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Figure C.2. New node boundaries due to repartitioning in PGC3,
with stride 6.

node O node 1 node 2 node 3

Figure C.3. Repartitioning in PGC4, with stride 6.
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Figure C.1. New node boundaries due to remapping in PGC2.
(only 0-1 boundary shown)

PGC3 performs SGC independently in all nodes without conflicts, similarly to PGC1. Then, it
attemptsto prevent a portion of the crossedges from being permanently excluded from the contrac-
tion pool. Thisis accomplished by repartitioning the graph after each contraction step in the same
“naive’ fashion described for PGC1, but now with a certain stride. This amounts to shifting the
node boundaries with respect to the graph edges, which creates new crossedges and makes a num-
ber of current crossedges local. Consequently, the edges which are excluded from the contraction
pool in oneiteration become subjected to SGC’s operation in the following iterations. Thisisillus-
trated in Figure C.2. PGC3 is an improvement over PGC1. But, it might not yield significant
improvements for all graphs.

PGC4 isthe same as PGC3 but makes use of the spatial coordinates of the vertices, if available. It
assumes that the graph is partitioned such that the vertices in each subgraph lie within a certain
range of values of the x-coordinate, for e.g., and that the sizes of the subgraphs are as equal as pos-
sible. Then, after each contraction step, repartitioning is done based on the x-coordinates instead
of the vertex numbers. Thisisillustrated in Figure C.3. PGC4 is more expensive than PGC3; how-
ever, it would produce better solutions.
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AT =AE,=0;
fori=1to 6(v) do
Save processor, MAP[V,], in list Lo without duplication;
if MAP[v;] # p1 then decrement AE, and E(p1, Lp(i));
if MAP[v;] # p2 then increment AE, and E (p1, Lp(i));
endfor
fori=1to Iength(Lp) do
if thereisachangein Ey(p1, Lp(i)) from O to +ve then (also for p2)
AL =AL + 0o + 1 H(pl, Ly(); (also for p2)
if thereisachangein E(p1, Lp(i)) from +ve to O then (also for p2)
AL =AC -0 -1 H(pL, Ly(); (also for p2)
endfor
AL=2(AL+p AE);

Figure B.1. Computing A due to remapping vertex v from pl to p2.

Appendix C

|mproved Parallel Graph Contraction Algorithms

In this appendix, we briefly describe the three parallel graph contraction agorithms mentioned at
the end of Subsection 9.1.2.

PGC2 alows conflicts over non-local partner vertices and resolves these conflicts at random, for
example. Then, it remaps the supervertices that extend across node boundaries so that each of these
supervertices lie entirely in one node. An example is given in Figure C.1, showing only nodes 0
and 1. Remapping supervertices and their constituent vertices shifts node boundaries. Hence, it pre-
vents the creation of superverticesthat belong to more than one node and avoids the complications
associated with expanding non-boundary information. To reduce the number of conflictsin PGC2,
aglobal data structure maintaining “partnering” status information can be updated several times
during each contraction step. PGC2 is not straight-forward to implement; but it would produce
good quality contracted graphs.
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since H(p,g) = 1 for neareset-neighbor communication and { = C,. Equations (A.1), (A.2) and
(A.6) can be used to derive u:
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where 1 ., < lisauser defined value expressing the importance of communication to computa-
tion.

(A7)

OBJ,,; can be obtained by substituting equations (A.2), (A.6) and (A.7) into (A.1). EFF g5 Can

op
be estimated from the assunptions of G and (A.3) as:
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Appendix B

Computing Al

To compute A, resulting from remapping vertex v from processor pl to p2, we need to compute
A B. Since such remapping will be done extensively, the computation of A { must be efficient. Un-
fortunately, AB isnot as efficiently computable as desired due to the unsymmetry of the number
of boundary vertices, B(p,g). Thus, we approximate B(p,q) with crossedges, E,(p, q), by using a
conversion parameter, 3, , whichisthe average number of crossedges per boundary vertex in area-
sonable mapping configuration. That is, we compute A Ey, and deduce AB = AE, /S, . For general
computation graphs, 3, istypicaly closeto 6 /2. However, 3 = 1 for rectangular grid based
graphs. Figure B.1 outlines how to compute A{ for £ = Cp-
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Appendix A

Estimatesfor u, ¥ __,OBJ,, and EFF

In this appendix, crude estimates are given for the parameters, u, ¥ __ , OBJ opt and EFF opt-
These estimates are based on simplifying assumptions about the computation graph and the as-
sumption that an optimal mapping configuration involves communication only between physically
adjacent processors. Although the estimates given here are very inaccurate, they serve a purpose
in the design of some of the algorithms, where accuracy is not needed.

The main assumption is that an optimal mapping of a computation graph, G, to |V,| processors
can be constructed by considering G a 2-D rectangular graph to which the classic rectangular de-
composition can be applied. That is, G can be decomposed into |V, subdomains with nearest-
neighbor subdomain interfaces. Each subdomain has |V|/|V),| vertices. For large grain sizes,
S,(p) would almost be equal for all p=0to

Y, 6V
ve |Vl

optimal §(p) = W

OBJ,, isan estimate of optimal OF . That is,

OBJ,,, = optimal A2 3 ﬁ(p) + u optimal Y {(p) (A.1)
pe Vy pe Vy
where,
optimal computation term = \V ‘ 2 ﬁ(p)
Mipe

Z B(V) (A.2)

Ve Ve

\VM\

An estimate for the optimal number of boundary vertices of the subgraphs mapped to processors
can be assumed to be

ly =4 J|Vd/|Vu (A.3)
Thus, the total number of vertices that lie on interprocessor boundaries are
Lo = [Vl Ip -4 Ve (A.-4)

assuming that arectangular G has4 ,/|V| vertices at its physical boundary. Therefore, an esti-
mate for the maximum degree of clustering is

1

max ft)

Y
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ular multiphase computations would be interesting. Multiphase computations would involve dif-
ferent computation graphs in different phases, examples are unstructured multigrid computations
and particle-in-cell problems [Choudhary et a. 92]. The mapping time might be more important
here than single phase computations for deciding which mapping algorithms to use.

Fifthly, the use of the PO algorithms for dynamically varying irregular computations is challeng-
ing. Examples of such computations are adaptive solvers, particle dynamics algorithms and mesh
generation. The PO algorithms are promising for adiabatic problems, i.e. slowly varying problems
[Fox et al 87; Williams 91]. Some of the issuesinvolved for this class of problems are how accept-
ableisthe ratio of the remapping time to the solver’s time and how PNN and ab initio algorithms
compare with PGA and PSA, being incremental mapping algorithms, in terms of time and quality.

Sixthly, the application of the PO algorithms to other mapping problems is another research task
[Hwang and Xu 90; Motteler 90; Xu and Hwang 90]; interesting examples of such problems are
mapping heterogenous problems, mapping large problems to distributed-memory SIMD multipro-
cessors, such as Maspar and CM-2, and mapping problems to heterogenous multiprocessor sys-
tems. Finally, the application of the MIMD and SIMD PGAs to other optimization problems is
another areafor further research.
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differences in execution time tend to decrease as the problem size or the multiprocessor size
increases. PGA is consistently the slowest, followed by PSA and then PNN. The ratios of the map-
ping times of the three algorithms may decrease for larger multiprocessors.

For large problems, the use of the proposed pre-mapping graph contraction agorithms yields
remarkable results; the good quality of the mapping solutions of the PO algorithms is maintained
while enjoying aconsiderable decrease in mapping time. Thistime reduction makesthe application
of the PO algorithmsto large problemsfeasible and alows the mapping step itself to be an efficient
and scalable operation. Therefore, the use of graph contraction isimperative for large problems.

The choice among the three mapping algorithms should be application dependent. With large prob-
lems and graph contraction, the differences in mapping quality and time for the three PO algo-
rithms are reduced. Nevertheless, their performance order relative to each other remains the same.
Another consideration isscalability; PSA and PNN are scalable, with or without graph contraction.
With graph contraction PGA's scalability becomes restrained by the multiprocessor size, and not
the data size. Therefore, the criteriafor choosing a mapping algorithm are whether we can afford
to spend more time on mapping to save the problem solver’ stime and how large the multi processor
is. However, the hardware realizability of PNN and its good performance, makes it an appealing
choice.

Based on the work presented in this dissertation, anumber of research tasks can be pursued. Firstly,
the execution time of the parallel PO algorithms can be reduced by hybridizing these agorithmsin
asimilar way to the sequential case described in Chapter 4. The mapping quality is expected to be
preserved despite the decrease in the mapping time. Secondly, the parallel graph contraction algo-
rithm described in Chapter 9 needsto beimproved to produce higher quality contracted graphs. For
this purpose, the algorithms outlined in Appendix C can be explored.

Thirdly, the PO algorithms need to be interfaced with other components of aparallel programming
system, such asthe Fortran D system. These components should generate computation graphs and
link the mapping solution to the problem solver. Components of the PARTI system [Saltz et al. 91]
are good candidates. For a portable integration of the PO algorithms into a programming system,
they have to fit several multiprocessor architectures. This can be accomplished by incorporating a
number of modulesinto the PO algorithms, where each module is associated with a suitable objec-
tive function for standard target multiprocessor topologies. Portability for PNN is not as straight
forward asitisfor PGA and PSA, sinceits current formulation is geared to the hypercube topol ogy.

Fourthly, the PO algorithms, in their current form, are suitable for deployment into applications
with static single phase irregular computations and high connectivity computation graphs. Exam-
ples of such computations are sparse matrix-vector multiplication and sparse conjugate gradient or
Euler solversfor unstructured finite-element meshes. The application of the PO agorithmsto irreg-
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Chapter 10

Conclusions and Further Work

Parallel physical optimization algorithms, based on genetic algorithms, simulated annealing and
neural networks, for mapping irregular data sets to distributed-memory multiprocessors have been
presented. The performances of the these algorithms have been critically evaluated and compared
using test cases that involve different computation graph configurations and a variety of algorithm
and machine characteristics. Further, data setswith small, moderate and large sizes have been used.
For large problems, sequential and parallel pre-mapping graph contraction algorithms have been
proposed and their advantages have been shown. Sequential physical optimization algorithms,
which lay the foundation for the parallel algorithms, have also been described and compared.

The three PO agorithms produce high quality mapping solutions and are shown to be competitive
with RSB, agood heuristic method. The PO algorithms, especially PGA and PSA, are not restricted
by special assumptions about the structure or homogeneity of the computation graph or about the
architecture and topology of the multiprocessor. They can adapt to different conditions by modify-
ing the objective function. Further, they are fairly robust with respect to their design parameters.
Therefore, they do not have a bias towards particular conditions, and the high quality of their
results exhibited for the test cases considered therein is expected to extend to various dataand mul-
tiprocessor configurations. This property of general applicability makes the PO mapping algo-
rithms suitable for integration into automatic parallelization systems. It is important, however, to
ensure that the objective function, guiding the operation of the PO algorithms, has the following
properties: its incremental change is efficiently computable, somewhat smooth, has the locality
property, and includes appropriate machine and algorithm parameter values.

The advantages of the PO algorithms for the mapping quality are more salient when the commu-
nication to computation ratio isnot small, due to larger multiprocessor size, aparticular algorithm,
or higher values of the communication parameters of the multiprocessor. The comparison among
the PO algorithms themselves show that PGA yield the best mapping solutions, followed by PSA
and then PNN. Evidently, PGA has better adaptability to different conditions. Further, it enjoyseas-
ier parallel implementation than PSA and PNN.

The infrequent nearest-neighbor communication scheme in PGA leads to near-perfect speed-up.

