relation one may do the generation in

parallel:
—the first k numbers are generated sequentially

—then, one generates In parallel appropriate subsequences:
1,k+1,2k+1,...and 2,k+2,2k+2,... and so on.
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