The adaptive communication schemesin PSA and PNN are useful for limiting the cost of commu-
nication. Nevertheless, the PO algorithms are slower than heuristic algorithms. Interestingly, the
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9.4. Concluding remarks

All the results discussed above show that SGC and PGC1 are powerful heuristics to accompany
data mapping. They lead to considerable reductions in the execution time of the mapping algo-
rithms, while maintaining good sub-optimal mapping qualities. The time reduction is larger for
larger problems, because with graph contraction, time is determined by |V, and K, not by V.
Thistime reduction asserts and improves the scal ability of the PO mapping algorithms. These find-
ings suggest that the use of graph contraction isimperative for al known mapping algorithms, and
definitely for the PO algorithms.

The contraction parameter K, or y, isauser-defined value, which determines the resultant mapping
quality and time; the user’s choice would depend on the specific application. Suitable valuesfor K
are K>10, for PGA, and k¥>20 for PSA and PNN. However, it has been observed that doubling K,
abovethese values, usually leadsto lessthan 10% improvement in mapping quality and up to 100%
increase in mapping time. Hence, the user would double K if the saving in the application time,
due to the few percent improvement in mapping quality, outwei ghs the mapping time penalty.

PGA shows the best adaptability to the outputs of SGC and PGCL. Thus, it yields the best mapping
quality, followed by PSA; PNN isthe least adaptable. Also, PGA remains the slowest with graph
contraction, followed by PSA, then PNN. Further, PGA’s scalability improves with contraction
since it becomes effectively restricted by the size of the multiprocessor, |V, not that of the data
set, |Vl
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less than that of RSB, but not by a great deal, and the mapping time is extremely reduced. In fact,
asimilar conclusion also holds for PNN, where better contraction quality leads to better mapping
guality. However, the results for FEMW(9428) indicate that RSB2, in its present form, would not
bereliable in general to produce reasonable results, because its operation is sensitive to the output

of the graph contraction algorithm and to the particular problem structure.
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Figure 9.4. Solution quality for mapping FEMW(2800) using
PGC1 with y = 2. (cf. Figure 8.16)
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Figure 9.5. Mapping time, in seconds, corresponding to Figure 9.4.
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should be K¥>10 for PGA and k>20 for PSA and PNN. Suitable K values are bounded from below
due to the non-optimality of any efficient graph contraction heuristics. For PSA and PNN, another
important factor contributing to the lower bound of K isthat K equals their own parallelization
grain size. We have already found, in Chapters 6 and 7, that the grain size should not be small, oth-
erwise PSA and PNN would produce unacceptable mapping solutions. For example, Figures 9.6
and 9.7 do not show aresult for PSA for K=6 because, under such conditions, PSA degenerates
and fails to leave the initial random mapping state. On the other hand, K is bounded from above
by the requirement of achieving the biggest reduction possible in mapping time. For PGA, memory
space r%%JiFgements place a formidable upper bound on K; K should be chosen such that
(0, + N—H) V(. islessthan the available node-memory capacity.

Figures 9.8 and 9.9 show the mapping quality and timefor FEMW(3681) using PGC1 with suitable
K values, as suggested above. These results support the assessment made about the advantages of
using PGC1 for FEMW/(2800). They also show that the proposed values for K are suitable. The
contraction time is also less than 2 seconds for FEMW(3681) and is, thus, negligible.

Theresultsin Figures 9.6 through 9.9 indicate that PGA still yields slightly better solution quality
and is still the slowest. However, they also show that for reasonable K values, the differencein the
mapping time of PSA and PNN has shrunk in comparison with the uncontracted cases. Further,
contrary to the uncontracted case, this mapping time might be smaller than that for RSB, for asmall
quality decrease.

Figures 9.10, 9.11,and 9.12 show mapping quality and time for large data sets, FEMW(9428) and
FEMW/(53961), with K values as prescribed above. PGCL is used for FEMW(9428). But, sequen-
tial SGC is used for FEMW(53961), on the host, because the current implementation of PGC1
required too much memory space on 16 NCUBE nodes. The result for these realistic problems
demonstrate the power of using graph contraction as a preprocessor to mapping algorithms, in gen-
eral, and to the PO mapping algorithms, in particular. The contraction times are 6 seconds, 5 sec-
onds and 129 seconds for the test cases whose results are shown in Figures 9.10, 9.11, and 9.12,
respectively. The contraction time is clearly worthwhile incurring, since contraction leads to such
an enormous saving in the execution time of the PO algorithms, without causing deterioration in
mapping quality. Itisclear from Figures9.10 and 9.11 that PGA still yields slightly better solutions
than those of RSB, PSA iscomparable, and PNN’s solutions are of lower quality, within 20%. But,
thefigures, aso show an impressively smaller mapping time for FEMW(9428) in comparison with
RSB. For the larger data set in Figure 9.12, FEMW/(53961), the saving in mapping time is enor-
mous for the PO algorithms. Thistimeis substantially smaller than that of RSB, for asmall cost in
terms of mapping quality.

It can be seen that when the contraction quality is good, such as that produced by SGC for
FEMW)(53961), the results of RSB2 are surprisingly reasonable; its mapping quality is certainly
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tion (4.1) isnow inaccurately based on “ superspins’ (associated with supervertices) instead of indi-
vidual spins.

RSB can also make use of graph contraction to reduce mapping time. For RSB, the contracted
graph isreconstructed as a simple graph with ;) = e(vij) and &(vij, V,y) = 1,i.e byignoring
vertex and edge weights. After using RSB to map the simple graph the supervertices are unfolded
and MAP]] is specified as in the case of PO algorithms. Such a version of RSB is henceforth
referred to as RSB2. The operation of RSB2 on the simplified graph misses contraction informa-
tion. Clearly, the quality of its mapping is sensitive to the contraction technique and the properties
of the original computation graph.

9.3. Experimental results and discussion

The experiments described in this section deal with test cases used in Section 8.2, to compare map-
ping results with and without graph contraction. They also employ new test cases with large sizes,
to show the performance of the mapping algorithms for realistic problems. The experimental set-
ting is the same as described in Section 8.2.

Figures 9.4 and 9.5 show the solution quality and execution time of the PO algorithmsfor mapping
FEMW/(2800) using PGC1 with x =2. The contraction time is less than 2 seconds, which is negli-
gible with respect to the mapping time. Comparing these results with their contraction-free coun-
terpartsin Figures 8.16 and 8.17, it is clear that the better solution qualities of PGA and PSA are
maintained and that the quality of PNIN’s solutions decreases only by small amount. Also, asignif-
icant reduction in mapping time is evident in Figure 9.5. For the three values of |V, the saving
in execution time of PSA and PNN ranges from 45% to 65%. PGA does not show asimilar saving
because the decrease in its memory space demand, due to contraction, allowed the use of standard
deme sizes, instead of just the smallest size of two, as used for Figure 8.17. The increase in deme
size explains the small improvement in M 5.

Figures 9.6 and 9.7 show the effect of different contraction parameter values, y and its reciprocal
K (equation 4.3), on mapping quality and time. As expected, quality decreases for smaller K, the
ratio of the size of the contracted graph being mapped to the multiprocessor size. However, this
quality decrease is limited to about 10%, for K¥>11, whereas the reduction in mapping time is
remarkable, more that 90% for PSA and PNN. Further, for k=24, for PSA and PNN and k=11, for
PGA, the differences between solution quality and time results for the PO algorithms and RSB
become small. Therefore, Figures 9.6 and 9.7 demonstrate quite clearly the advantages of using
PGC1 prior to mapping, even for asmall data set like FEMW/(2800). In addition, they point to suit-
able values of K, and consequently y, for PGC1, with which good mapping qualities are main-
tained whilst achieving remarkable reductions in mapping time. We estimate that these values
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A number of parallel graph contraction strategies that yield better contracted graphs than those of
PGCL1 can be devised. Three such strategies, which vary in contraction quality and time and in
implementation difficulty, lead to the following algorithms. PGC2 which is faithful to SGC to a
large extent, PGC3 which is conflict-free but is not guaranteed to offer significant improvements
for al graphs, and PGC4 which isthe same as PGC3 but uses the spatial coordinates of the vertices
for partitioning the graph among the N, nodes. The three improved algorithms are discussed in
Appendix C.

9.2. Mapping using graph contraction

In this section, weillustrate how the three parallel PO algorithms make use of pre-mapping graph
contraction and describe some design modification. The operations of the parallel PO algorithms
with graph contraction for large problems differ, in some ways, from that described in Chapter 4
for sequential PO algorithms on small problems. In this section, we concentrate on these differ-
ences.

All three parallel physical algorithms map the contracted graph first. Then, the mapped graph is
decontracted in order to specify MAP[V], forv=0to (|V —1).Thatis, avertex, v, intheorigina
graph G is mapped to the same processor as the supervertex it belongsto in G’é. PSA is capable
of multiscale operation, as described for SA in Chapter 4. After mapping the coarse-structure con-
tracted graph, it evolves amapping result by further PSA steps on the restored fine-structure graph.
However, the results in Chapter 4 show that the increase in annealing time would be prohibitive
relative to the improvement in solution quality. Thisiswhy, in our implementation, PSA performs
coarse-structure mapping only. The initial temperature used for the coarse-structure system, with
parameter  , is x Ty, where T istheinitial temperature computed in asimilar way to that for fine-
structure mapping.

PGA isnot capable of multiscale operation for large problems due to its demanding memory space.
Further, it employs crossedges, E(p, q) (see Section 2.1), asan approximationto B(p, q) infitness
evaluation for contracted graphs, because it is not possible to compute B(p, q) correctly with
merged vertices. Thus, PGA loses some “accuracy” when performing coarse-structure mapping.

PNN does not include a mechanism for multiscale operation due to its ab initio nature. For con-
tracted graphs, PNN uses vy, - = 2®av(x) and Y., = 9V, 0 acount for the computational
weight embodied in supervertices. Spin reallocation is disabled in our implementation of PNN for
contracted graphs, for implementation simplicity and for mimicking PNN’s hardware realization.
This leads to an increase in communication overhead for PNN as V| increases. PNN also loses
some “accuracy” when performing coarse-structure mapping, because the coupling term in equa-
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Figure 9.2. Possible conflicts and supervertex produced by a paralel
graph contraction strategy faithful to SGC; heavy edges
indicate the information needed in iteration k and k+1.

Read computation subgraph (GOC/ Ny
for k=1to x do
Perform oneiteration of SGC;
Give globa numbers to superverticesin (V'(‘:/ Ny) ;
Build contracted subgraph (G'é/ Ny) ;/* involves communication */
Update CONTRACT]V];
/* whichinitial vertex belongs to current supervertex */
endfor
Output (GL/N,,);

Figure 9.3. PGC1 (node algorithm), N, =|Vy|/2.
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the parallel algorithm adheresto the operation of SGC, it would involve conflictsin different nodes
over nonlocal partner vertices. Moreover, nonlocal information needed in a node would vary and
extend beyond the boundary vertices of adjacent nodes in successive contraction iterations. Figure
9.2 shows possible conflicts between different nodes over partner vertices; it also illustrates how a
supervertex formed across node boundaries leads to an expansion in the amount of nonlocal and
non-boundary information needed in the nodes. Resolving conflicts and communicating varying
non-boundary information lead to large communication overheads and difficult implementation.
Since the goal is to efficiently produce reasonable contracted graphs that satisfy the afore-men-
tioned design requirements, deviating from the operation of SGC is both acceptable and necessary.
It is possible to devise a number of strategies for parallel graph contraction that yield acceptable
results. In this section, we describe the simplest strategy, which works reasonably well under cer-
tain conditions, and then we point to three better strategies.

A simple parallel graph contraction algorithm is given in Figure 9.3 and is henceforth referred to
as PGCL. It isbased on executing SGC concurrently and independently in N, NCUBE nodes. The
initial graph, Gg, is partitioned among the nodesin anaive way: each nodeis allocated \VOC\ /Ny

vertices, node n; is alocated vertices n, (‘V%‘/NH) to (n;+1) (‘Vg‘/NH) — 1. Such subgraphs
are denoted as (GOC/ N,) . Each PGC1 iteration performsan SGC step on the local subgraph. Local
graph contraction is confined only to local vertices and local edges. That is, the crossedges, across
node boundaries, connecting vertices alocated to different nodes cannot be contracted and will be
carried over to the contracted subgraph regardiess of their weight. Thisis, obviously, a deviation
from SGC and has two shortcomings. Firstly, it might lead to large weights on the crossedges and
to large supervertex degrees, thus violating the first and second design requirements stated above.
Secondly, it might result in locally disconnected supervertices, violating the third design require-
ment. However, if y issmall, e.g. 3 or less, and the number of crossedges remains asmall fraction
of the total number of edges, the contracted graphs produced by PGC1 turn out to be reasonable.

PGC1 is adopted in the performance evaluation experiments reported below. To ameliorate the
effects of its shortcomings when y isnot small, we execute it on half the available NCUBE nodes.
That is, only N, =|V,|/2 nodes are used for PGCL in order to decrease the number of crossedges.
This halves PGC1's efficiency, which is still acceptable because its execution time is considerably
smaller than the mapping time, anyway.
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(Vo _(* @max(k_ 1)) , can be used for sorting vertex weights since the maximum weight is
known and is relatively small in every contraction iteration [Cormen et al. 90]. It can be easily
shown that the complexity of SGC is of the order of (8__ [V(|), whichis, obviously, dominated
by the first contraction step. It isaso clear that SGC’'s complexity is considerably less than that of

any of the PO mapping algorithms.

I nput: Gg(VC, Eo 1
CONTRACT[V] =vforv=0to (|Vd-1);
O,(V) = 8(V); &O(vi,vj) =1; Vc\o = |Vc

for k=1tox do
Counting-Sort(©, _ ,(V));
repeat (of order of |V, )
V; = unpaired vertex with minimum ©, _,(v);
[* find v,’s partner, if exists*/
if k=1then

v = randomly chosen unpaired vertex adjacent to v;, if exists;

else
V; = unpaired vertex adjacent to v; with maximum E Vi, V),
If exists,
end-if-else
Form supervertex vi; = {V;,V;};
CONTRACT[v;] = CONTRACT[v;] = v;;;
until all vertices are paired or considered
Determine \VC o
Construct_contracted graph (G'é, ©,(v;j), &V, i Vom)) ;
endfor

Output: G{(Vg, EQ) withsize |V ;

Figure 9.1. Sequential graph contraction algorithm.

9.1.2. Parallel algorithms

Parallel graph contraction is based on distributing the graph vertices among the NCUBE nodes. I
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tices and of its superedges are rather identical.

When mapping a contracted graph, the weights of supervertices determine the computational
workload of processors, and the edge weights affect the interprocessor communication cost.
Hence, for mapping purposes, an optimally contracted graph would be a fairly homogeneous
weighted task graph that involvesrelatively small edge weights. That is, optimal graph contraction
isidentical to finding an optimal solution to the mapping problem, which isintractable. Therefore,
we can only hope for reasonable heterogeneous contracted graphs. The heterogeneity of contrac-
tion contributes to placing an upper bound on the contraction parameter, y, as pointed out in Chap-
ter 4, and shown in the results below. On the other hand, the three PO mapping algorithms have
degrees of flexibility and adaptability, which allows them to utilize graph contraction despite non-
optimality.

Based on these considerations, the requirements guiding the development of a graph contraction
algorithm can be stated as follows. Thefirst requirement is making edges with large weights intra-
supervertices edges, ensuring that most of the inter-supervertices edges have relatively small
weights. This requirement helps in reducing the communication cost in a mapping configuration.
The second requirement is having small average supervertex degree in the contracted graph. Small
supervertex degrees are useful for decreasing the number of communicating processors, and hence
the communication cost, in amapping configuration. Thethird requirement iskeepingthe © __ to
O, ratio as small as possible; smaller variations in the weights of the vertices of a contracted
graph reduces heterogeneity, makes the contracted graph less far from optimality, and yields
smaller size graphs. This requirement is also necessary to support the second requirement. The
fourth, and the most important, requirement is that the graph contraction heuristics must be effi-

cient; its execution time must be smaller than the mapping time.
9.1.1. Sequential algorithm

A sequentia graph contraction (SGC) heuristic algorithm is given in Figure 9.1. In each contrac-
tioniteration, k, pairs of vertices, i.e. partners, are selected from G'é" ! tobe merged. Thefirst ver-
tex, v;, is that which has the minimum ©(v;). Its partner, v;, is an unpaired vertex adjacent to v,
with maximum &(v;, vj). If v; doesnot exist, v; becomesavertex of GE. Theway v, is selected
ensures that vertices with smaller weights are merged before those with larger weights, which lim-
its the differences in the weights of supervertices in G'(‘:. It has been observed that this yields a
O naxk 0 Oping Fatioin G'(‘: that issmaller than or similar to that in G'(‘; ! whichisareasonable
result, although not optimal, and satisfies the third design requirement mentioned above. A partner
vertex, v;, is selected with maximum &(v;, V) to satisfy the first design requirement. Also, both
techniques for selecting partner vertices support the second design requirement indirectly.

SGC isan efficient heuristic algorithm. A counting sort algorithm, with complexity of the order of
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Chapter 9

Graph Contraction Heuristics for
Efficient mapping of large problems

It isevident from the previous results that PO algorithms are very slow in mapping large problems.
Their execution time is unacceptable when compared with typical time for solving the problems
being mapped. In fact, thisis true even for faster algorithms, such as RSB which takes about the
same time for mapping FEMW/(53961) as the solution time for afluid dynamics problem using an
Euler solver [Das et a. 91]. In addition, PGA has memory space limitation even for moderate size
problems. Therefore, no matter which mapping algorithm is chosen, large problems need to be
shrunk first, and then the reduced size problem is mapped to a multiprocessor. This fact has been
recognized by other researchers. Some researchers have just stated the need for such apre-mapping
step [Fox 88b; De Keyser 91]. Others proposed the formation of blocks of data objects during the
process of generating the data set itself for the problemsthey dealt with [Nolting 91]. Thisapproach
is not generalizable and not flexible enough to suit the requirements of different mapping algo-
rithms and different problems.

In Chapter 4, we suggested the use of graph contraction for reducing the size of the search space
and demonstrated the significant saving in time it produces. In this chapter, we present simple and
efficient sequential and parallel graph contraction heuristic algorithms which are general and can
be applied to different computation graph structures. We al so describe some design modifications
to the PO algorithms which are required when graph contraction premapping is employed. Then,
we explore and compare the resultant performances of the mapping algorithms.

9.1. Efficient graph contraction heuristics

Graph contraction, with parameter ¢ (equation 4.2), consists of  iterations. The basic step at iter-
ation k involves merging two adjacent vertices, v; and vj, to form asupervertex v, j whose compu-
tational weight is O(v, j) = O(v,) + G)(vj) , initially ©(v) = 6(v). v; and v, are henceforth
referred to as partner vertices. Merging two vertices, v, and vp, is equivalent to the contraction of
the edge connecting them. Also, a superedge connecting supervertices

v;j and v, isassigned aweight &(v;;, v,,,) = ) Vv;e &(vy Vy), where &(v, v) = 1

VX Vnm - . .
initially. We henceforth refer to a contracted graph as hyomogeneous If the weights of its superver-
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8.3. Concluding remarks

The three parallel PO algorithms exhibit diverse properties which make them suitable for different
applications. The mapping solutions produced by the three algorithms are good sub-optimal solu-
tions and do not show a bias towards particular problem configurations. Clearly, the parallel PO
algorithms are competitive with good bisection algorithms, specifically RSB, as far as solution
quality is concerned; but, they are slower. The improvement in mapping quality produced by PGA
and PSA are more pronounced when the ratio of communication to computation is larger. Among
the three PO agorithms, PGA produces the best mapping quality, followed by PSA and then PNN.
However, PNN isthe fastest and PGA the slowest.

All three parallel PO agorithms are somewhat less robust than their sequential counterparts dueto
additional design parameters. But, the parallel algorithms no longer exhibit the difference in
robustness observed for the sequential algorithms, in Chapter 4; the levels of insensitivity to prob-
lem and design parameters for the three parallel agorithms are comparable.

There is a significant difference in the memory space requirements between the algorithms. In
PGA, a population of structures evolve, and, thus, information is needed in every node (subpopu-
lation) about the whole problem, whereasin PSA and PNN only thelocal subproblemisconsidered
in anode. For large problems, PGA requires large memory space, which is, generally, not techno-
logically practical. One way to alleviate thisrestriction is to add a preprocessing graph contraction
step to PGA, as advocated in Chapter 4 and elaborated in Chapter 9. With graph contraction, the
problem, and consequently the individuals in the population, are reduced in size by a suitable fac-
tor, x (equation 4.2).

PSA and PNN are scalable. The quality of their solutions remains almost constant provided that
thegrainsize, |V /N, doesnot become small. Efficiency of both, PSA and PNN, decreaseswith
larger hypercubes, more quickly for PNN. Decreasing efficiency implies smaller decreasesin exe-
cution time asthe size of the hypercube increases. If the memory spacerestriction is circumvented,
as suggested above, PGA would enjoy better scalability than PSA and PNN. With larger hyper-
cubes, its execution time decreases faster. It yields good solutions, even for the smallest deme size
(PGA's grain size) of two. Furthermore, larger hypercubes offer the opportunity to increase the
total population size and the number of demes for PGA, whichislikely to produce yet better solu-
tions. However, even with graph contraction, PGA will be restricted by its memory space require-
ments for large multiprocessors.

It is clear from the execution time figures of the PO algorithms that such times are long and unac-
ceptable, in practice, especially for large data sets. Moreover, the fraction of improvement pro-
duced by the physical algorithms seems to decrease for larger problems and growing grain size, at
a big time penalty. This motivates the graph contraction based technique, described in the next
chapter, for reducing the execution time significantly. The high memory space demand of PGA for
FEMW!/(3681) also accentuates the need for graph contraction preprocessing.
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three data sets. RSB is faster for these problems. We do not have access to a parallel version of
RSB. However, arough estimate of itstime is also shown; it is calculated by scaling reported par-
alel time[Daset a. 91] using RSB’s complexity expression, in Section 4.4, and 1860 to NCUBE/
2 speed ratio [McCurley and Plimpton 92]. As expected, PGA isthe slowest, followed by PSA, and
PNN is the fastest. However, the difference in execution time decreases for larger problem size,
|V, and larger multiprocessor size, |V,|. Thereason is, as discussed before, that PNN's efficien-
cy decreasesrapidly for larger |V, whereas PGA's efficiency, on the other extreme, might not de-
crease. However, this property of PGA isnot clear from the figures due to the use of different deme
sizes for different cases. Moreover, as |V and |V,,| increase, the number of generations, GEN,
and the number of annealing steps, A, inthe complexity estimates of PGA and PSA, do not increase
by the same proportion; but, al terms in PNN’s complexity estimate scale up with problem and
multiprocessor sizes.
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8.2. Resultsfor various parameter values

This section includes experimental results for mapping FEMW(545), FEMW/(2800) and
FEMW!/(3681), with different parameter values. The goal isto investigate how the performance of
the PO algorithms changes for different algorithms and different multiprocessor machines. In this
section, {(p) = Cp(p) (expression 2.6) is used for communication cost, which is more general and
moreredistic than C(p) for present day multiprocessors. The parameters considered are: compu-
tation workload parameter, A, and communication parameters, p, ¢ and t, in addition to granu-
larity, V|/|Vy|- Weassume L =7, p =15, 6 =325, and T = 100 asreference parameters. The
reference value of A is not small in order to compensate for the small computation grain size of
FEMW(545), but not too big to hide the effects of the communication term. The combination of
chosen reference values is considered reasonable for an iPSC/860 machine [Berrendorf and Helin
92; Bokhari 90a] and an Euler solver [Das et al. 92] for unstructured meshes of the FEMW type.
For clarity, solution quality values, n (equation 2.7), are normalized with respect to those of RSB.
All results are averages of three runs.

Figures 8.9 through 8.14 consider a variety of combinations of parameter values for the data set,
FEMW!/(545). Figures 8.9-8.12 show solution qualities of the PO algorithms and RSB, varying one
parameter at atime. Figure 8.13 shows results for combinations of realistic values, corresponding
to multiprocessor machines, such as NCUBE/2, NCUBE/10, CM-5 and iPSC/2 [Bomans and
Roose 89; Bozkus et a. 92; Fox 91c; Sears 90]. Figure 8.14 shows results for combinations of val-
ues, meant to accentuate the effect of some of the parameters, especially p. Figure 8.16 shows n

values for FEMW(2800), with different realistic parameter values. Note that PGA's solutions are
not the best possible for FEMW(2800); they are constrained by ademe size of only 2, due to mem-
ory space limitations. Figure 8.18 shows n values for FEMW/(3681); PGA is not included due to
insufficient node-memory space.

The results show that the PO algorithms yield good suboptimal solutions, which are better than
those of RSB, for avariety of algorithms and parallel computers. As expected, PGA finds the best
solutions, 5% to 25% better than RSB’s. PSA comes second, producing sol utions 3% to 15% better
than RSB’s. PNN'’s solutions are close to and, often, only dlightly better than RSB’s solutions,
sometimes a little worse. The improvements in solution quality shown by the physical algorithms
are more pronounced for larger communication to computation ratios, particularly for larger |V,
smaller grain size, smaller A, or bigger p. PGA and PSA exhibit good flexibility and adaptability
to various algorithm and multiprocessor characteristics, where they allow appropriate trade-offs
between the computation and the communi cation terms of the of the objective function. Obvioudly,
PGA has better adaptability, since fitness uses OF, ., whereas PSA’s energy equals OFappr . PNN
lacks such flexibility.

typ’

Figures 8.15, 8.17 and 8.19 give the average execution time taken by the PO algorithms for the
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RSB and PNN seem comparable. It should be noted, however, that the discrepancy between the
uses of OFappr to guide the operation of the three algorithmsand OFtyp to evaluatetheir solutions
presents an impediment to the full realization of the capabilities of the physical optimization strat-

egies.

Comparing the three algorithms, it is clear that PGA consistently produces the best solutions, PSA
produces the second best, and PNN'’s solutions come last. For example, for TEST1 and N, = 16,
PSA’'s solution is 11% better than PNN’s, and PGA's solution is 6% better than PSA’s and 18% bet-
ter than PNN’s. Thisfinding is consistent with what is observed for the sequential algorithms (N,
=1). Itisinteresting to note that the differencesin the solution qualities do not undergo any signif-
icant changes with the grain size, i.e. with different N, values. Further, since the solutions of the
parallel agorithmsare consistent with those of their sequential counterparts, our earlier conclusion,
in Chapter 4, about the applicability of this class of algorithms can be reiterated: the parallel PO
algorithms do not exhibit a bias towards particular problem topologies.

The execution times, in seconds, of the three parallel algorithms are summarized in Figures 8.5 to
8.8. It isclear that PGA isthe slowest and PNN is the fastest. For example, for TEST1 and N, =
16, PSA is 2.4 timesslower than PNN, and PGA is 2.8 timesslower than PSA. Thetime order holds
for different degrees of parallelism, including the sequential case. However, the gaps separating the
time curves shrink with higher degrees of parallelism; PGA’s execution time decreases the fastest
as Ny, increases, followed by PSA. For example, for TEST3, the sequential GA time is 29 times
that of the sequential NN. But, for 16 nodes, the ratio decreases to only 5. This follows from the
result that PGA has the best efficiency and PNN the smallest.
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Chapter 8

Compar ative Performance
Evaluation of PGA, PSA and PNN

Comparative experimental results and discussion of the performances of the parallel PO algorithms
are presented in this chapter. The performance measures are solution quality, bias, execution time,
robustness, scal ability, and memory space requirements. A variety of parameter values are consid-
ered for comparing the mapping algorithms. The parameters are computation and communication
parameters which characterize parallel agorithms and parallel machines and are included in the
objective function. The data sets employed are, again, those involved in TEST2 through TEST5,
explained in Table 5.1, in addition to FEMW/(2800) and FEMW(3681).

This chapter consists of two sections; Section 8.1 builds on the results reported in Chapters 5, 6 and
7 for comparing the performances of PGA (i.e. SBPGA), PSA and PNN; Section 8.2 includes
results for mapping FEMW(545), FEMW/(2800) and FEMW/(3681) produced by varying parame-
ter values. In all cases, spectral bisection (RSB) [Pothen et al. 90], a representative of good quality
heuristics, isincluded to give an indication of the quality of the solutions produced by the physical
algorithms. We also note that the problems dealt with in this chapter are not large problems. Their
computation graphs have a product V|6, of afew tens of thousands; this limit is set by PGA's
memory space requirements, for the current node-memory capacity of NCUBE/2, since graph con-
traction is not utilized. All results, in this and following chapters, are for NCUBE/2 implementa-
tions.

8.1. Comparison for TEST2 through TEST5

This section compares the performances of the three PO physical algorithms for TEST2 through
TESTS, with the same experimental setting used in the last three chapters.

Figures 8.1 through 8.4 summarize the mapping quality results produced by the PO algorithms, for
the four test cases. In addition, results of fast bisection heuristics, recursive coordinate bisection
(RCB) and recursive spectral bisection (RSB) [Simon 91], areincluded. It is clear from the figures
that the PO algorithms produce good sub-optimal solutions which outperform the bisection meth-
ods for the test cases considered. The only exception is the two-dimensional GRID2 case where
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values of 0.338, 0.446, 0.787 and 0.432, respectively, from Chapter 4. The sharp fall in efficiency
reflects the small amount of computation performed by PNN per spin and, thus, the rapid increase
in the relative cost of global and semi-global summation operationsfor S(®,) and in the cost of
inter-node communication. However, it is clear that for reasonable grain sizes the efficiency is
acceptable.

Figures 7.7, 7.8, 7.11 and 7.12 show the quality of the solutions produced by PNN. It seemsthat a
decrease in granularity leads to some decrease in quality. However, the decrease is small in some
cases and negligible in others. The decrease can be attributed to considerable increase in the rela-
tive magnitudes of the inconsistencies, in between communication operations, for small grain sizes
and can be ignored for reasonable granularities.

In PNN, Vg and Vodry A€ two additional parameters, to those of sequential NN. Their values
affect solutions, needles to mention efficiency. Although the empirically derived frequencies are
adequate, experimental experience has shown that the inclusion of these parameters results in
somewhat reduced robustness.

7.3. Concluding remarks

A parallel agorithm for data mapping, based on BNN, has been presented. PNN deviates from
sequential BNN to achieve acceptable speed-ups. A salient feature of PNN is a communication
scheme that exploits some of PNN’s own characteristics and is adapted to the characteristics of the
mapping problem. PNN also includes spin reallocation after each bisection step for reducing the
cost of global communication. The experimental results show that, for reasonable granularity, the
adaptive communication scheme and spin reall ocation provide an adequate mechanism for limiting
the decrease in PNN’s speed-up. They also show comparable solution qualities to those of sequen-
tial BNN.
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Determine spin subset and computation subgraph allocated to my_node;
Find inter-node communication info (nodes,boundary spins);
for i =0to (log,|V)[-1) do
if (i >0) then /* after 1st bisection */
Reallocate_spins() and determine my_subcube;
Find inter-node communication info (nodes,boundary spins);
endif
Generate random spin values, s(vii,t), v=0to |V|-1;
repeat (for Ng,nmax SWEEPS)
Determine Vs, and Vbdry’
for al spinsOto |V|-1do
Global_add (Sy(@,),my_subcube) at Ve
Communicate_boundary(spin values) at Vodry’
Pick a spin randomly;
Compute s(v,i,t+1) in domain @, ; /* equation (4.1) */
end-for
until (convergence)
Set bit i in the neurons (0 or 1);
end-for

Figure 7.4. PNN node algorithm for data allocation.

7.2. PNN properties

In this subsection, the properties of PNN areinvestigated. The same experimental setting described
for PSA and SBPGA is aso employed here, with TEST2-TESTb.

Figures 7.5, 7.6, 7.9 and 7.10 show the efficiency of PNN for the four test cases for different N,.
Asin PSA, the notion of efficiency isnot precise here either. All four figures show arapid decrease
in efficiency with increasing N,, and decreasing granularity. The efficiency values, especially for
Vvl = Ny, are, as expected, well below sub-optimal efficiencies for typical iterative algorithms
applied to the same data sets. PNN values of 0.19, 0.25, 0.16 and 0.14 compare to the suboptimal
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bisection pass, two spin domains are generated. The spinsin domain O can be reallocated to nodes
in subcube xx...x0 and those in domain 1 to subcube xx...x1, where x is a don’t-care symbol, as
showninFigure7.3. That is, spinsarereallocated so that boundaries of spin domains coincide with
node boundaries. In the second bisection pass, each of S(0) and S(1) isneededinonly one
subcube. Thus, updating the two values can be carried out within the two subcubes concurrently,
which reduces the cost of the global operation to ahalf of what it isin the first bisection pass. Sim-
ilarly, after thei-th bisection, spinsin subdomain j are reallocated to the subcube whose node num-
bers agree in the (i-1)-th least-significant bits with those of j. The cost of updating S(®,) is
therefore halved with each successive bisection pass, which yields significant overhead reduction
for large hypercubes and improves PNN’s scalability.

0 1
node
| m “ boundary
2 3 | spindomains
< . boundary

Figure 7.3. Spin reallocation after the first bisection.

The overhead due to reall ocation has been, experimentally, found to be reasonable and is, anyway,
acceptable since it places the data objects where they should be mapped for the parallel program,
ALGO. However, the cost of inter-node communication might increase for some problems because
of possible increase in the number communicating nodes, with smaller messages. For example, in
Figure 7.3, node 2 has three neighboring nodesinstead of two, asin Figure 7.1. The PNN algorithm
issummarized in Figure 7.4.

Like PSA, convergence of PNN is detected when no further progress is made. However, progress
here is measured in terms of the number of spins that change their direction in one sweep. If this
number becomes a small fraction of the total number of spins, then the network is considered con-
verged. It should be noted that the noise term in the network’s equation (equation 4.1) causes such
small fluctuations even when the effect of the coupling and long-range terms has stabilized.
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decreasing Vg is, as mentioned above, that after the formation of spin domains, a smaller number
of spins change values/directions until convergence. A suitable scheme has been empirically found
to beasfollows: v S starts with ahigh value, about 5 global summationsin asweep, andislinearly
decreased to 10 summationsat N1g,,.; then to aminimum of once every three quarters of a sweep.
The variation of the inter-communication period, (1/ Vss) , iIsdepicted in Figure 7.2.

1
Vbdry g Ngrain
1
iN o gNgrain
10 'grain
Nswp
lewp Nswpmax
1
Vs,
3
. ZNgrain
10
5
I\Iswp
le\Np Nswpmax
Figure 7.2. Variation of (1/v,.) and (1/vg) s Ngrain=|Vel /Ny

Another way to decrease the cost of updating S(®,) isbased on spinreallocation. Given the small
amount of computations required for a spin update, the relative cost of global summation, at fre-
quency vg, for updating Sy(®,) rises rapidly and PNN's speed-up starts to vanish for smaller
granularity and large hypercubes. To decrease the summation cost, we reallocate spins to nodes
after each bisection pass so that summation will subsequently be needed within smaller subcubes
instead of the entire cube. The initial spin allocation remains as described above. After the first

72



after the formation of domains could lie entirely within a node and that spin values at the node
boundaries might not change for many updates in a sweep and, therefore, need not be communi-
cated between nodes frequently. The third observation is that some inconsi stencies resulting from
the use of outdated neighboring spin values can be tolerated since PNN is inherently “erroneous”

anyway.

0 I  node
boundary
1
2
[ | spin domains
) < " boundary
(1st bisection)

Figure 7.1. Boundaries of nodes and spin
domains for the first bisection.

These three observations lead to an internode communication scheme, whereby the frequency of
boundary communication, v, is atenuated as N, ,, increases, in every bisection iteration.
Vbdry starts with arelatively high value, 10 times per sweep, and is linearly decreased to 5 times
per sweepat N1g,; then to once per sweep at Nswpmax- The variation of the inter-communication
period, (1/Vbdry) , 1S depicted in Figure 7.2. Nlgp is problem dependent. It depends on the
dimensionality of the problem and the degree of connectivity of the computation graph. For exam-
ple, for graphs with large vertex degree, such as that for FEM-W, a suitable N1, Would be

K|V 17X with typical values for x and k being 2 and 1, respectively.

The question of updating spin sums, S(®,), by global operationsissimilar tothat for S/(p) in
PSA. Here also, the frequency of global summation, Ve should be kept to a minimum, whilst not
allowing the inconsistency in the local values to grow beyond an acceptable level. We also note
that we are interested in net sums of spin values, not in individual values, where inconsistencies
contributing to a sum might cancel each other. Further, due to the inherent erroneousness of PNN,
some magnitude of inconsistency can be tolerated and, hence, the global sums need not be evalu-
ated every spin update.

Based on these observations, one way to address the question of updating Sy(®,) issimply to per-
form global summation with afrequency that decreases with the number of sweeps. The reason for
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of the neighboring spins (second term) and the most recent value of the sum, S(®,), of the values
of all spins, except the spin being updated, that liein @, . Concurrent spin updating in PNN, there-
fore, involves three possible sources of inconsistencies. Thefirst sourceisthe local use of outdated
nonlocal spin values. The second source of inconsistency is the concurrent updating of spins that
belong to the same subdomain, which leads to what we henceforth refer to as inherent “ erroneous-
ness’ of PNN. Thethird source of inconsistency is concerned with S(®,), fork=0to 2'-1, in dif-
ferent nodes. The design of PNN consists of steps that deal with these inconsistencies by updating
boundary information and by global spin summation. Similarly to PSA, an important component
of PNN’s design is a communication scheme which exploits the characteristics of PNN and is
guided by the requirement to maintain both reasonable solution quality and acceptable execution
time.

To address the problem of outdated neighboring spin values, wefirst note that PNN resemblesiter-
ative successive relaxation algorithms, such asthe Gauss-Seidel algorithm. That is, PNN resembles
typical loosely synchronous parallel algorithmswhose parallelization isits goal, with an additional
burden due to the global sum term, S(®,). Thisleads to two suggestions. The first suggestion is
that the efficiency of aloosely synchronous agorithm, ALGO, on a data set, DATA, represents a
loose upper bound for the efficiency that can be attained by PNN when employed for DATA and
ALGO. For example, the experimental results of Chapter 4 indicate that a numerical relaxation
algorithm with agood suboptimal mapping of FEM-W to a4-cube can attain an efficiency of 0.338.
Thismeansthat PNN for FEM-W, | V| = N, = 16, and the naive spin allocation scheme described
above can never reach an efficiency of 0.338. The second suggestion isthat methods used in relax-
ation algorithms, such as multicoloring, to break up the dependency between connected data
objects can be borrowed for PNN. Multicoloring would enable the communication of boundary
information between nodes to happen only once every update sweep over the entire data set. How-
ever, asin PSA, we have experimentally found that coloring high-connectivity data sets, such as
FEM-W, restricts the probabilistic sampling of the spins and |eads to degeneration in the solution
quality.

Similarly to PSA, the question related to outdated neighboring spin values can be stated asfollows:
How often should inter-node communication take place for correcting local information about
neighboring spin valuesin other nodes and, yet, keeping the communication frequency as small as
possible? Before answering the question, we make three observations. Thefirst observation is that
the boundary spins, to be communicated, form only a fraction of the spins allocated to a node.
Hence, their values are neither updated nor needed every spin update. The second observation is
experimental: after a number of sweeps, lewp, spin domains are formed, although not in their
final configuration. The spins in the middle of a domain might become permanently aligned, and
only the spins near the boundaries of the domain might change value/direction. Figure 7.1 depicts
an example of spin alignment after anumber of update sweepsfor thefirst bisection and their naive
allocation to a 4-node cube. It shows that a large proportion of spins that keep changing direction
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Chapter 7

Parallel Neural Network Algorithm

Although the BNN algorithm isfound, in Chapter 4, to be significantly faster than SA and GA, its
parallel implementation is also necessary for faster mapping and practical application. BNN con-
sistsof log,|V)| iterations. In eachiteration, i, anumber of sweeps, Ny, ;5. OVer theentire spins
are performed. As aresult, 2' spin domains are bisected into 2' * * domains, denoted by @, for k
=0to 2' *1-1, and the corresponding data objects are mapped to 2' + * subcubes. After the last iter-
ation, MAP[] becomes fully specified. It can be seen, from equation (4.1), that a spin update
depends on the coupling matrix G(s;s') and the weighted sum of spin values S(®,) =

.. o SV, 1,06(V) . Thatis, aspin update depends on neighboring spinsand the sum of spinval-
ues in the same domain.

The coupling dependence and, especially, theintra-domain dependence give rise to communication
overhead in a parallel implementation of BNN. This overhead would be large relative to the small
amount of computation involved in aspin update. Thus, the reduction of the communication over-
head is a challenging task to be addressed in a parallel algorithm. A parallel NN algorithm is
described in this chapter and its properties are experimentally investigated. It has been imple-
mented on an N,,-node NCUBE/2.

7.1. Algorithm

The Parallel Neural Network (PNN) algorithm, presented in this section, takes a similar approach
to that of PSA. It isbased on executing the sequential NN algorithm concurrently and loosely syn-
chronously in the N, hypercube nodes, where the local memories of the nodes contain digoint
subsets of spins, i.e. data objects, and their associated computation subgraphs. This gives rise to
parallelization issues similar to those encountered in PSA. However, the NN algorithm suggests
different ways to address these issues. For example, theinitial allocation of spinsto N,; nodesfol-
lows the naive scheme used in PSA for thefirst bisection step of PNN. But, the results of the bisec-
tion steps themsel ves allow areallocation of spinswhich subsequently reduces the communication
overhead. A suitable reallocation scheme is discussed below.

PNN also deviates from the sequential operation of NN. According to equation (4.1), an update of
aspin value s(v,i) in spin domain @, at any time in a sweep depends upon the most recent values
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tion to possible differences in performance between PSA and SA due to the inconsistencies
allowed in PSA. All results are averages of ten runs.

Figures 6.4, 6.5, 6.8 and 6.9 show the efficiency and the number of passes (temperatures) of PSA
for different number of nodes, Ny, for the four test cases. The notion of efficiency, or speed-up, is
not precise here since the parallel algorithm deviates from the sequential one. However, it is still
used as a measure of the parallelizability of the annealing algorithm. All figures show a decrease
in efficiency when N, increases and granularity decreases. Efficiency drops due to an increase in
the relative cost of global summation operations and inter-node communication. It decreases more
rapidly for FEM-2 because it has the smallest granularity. The curves of the number of passes do
not show a uniform and consistent behavior. However, it can be seen in the four cases that, with
the adaptive communication frequencies, there is no significant increase in the number of passes
for larger Ny,. Hence, the inconsistencies allowed in PSA do not lead to significant delays in the
progress towards the final solution. But, the communication cost per pass increases with N,.

PSA’'s solutions are given in Figures 6.6, 6.7, 6.10 and 6.11. Clearly, PSA's solutions are very close
to those of sequential SA (N,,=1) in all cases except for the small granularity cases of FEM-2,
which is still within a small fraction. Thus, the deviation of PSA from its sequential counterpart
does not result in premature convergence and degradation in solution quality, as long as the grain
sizeis not too small. Consequently, the solutions and the efficiency figures show that our scheme
of annealed v__ _ and adaptive Vs, and Vodry leads to both, preservation of SA’s solution quality

mvs
and acceptable efficiency values.

In addition to the parameters needed in sequential SA, PSA includes additional parameters, namely
the communication frequencies. Although the adaptive communication scheme described aboveis
adequate, these parameters make PSA somewhat |ess robust than sequential SA.

6.3. Concluding remarks

A parallel simulated annealing algorithm for data mapping has been presented. PSA deviates from
sequential SA in order to achieve reasonable speed-ups, for reasonable grain sizes. This deviation
leads to inconsistencies, which are corrected by communicating globa and boundary information.
An adaptive communication scheme, which makes use of the characteristics of PSA and the map-
ping problem, has been proposed for reducing communication cost while maintaining good quality
solutions close to those of sequential SA. The experimental results support this assessment of the
communication scheme.
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Another aternative for reducing inter-node communication cost would be the use of multicoloring,
where nonadjacent vertices of the computation graph are assigned the same color to break up the
computationa dependencies among them. Thisallows Vodry to be one every (|V|/N},) attempted
moves per node. However, it has been experimentally found that multicol oring produces solutions
of lower quality for computation graphs with nonsmall vertex degrees because it restricts the prob-
abilistic sampling of the data objects. Further, multicoloring did not show much improvement to
PSA’s speed-up for two reasons. Thefirst reason isthat the dominant communication cost for larger
Ny, isthat of the global summation operations. The second reason isthat at low temperatures adap-
tive Vodry values, described above, become smaller than what multicoloring offers.

Convergence of PSA isdetected when no further progressis made. Progressrefersto improvement
in the concurrent efficiency of the best-so-far mapping configuration. Determining the best-so-far
according to OF,, ; involvesaglobal operation. Thisiswhy itisonly done at low temperatures. If
the best-so-far does not improve for a number of annealing steps, say 10, then it is assumed that
convergence has been reached.

6.2. PSA properties
In this section, the properties of PSA are experimentally investigated; the quality of its solutions,

PSA's efficiency, and robustness are experimentally examined. Test cases TEST2 to TEST5S and the
same experimental setting as that in SBPGA's experiments is used here. We give particular atten-
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An outline of PSA is given in Figure 6.2. After the naive mapping step, the algorithm includes
boundary communication and global summation steps, in addition to the local sequential SA pro-
cedure. The global summation of the number of attempted and accepted perturbationsin all nodes
isrequired to detect thermal equilibrium. At high temperatures, the number of accepted moves at
one temperature is high and, thus, the number of elements that change in MAPF[] at each attempt
might belarge. Therefore, the magnitudes of the three inconsistency types, described above, would
grow rapidly if local SA steps proceed without correction. Corrections can be accomplished in two
ways: aglobal sum operation to unify  §(p) , for p=0to |V,|-1, inal nodes, correcting the sec-
ond inconsistency type, and inter-node communication of boundary information, correcting the
third inconsistency. The first inconsistency type occurs randomly and contributes to an inherent
“erroneousness’ of PSA, mainly at high temperatures.

Obvioudly, it would be disastrous for PSA’s speed-up to make the above-mentioned corrections at
every attempted move or at a high frequency. On the other hand, low-frequency corrections would
lead to degeneration. However, as temperature decreases the number of accepted moves, N,
decreases and, thus, the likelihood of inconsistencies also decreases; at low temperatures PSA
approaches SA. This observation points to a remedy for the speed-solution dilemma, which isthe
use of an adaptive correction scheme. In this scheme, the frequency of global summation of the
numbers of attempted and accepted moves, v, isannealed, i.e. attenuated with temperature; the
frequencies of updating S/(p) , v X and of inter-node communication, Vidry: &€ made adaptive
to the number of accepted moves. Specifically, v . . isdecreased linearly from one communication
every two attempts, at initial temperature, to afew times, e.g. four times, per N, P€" node, at
freezing temperature. The variation of the inter-communication period, (1/v_ ), isdepictedin
Figure6.3. v S, equals one every few, e.g. two, accepted moves per node. That is,

1
Vo = ——  Where AN, .. = 2N,,.
SAN, . ace

Vodry equals one communication every severa, e.g. eight, accepted moves per node. That is,

% =~ where AN,.. = 8N,,.

bdry A Nacc acc H
This value of Vbdry makes use of the fact that the number of boundary objects, needed in other
nodes, are only afraction of thelocal grain size.

We emphasize here that these empirically derived estimates for Vodry and v g, dSsumea reasonable
grainsize, |V|/Ny. We also note that these communication frequencies are decreased with tem-
perature due to their dependence on the decreasing number of accepted moves. The experimental
results below show that while such frequencies maintain reasonabl e speed-ups by allowing incon-
sistenciesto occur in between corrections, these inconsistencies are corrected so frequently that the

final solution quality is not degraded.




The design of PSA, discussed in this section, consists of steps, which address the potential sources
of inconsistencies, for producing solutions comparabl e to those of sequential SA in acceptable exe-
cution times. The design strategy is based on frequently unifying the local views of the global state
in order to prevent degeneration. Unifying involves inter-node communication, which reduces the
speed-up of PSA. However, an adaptive scheme is devised below for reducing the communication
cost.

The first question that arises for PSA is how to map MAP[] and the associated computation graph
to Ny, hypercube nodes, which isthe same problem that PSA aimsfor solving in thefirst place. We
have chosen a negligible-time naive mapping scheme, where MAP[] is split into contiguous seg-
ments, MS,, MS,, ..... that are as equal as possible. The elementsin MS and the corresponding
computation subgraph are mapped to nodei. Clearly, this mapping schemeisfar from optimal and
the speed-up for the PSA agorithm is sensitive to the numbering order of the data objects because
it determines the amount of inter-node communication. For problems with large | V|, more ‘intel-
ligent’ schemes whose complexity is of the order of (|V|) can be used, such as Farhat's domain
decomposer [Farhat 88], for reducing communication cost and boosting PSA's speed-up.

Determine segment of MAP[] and computation subgraph mapped to my_node;
Determine inter-node communication information (nodes, boundary objects);
Generate random MAP][] segment;
Determine Initial temperature, T(0) (1 global comm.);
Determine Freezing temperature;
Communi cate boundary information;
Global summationfor §/(p) ;
while ( T(i) > Tfreeze and NOT converged ) do
Determine v .;
while (not equilibrium) do
Local SA step;
Update #attempted and #accepted perturbations at v
Communicate boundary info at Vodrys
Update S/(p) at Vg, (global summation);
end_while
if (N,.. < THRESH) then save best-so-far according to OF
T() =k* T(i-1)
end_while (end 1 pass)

mvs’

typ’

Figure 6.2. PSA node algorithm for data mapping.
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In this chapter, the PSA algorithm for data mapping is described, and its properties are experimen-
tally explored. PSA has been implemented on an N,,-node NCUBE/2 hypercube.

6.1. Algorithm

PSA is based on performing sequential SA concurrently in different nodes of the N, -node hyper-
cube. Clearly, this algorithm is not faithful to the sequential SA because perturbations can occur
concurrently and not successively. Hence, thelocal node (in N;-node cube) view of AOF . due
to aremapping (i.e. a perturbation), in the loca MAP[] segment, of a data object from processor
pl to p2 is not always consistent with the global view. Figure 6.1 helpsillustrate this discrepancy.
It shows how data objects are mapped at some point in the annealing process, with |Vy,| = 2 and

Ny =2

Since AOF,,,, dependson thesums, §(pl) and §/(p2), and on the change in communication
costs, AC , threetypes of inconsistencies can beidentified in PSA. Thefirst type occursif two (or
more) concurrent perturbations, in different nodes in the N,-node cube, involve data objects v1
and v2 (or more) with MAP[v1l] = MAP[v2]. The second inconsistency type is concerned with

S/p) , for p=0to |Vy|-1, in different nodes. The third inconsistency type occurs due to local
use of outdated information about nonlocal elements of MAPY], across node boundaries (refer to
Figure 6.1), that are involved in A{ . We emphasize, again, that these inconsistencies are due to
the deviation from the sequential algorithm. If they are allowed to accumul ate, they lead to degen-
eration. Inconsistency accumulation leadsto either aconvergence to abad minimum or an increase
in the number of passes needed to maintain reasonable solutions, causing a decrease in speed-up
in the latter case.

p0 pl | NodeO
Pl 1po
/\ <¢— Node Boundary
pO pl p0 Node 1

Figure 6.1. A mapping configuration at some annealing
step; |Vy| =2 and N = 2.
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Chapter 6

Parallel Simulated Annealing Algorithm

The comparative results of Chapter 4 show that simulated annealing yields good quality mapping
solutions. In this chapter, a parallel ssmulated annealing (PSA) algorithm is described. PSA is
needed for faster mapping, especially for problems with realistic sizes. The PSA agorithm, pre-
sented in this chapter, uses OF appr 8SEnergy function and, thus, AOF appr for energy change. That
is, PSA isbased on the sequential SA1, and not SA2, since SA1 is considerably faster and because
AOF,, is more expensive to parallelize anyway.

Asexplained in Section 4.1, simulated annealing starts with some configuration represented by the
data mapping vector MAPF[], at ahigh temperature, and the goal isto find a configuration that min-
imizes OFappr. SA isbased on successive perturbations to the configuration. A perturbation, or
move, is accomplished by a random change to MAP[V] in the range of processor numbers, 0 to
|Vwl-1, wherevisarandomly chosen computation graph vertex. Acceptance, or rejection, of aper-
turbation depends on temperature and A OF which involves S(p) and AC .

appr’

The SA algorithm is very sequential, since the acceptance of a perturbation depends on the out-
come of the previous ones. A number of strategies have been suggested for its parallelization with
acceptable speed-ups [Baiardi and Orlando 89; Eglese 90; Greening 90; Roussel-Ragot et al. 91;
Williams 86]. The strategy adopted in this dissertation is based on executing sequential SA concur-
rently and loosely synchronously in all processors of a multiprocessor, where the processors con-
tain digoint segments of MAP[] and the associated computation subgraphs. This strategy is called
asynchronousin [Greening 90] and error SA in[Eglese 90]; we henceforth refer to it simply as par-
allel ssimulated annealing (PSA). It is adopted in this work because it is faster and more scalable
than the other known strategies, at least for our application. This strategy has been applied to a
VLS| problemin [Banerjee et a. 90] and to dynamic load balancing in [Williams 91]. Our design
of PSA and its application to data mapping is an extension to the work of Williams [Williams 91];
we present a flexible and reasonable-cost adaptive communication scheme and include explicit
discussion of the design choices made. In addition, we use a different convergence criterion for a
reasonable quality-time trade-off. Also, diverse test cases, including 3-dimensional unstructured
tetrahedral meshes, are employed for performance evaluations. Further, we do not use clustered
perturbations. Instead, our choicefor faster annealing isthe exploitation of graph contraction, men-
tioned in Chapter 4 and elaborated in Chapter 9.
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SBPGA and IDPGA are fairly robust. Experimental experience has shown that their performance
does not show much sensitivity to design and problem parameters. Theintrinsic paralelisminthe
underlying evolution models provides a natural way for controlling the convergence of the evolv-
ing structures. Thus, the probability that the genetic search gets trapped in bad local optimais min-
imized, and the need for additional measures and parameters such asthose used in SGA isobviated.
However, the limit on their robustness stems from the finite range of choicesfor the design param-
eters, such asthe length of the drift phase in SBPGA, and the neighborhood size in IDPGA.

Further work can be done to improve SBPGA and IDPGA. Thiswould include the exploration of
other CM configurations for IDPGA, corresponding to different geographic population distribu-
tions. Also, the chromosomes can be allocated to the CM columns of processorsin away that ex-
ploits the physical hardware for reducing communication cost. For example, chromosomes can be
allocated to the 16-processor chips that form the nodes of the CM’s cube, or contiguous segments
of the chromosome can be allocated to the same physical processor. For SBPGA, fully asynchro-
nous operation seems appealing. It would involve variable values for M and the use of different
valuesfor D in different demes accounted for by polling in every generation.

5.5. Concluding remarks

Two genetic algorithms based on natural population models and suitable for parallel implementa-
tion have been proposed. These are a new coarse grain MIMD PGA based on the shifting balance
theory and a new fine grain SIMD implementation of a PGA based on the isolation by distance
model. The two PGASs enjoy the property of intrinsic parallelism which leads to superlinear speed-
ups, in comparison with SGA. Their application to the data mapping problem shows that they pro-
duce good sub-optimal solutions that are comparable to those of SGA, although IDPGA exhibits
some decrease in solution quality due to the inconsistencies it involves in the hill climbing step.
The two PGAs also show comparable robustness to that of SGA.

Since the focus of this work is on mapping datato MIMD multiprocessors, only SBPGA will be

used for further investigation and comparison in the remainder of this dissertation; it is henceforth
referred to simply as PGA.
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rable solutions.

(if) Neighborhoods of sizes different than 25 have been experimented with; results are averages of
10 runs. For aneighborhood size of 13, the efficiency is 0.951 found in 69 generations. For alarger
size of 49, the efficiency becomes 0.933 found in 53 generations. These results show that a range
of sizesare suitable for IDPGA; an appropriate neighborhood size would be in the range of 5to 10
percent of the population size.

5.4. Further experimental results and discussion

In this section, more experimental results are presented for the two PGAS, followed by a compar-
ative discussion of their performances which also involves SGA. TEST2-TEST5 are considered.
The performance measures are efficiency, for solution quality, and number of generations, for ev-
olution time. SGA has been implemented on a SPARC 1+, SBPGA on NCUBE/2, and IDPGA on
16K processors CM-2. All results are averages of ten runs.

Figures 5.16, 5.18, 5.20 and 5.22 show the efficiency values produced by the three algorithms for
the four test cases. For comparison, the results of recursive spectral bisection (RSB) and recursive
coordinate bisection (RCB), from Chapter 4, are shown. Also shown are results of parallel simu-
lated annealing (PSA) and paralel neural network (PNN) algorithms, which are described in the
next two chapters. Clearly, the three genetic a gorithmsyield good suboptimal solutionswhich are
superior to those of other methods. The only exception is for TEST3, in Figure 5.20, where IDP-
GA's efficiency is somewhat less than that of the annealing algorithm. SGA and SBPGA show
comparable solutions. The solutions of IDPGA for TEST1 and TEST?2 are also close to those of
SGA and SBPGA; but, those for TEST3 and TEST4 are of lower quality. Thisis due to the incon-
sistencies resulting from the concurrent hill climbing implementation in IDPGA. That is, the qual-
ity decrease does not stem from the basic IDPGA evolution model. Instead, it is due to acomponent
of the algorithm related to the specific application, i.e. data mapping.

Figures5.17, 5.19, 5.21 and 5.23 show the numbers of generations and the actual execution times,
in minutes, for the three GAs. It is clear that the parallel algorithms take a smaller number of gen-
erations than the sequential one, for evolving comparabl e solutions; SBPGA takesthe least number
of generations. In this sense, the two PGAs exhibit superlinear speedups; the intrinsic parallelism
of the distributed population evolutionary models has the potential to evolve fit genotypes faster
than the classic panmictic GA model. The actual execution times do not reflect the real speedup of
the PGAs since they refer to different computers and are technology dependent; they are included
as examples of real performance figures. It is worth noting here that the GAs are slower than the
other lower quality mapping methods mentioned above, asisshownin later chapters, and for large
problems, graph contraction still needs to be employed.
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work, a neighborhood of individual i isformed of individuals within a certain distance in the X-Y
plane, with individual i being at the center. An example of two overlapping neighborhoods, each
with 13 members, whose centers are 3 unit distances apart is shown in Figure 5.15. Obviousdly, this
PGA also enjoys intrinsic parallelism. A small neighborhood size enhances intrinsic parallelism
and local differentiation and, thus, minimizes the possibility of premature convergence. Another
advantage of small neighborhoods is smaller communication cost. However, a neighborhood
should not be too small otherwise it might take along time for the search to converge to reasonable
solutions.

x
X X X
X X X X x
x X X
O & O
O OO O O
O O O
O

Xy

Figure5.15. An example of two overlapping neighborhoods,
each with 13 virtual processor members.

The choice of thefittest in the neighborhood as the second parent, half the time, in the reproduction
step is a modification to the original isolation by distance model. Since the diffusion process is
dow, this modification is justified for increasing the selection pressure localy and, hence, for
speeding up the evolution of a solution. The better convergence caused by this modification is not
expected to sacrifice the quality of the solution because of the small size of the neighborhoods,
within which the fittest is sought, relative to the population size.

5.3.2. IDPGA properties

IDPGA has been implemented on a 16 K-processor CM-2. Its operation is tested here only for
TEST1. More results are reported in the next section. The population size used is the same as for
SBPGA, and theresultsare also normalized. The neighborhood sizeis chosen to be 25 unless stated
otherwise. It isformed of theindividuals that are within a distance of three unitsin the X-Y plane.
The crossover and mutation rates are 1.0 and 0.004, respectively.

(i) The best mapping for TEST1 corresponds to an efficiency of 0.967 found in 66 generations. The

averages of 10 runs are 0.946 efficiency and 60 generations. IDPGA, aso, exhibits superlinear
speed-up with respect to SGA, since it takes a smaller number of generations for evolving compa-
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In the reproduction step, the mating pool of each individual isrestricted to a small local subpopu-
lation, referred to as neighborhood. Each individual selects a mate from its neighborhood that is
either arandom member or thefittest, with equal probability. Selection is carried out in the (X,Y,0)
plane and the result is, then, spread in the Z-direction. The local individua undergoes one-point
crossover with the selected mate, where the crossover point is also determined in the (X,Y,0) plane.
The second genetic operator, mutation at 0.004 probability, is a completely local operation for the
random mutant genes. Then, hill climbing and fitness evaluation are carried out for the new indi-
viduals. Fitnessisthetotal sum, inthe Z-direction, of gene contributions. With the genes allocation
described above, hill climbing can no longer be performed sequentially as in SGA. Instead, it is
carried out concurrently, where boundary data objects concurrently attempt to be remapped accord-
ing to their local view of AOF . Since AOF,, involvesthe global terms, S/(p), determined
by the mapping of other data objects in the individual, concurrent hill climbing involves possible
inconsistencies. Concurrent hill climbing has, sometimes, been found to cause a decrease in solu-
tion quality. However, this decrease is small, aswill be seen below, and can atolerable penalty for
the increase in speed offered by the concurrent operation. Interestingly, this problem of inconsis-
tency due to concurrency is sSimilar to that arising from concurrent perturbationsin parallel simu-
lated annealing, described in the next chapter. After fitness evaluation, an elitism step is performed;
the new offspring is forced to compete, 70% of the time, with its parent, and the fitter of the two
survives. An important feature of IDPGA is that most steps involve CM communication opera-
tions. Thisisthe price paid for exploiting the massive parallelism of the CM.

*Z

Figure 5.14. CM configuration for IDPGA.
(Individual = dark column)

Clearly, subpopulations overlap in IDPGA and, thus, the fitter genotypes spread throughout the
population by diffusion. The neighborhood of an individual can be defined in several ways. Inthis
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for a graphics problem [Kosak et al. 91]. Its selection scheme is similar to ours; but, it does not
fully exploit the massive parallelism of the CM. The CM has also been used to verify the superi-
ority of local selection to panmictic selection [Collins and Jefferson 91]. The isolation by distance
model has been employed in [Muhlenbein 89], [ Gorges-Schleuter 89], [Laszewski 91] and [ Spies-
sens and Manderick 91] for solving quadratic assignment, traveling salesperson, graph partition-
ing, and GA-deceptive problems, respectively. These PGAs have been implemented on Transputer
based systems and on a mesh-connected DAP. In [Muhlenbein 89], the global fittest individual is
included in all local subpopulations during selection in order to increase the convergence speed.

In this subsection, we describe an algorithm based on the isolation by distance model which ex-
ploitsthe massive parallelism of the Connection Machine and does not resort to global information.
The algorithm is henceforth referred to as IDPGA.

5.3.1. Isolation by distance based PGA

An outline of IDPGA isshown in Figure 5.13. The CM is configured as a 3-dimensional shape, as
shown in Figure 5.14, and the population is distributed asfollows: the number of virtual processors
inthe X-Y plane equals the popul ation size, and each chromosome is distributed over a column of
virtual processors in the Z-direction, one gene per processor. Each new generation is created in a
distributed fashion by having each column of processors replace a parent by its offspring.

Configure CM as a 3-dimensional shape;
Random generation of initial population (1 gene/proc);
Read input gene information (from computation graph);
Evaluate fitness;
for (gen=1 to maxgen) OR until convergence do
Set u;
Select from neighborhood {fittest OR random} in X-Y;
SPREAD in Z-direction from (x,y,0) the location of selected mate
& xover point;
Crossover (with mutation) the local individual with the selected mate;
Hill climbing by offsprings (involves REDUCE comm.);
Evaluate fitness (involves REDUCE comm.);
Retain better of { offspring , parent} at 0.7;
endfor
Solution = Fittest.

Figure 5.13. Outline of IDPGA (CM-2 implementation).
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Figure 5.11. SBPGA solution for TEST4. Figure 5.12. SBPGA solution for TESTb.

5.3. SIMD PGA

The fine-grain SIMD PGA described here is based on the isolation by distance model, where the
popul ation has a continuous and uniform distribution over alarge area. It provides another compu-
tational model suitable for different computers and different applications, especially for mapping
problems for fine grain SIMD distributed memory multiprocessors. This model lendsitself to fine
grain parallelism, which makes the Connection Machine, CM-2, an attractive choice for its simu-
lation. A CM implementation of a PGA has appeared in [Robertson 87] for a classifier system.
However, Robertson’s work is based on panmictic selection and makes heavy use of the commu-
nication mechanisms of the CM. Another CM implementation has been independently developed
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increase with Ny,. This indicates that intrinsic parallelism tends to evolve good solutions in a
shorter time, which is evident in the number of generations taken. Superlinear speed-up is clearly
aproperty of SBPGA. As expected, inter-processor communication was found responsible for less
than 3% of the time in the worst case attempted.

(iv) The quality of SBPGA's solutions for TEST2 through TEST5 are shown in Figures 5.7, 5.8,
5.11 and 5.12 as afunction of N,,. They are close to the sequential solutions, although they show
asmall decrease in quality for the largest N,. This decrease does not contradict the result of part
(i), because the design parameters were not tuned for the four test cases. We chose to favor general
setting of parameters and faster execution to small improvementsin solution quality.

(v) SBPGA has reduced sensitivity with respect to some parameters, such as operator frequencies,
since it embodies another mechanism for controlling premature convergence. But D, M and the
global convergence detection parameter are additional parameters that affect PGA's performance
for different problems. The overall result is some decrease in PGA’s robustness with respect to that
of SGA.
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isgreater than or equal to 15, the search becomes slow. Therefore, D should bein the range 5 to 15
or, equivaently, 0.25 to 0.75 of the deme size. In Figure 5.4, the results of M=5% are surprisingly
good but are generally unreliable. If M is greater than 40%, the selection pressure becomes too
high, whereas avalueless than 15% might not provide a sufficient shifting of control. It is conclud-
ed that 20% to 40% of the deme size is a suitable range of values for M. Moreover, it isintuitive
that as D decreases, M should also drop to balance out the increase in the selection pressure.

H Efficiency 86

M #Generations

O Time(min) 64 977
9

5 10 15
#Drift Generations (D)

Figure 5.3. TEST1 Results for different D (M=30%).

M Efficiency
M #Generations
972 977 O Time(min.)

66 66

5 10 20 30 40 5
% Migrants (M)

Figure 5.4. TEST1 Results for different M (D=10, time=2.0).

(i) For TEST2-TEST5: Figures 5.5, 5.6, 5.9 and 5.10 show the speed-up and the number of gen-
erations for different number of NCUBE/2 nodes, N,, and POP = 96. The notion of Speed-up is
imprecise here, since the parallel agorithm deviates from the sequential one. However, it still
serves as a measure of parallelizability of SBPGA. All figures show superlinear speed-ups, which
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Table 5.1. Test cases of data sets to be mapped to hypercubes.

Data Set (V) VM
TEST1 GRID1(301) 8
TEST2 FEMW/(545) 16
TEST3 FEMW(545) 8
TEST4 GRID2(551) 16
TESTS5 FEM2(198) 16

(i) For TEST1 and deme size equal 20, the evolution of the solution in one demeisdepicted in Fig-
ure 5.2. The step improvement in the efficiency value after the arrival of migrants from the fittest
neighbor is clearly manifested at some points, such as generations 11 and 21. SBPGA finds a solu-
tion of 0.977 efficiency in only 66 generations. The averages of 10 runs are 0.96 efficiency and 65
generations. Thetime taken by the interdeme sel ection phase has been found to be 1.3% of that for
the drift-mass sel ection phase, which shows that the communication overhead isamost negligible.
For comparison purposes, the best solution found by SGA isalso shownin Figure5.2. It showsthat
although both algorithms evolve comparabl e solutions, SBPGA takes a smaller number of gener-
ations and enjoys superlinear speedup with respect to SGA.

eff
ratio
1001 SBPGA

o
V

Figure 5.2. Evolution of the efficiency of mapping
GRID1 in one deme.

10 30 50 " generation

(i) For TEST1, the efficiency of the mapping, the number of generations required for evolving the
mapping, and the time taken are illustrated in Figures 5.3 and 5.4 for different lengths of the drift
phase and migration percentages, respectively. The values shown are the best of five runs. From
Figure 5.3, it can be seen that if D isless than 5, the evolution model approaches that of asingle
mating unit and migrants increase the selection pressure, leading to premature convergence. If D
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and nodes become associated with each other. For example, the neighborhood of ademe is defined
as the demes alocated to neighboring nodes, with direct physical connection. A sequential GA,
such as SGA, is performed in each node for D generations as a simulation of the drift and mass
sel ection phases of the deme’s evolution. For this purpose, SGA can be simplified by removing fea-
tureswhich are no longer necessary for maintaining diversity. These featuresinclude inversion and
variable operator rates. Also, 1-point crossover and any acceptable selection scheme can be used
instead of 2-point ring-like crossover and ranking. After a drift phase of D generations, one-way
migration is carried out by allowing the demes with the higher adaptive peaks within their neigh-
borhood to expand. Expansion is accomplished by sending copies of the M% (of the deme size)
best individuals to the neighboring demes with lower peaks. It is assumed that limited resources
are available for each deme and, thus, the M% least fit individuals in the receiving deme are re-
placed by the immigrants. Then, the drift-migrate cycle is repeated.

The assumption of limited resources prevents any growth in the deme size and, thus, averts an in-
crease in the implementation complexity and time. The length of the genetic drift phase, D, is de-
pendent upon the deme size and the parameters of the sequential GA that affect convergence, such
astheratesof the genetic operators. A good choicefor D has been empirically estimated to be about
half the deme size. The number of migrants should be big enough to force the shifting of control
to higher adaptive peaks; but not too big that it swamps fit genotypes in the receiving deme. Fur-
ther, M should increase for longer drift phases. An empirical estimate of 20 to 40 per cent of the
deme size seems to be adequate.

5.2.2. SBPGA properties

SBPGA has been implemented on iPSC/2 and NCUBE/2 hypercubes, for exploring some of its
properties, namely its operation, parameters, solution qualities and speed-up. The mapping test
cases considered are given in Table 5.1, where the data sets are shown in Figure 4.4 and are ex-
plained in Section 4.7. Again, we note that these test cases provide different geometry, granularity,
gpatia dimensionality, and graph connectivity. The solution quality isthe concurrent efficiency. All
results are averages of ten runs, unless stated otherwise. Fixed rates for the genetic operators are
used. The number of drift generations, D, and the fraction of migrants, M, are half the deme size
and 30%, respectively, unless stated otherwise. However, in the tuning stage of the search, D is
halved to allow faster spreading of the genotypes produced by decreasing 1 in AOF There-

appr-*
sultsin parts (i) and (ii) are for iPSC/2 implementation. They use OFappr for fitness and are nor-
malized as in SGA’'s experiments, in Chapter 3, for comparing the two sets of results. The

remaining results, in parts (iii) to (iv) are for NCUBE/2 implementation.

For these test cases, the solution quality, n (equation 2.7), uses {(p) = Cy(p), A = 12/6 o and
p=195/8,.
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a data mapping solution is sought, the bias towards better candidate solutions in the adaptive to-
pography is appealing. Therefore, we conjecture that although the shifting balance model may not
be the most general model for natural evolution, it has advantages for artificial evolution and that
it is faster than PGAs based on other models. However, the implementation of SBPGA deviates
from the theory of shifting balance because natural evolution is slow and aims at continuously pro-
ducing fitter individuals. In artificial evolution, the objective is convergence to as good a solution
as possible in a reasonable time. Hence, in our application, it is undesirable to have a long drift
phase followed by interdeme selection in each shifting balance iteration in order to allow the fitter
genotypes to spread throughout the population. Instead, the coverage of the whole population is
accomplished over a number of shorter iterations.

Random generation of initial deme;
Evaluate fitness of this deme;
repeat
/* Drift and local selection phases*/
for (D drift generations) do
Perform Sequential GA;
If Tuning Stage, set D = D_tuning;
endfor
[* 1-way migration phase (interdeme selection) */
Find the highest fitness peak in the immediate neighborhood (incl. this deme);
Exchange with neighbors the pair: (mynode, highest peak in my neighborhood);
Save received pairsin nodelist[] , requestedlist[];
if (mynodeisin requestedlist[]) then
Nonblocking send copies of M% migrants to requesting demes in nodelist[];
endif
if (mynode not contain highest peak in neighborhood) then
Blocking receive M% migrants from the fittest (requested) neighbor;
Replace M% weakest individuals with migrants;
endif
until convergence
Solution = Fittest.

Figure 5.1. Outline of SBPGA (hypercube node algorithm).

Anoutline of SBPGA is presented in Figure 5.1 as a hypercube node algorithm. It assumes that the
total populationisevenly distributed as demes all ocated to the nodes of ahypercube. Hence, demes
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In contrast with the above-mentioned models, Wright considered a model where the population is
distributed uniformly over a large area, but interbreeding is restricted to small distances [Wright
43]. Genetic divergence within the popul ation takes place merely dueto isolation by distance. Each
individual has its origin at a particular place and its parents are drawn at random from a small
neighborhood. Fitter genotypes are spread throughout the population by diffusion rather than mi-
gration. The size of the neighborhood and the shape of the habitat play animportant rolein the anal-
ysis of the model. For example, it has been shown that there is more local differentiation in linear
than in two-dimensional habitats. Also, local differentiation increases with smaller neighborhood
size.

52. MIMD PGA

The coarse-grain MIMD parallel genetic algorithm presented here is based on the shifting balance
theory of evolution and ishenceforth referred to as SBPGA. Previous Coarse-grain PGAs are based
on other models of population structure. In [Pettey et al. 87], a PGA is presented for optimizing
DelJong’s functions. In this PGA, the population is split into subpopulations, and neighboring sub-
populations exchange and insert into their local population the fittest individual in every genera-
tion. The distributed GAs in [ Tanese 89] and [Cohoon et al. 91] share significant aspects with the
stepping stone models. In these algorithms, subpopulations are assigned to the processors of a hy-
percube, and migration occurs periodicaly every epoch of generations. Migrants are exchanged
among all neighboring processors. During a migration generation, subpopulations grow in size,
and migrants are sel ected randomly in the originating subpopulations. After receiving theincoming
individuals, thelocal populationisreduced back toitsoriginal size. In[Tanese 89], the PGA isused
for optimizing Wal sh functions, whereas in [Cohoon et a. 91] it isapplied to a VLS| problem.

5.2.1. Shifting balance based PGA

SBPGA inherits the favorable aspects of the shifting balance model of evolution. An important as-
pect isitsintrinsic parallelism, which provides a suitable mechanism for controlling popul ation di-
versity and convergence. Hence, it allows SBPGA to dispense with those featuresincluded in SGA
for this purpose. The shifting balance model lendsitself to an embarrassingly parallel decomposi-
tion, which makes it attractive for multiprocessor (e.g. hypercube) implementation; demes can be
allocated to the processors of the multiprocessor and interdeme selection can be accomplished by
migration between immediate neighbors. Another important consideration isthat the time required
for the drift and mass selection phases, associated with local computations, is much greater than
that for the interdeme selection phase, associated with interprocessor communication, which
makes the communication overhead small. Hence, the shifting balance model is quite suitable for
multiprocessor implementation. Furthermore, the shifting balance model has been adopted in this
work because it supports a constant drive towards higher fitness peaks. Since a rapid evolution of
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Wright's island model of population structure [Crow 86] assumes that the population is large and
issplit into semi-isolated subpopulations, called demes, dispersed geographically likeislands, each
breeding at random within itself. Each generation, a deme exchanges afraction of its members for
migrants drawn at random from the rest of the population. If their number is not too small, the mi-
grants can be considered representative of the subpopulationsin terms of alele frequency, and in-
coming alleles can be assumed to be independent. The mathematical analysis for this model has
shown that the coefficient of genetic differentiation is predominantly determined by the amount of
migration and is independent of the mutation rate and the total number of aleles [Crow 86; Hartl
and Clark 89]. The analysis assumes that the mutation rate is much smaller than the proportion of
migrants and that the population size is sufficiently large.

Theisland model is not likely to be realized in nature since the immigrants usually come from ad-
jacent demes and, thus, are not a random sample of the species. Kimura's stepping-stone models
are based on the adjacency observation. These models assume certain geometrical patterns for the
deme locations, such aslinear arrays, rectangular grids and torroidal patterns[Hartl and Clark 89].
Migration is allowed only between immediate neighbors. These models are mathematically intrac-
table. However, asymptotic solutions and numerical studies have shown that they share the prop-
erty of genetic differentiation coefficient of the island model.

The shifting balance theory of evolution [Wright 77] presents another model of discontinuous pop-
ulation structure. The shifting balance process iterates through three phases. The first phase is the
random genetic drift phase, in which the allele frequencies drift to some extent and, thus, the demes
explore their adaptive topography. The second phaseisfor mass selection which permitsthe favor-
able gene combinations created in the first phase to rapidly become incorporated into the genome
of the subpopulation by means of natural selection. Different demes now contain sets of alele fre-
guenciesthat are likely to correspond, by chance, to various adaptive peaks with different heights.
The third phase is for interdeme selection, where demes with higher fitness increase in size and
shift the allele frequencies of adjacent demes by one-way migration until they come under the con-
trol of the higher fitness peak. The favorable genotypes become spread throughout the population
in ever-widening concentric circles. In thisfashion, larger parts of the adaptive topography can be
explored, and a continual shifting of control from one adaptive peak to a higher one takes place. In
Wright's view, this model offers agood chance for the population to avoid being hung up on alow
adaptive peak and to evolve novel types of gene interactions.

In contrast, Fisher argued against the shifting balance theory by suggesting that the adaptive peaks
in multidimensional fitness landscapes are not very high and that they are connected by fairly high
ridges, always shifting because of environmental changes [Crow 86]. Thus, the landscape is more
analogous to waves and troughs in an ocean than to a static one. The alleles are selected because
of their average effects and the population is likely to improve continuously.
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problems such as the optimization of Walsh functions, the traveling salesperson problem...etc.
These PGAs differ in the models they adopt for the population structure, in the mechanisms used
for implementing some features of the models, and in the applications they are adapted to.

In this chapter, a new coarse-grain MIMD PGA and a new implementation of a fine-grain SIMD
PGA are presented. The coarse-grain PGA is based upon a model of discontinuous population
structure and the theory of shifting balance of evolution [Wright 77]; it has been implemented on
a hypercube. The fine-grain PGA is based on the isolation by distance model of populations with
continuous distribution [Wright 43]; it has been implemented on the Connection Machine, CM-2.
The coarse-grain PGA offersfaster convergence than do other coarse-grain PGAs, which is advan-
tageous for data mapping and other applications. The fine-grain PGA provides a model that ex-
ploits the massive parallelism of the CM-2. The two PGASs incorporate SGA in asimplified form.
They dispense with featuresincluded in SGA for precluding premature convergence. Such features
are substituted for by the advantages of local reproduction and intrinsic paralelism in the PGAs.
SGA hererefersto GA2 (see Table 4.1), where OFp, is used for fitness evaluation and AOF appr
for hill climbing. We note that although the two PGAs are applied to data mapping in this disser-
tation, they represent general GA models and are not restricted to only the mapping problem.

A brief summary of important models of natural populationsis presented in section 5.1. In thefol-
lowing sections, the two PGAs are described, and their application to data mapping is experimen-
tally demonstrated, compared and discussed.

5.1. Models of natural population structure

Populations of natural species are usually spread over alarge area. Hence, they do not constitute
single random mating units, as viewed by the classic GA [Holland 75], because the distance of in-
dividual movement would be much smaller than the entire distribution area of the population. The
mating pool for selection is restricted to a certain range of distances and distant individuals would
liein different poolsgiving riseto someform of subpopulations. Associated with genetic drift, such
population distribution leadsto local differentiation in allele frequencies and to genetic divergence
among subpopulations. Such geographic popul ation structures can have profound effects on the ev-
olution of species. In contrast with the case where the popul ation is a single mating unit, variability
across the popul ations persists and the problem of premature convergence is not encountered. Sev-
eral models for population structures have been devised in population genetics. They involve var-
ious views for the subdivision of population and various schemes for intergroup selection and for
genetic exchange or migration among the groups, i.e. subpopul ations. Important and relevant mod-
els are summarized here. These models can be broadly divided into two categories according to
whether the distribution of population is continuous or discontinuous.
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Chapter 5

Parallel Genetic Algorithms

Thetimeresultsin Chapter 4 show that SGA isvery slow for practical problems even with hybrid-
ization or multiscale application. Hence, its parallelization is necessary, especialy that the multi-
processor on which the parallel algorithm, ALGO, isto run is available anyway. However, SGA
and classic GAs involve global dependences at both the population and chromosomes levels. The
single mating unit model of reproduction, i.e. panmictic reproduction, leads to dependence among
all chromosomes in the population. Also, the genetic operators and hill climbing lead to depen-
dence among all genesin achromosome. These vertical, among individuals, and horizontal, among
genes, dependences make a straight parallelization of SGA inefficient, since interprocessor com-
munication overhead would be substantial.

Fortunately, models of natural evolution offer a suitable solution for parallelization. Populations of
natural species are normally distributed in various ways that confine reproduction to subpopul a-
tions, with interaction among subpopulations. Distributed population and local reproduction ame-
liorate the vertical dependency and confines the horizontal dependency to local individuals.
Conseguently, in addition to being more relevant for species in nature, these properties of natural
evolution models makes them attractive and suitable for parallel simulation. Furthermore, it turns
out that distributed population with local reproduction isanatural way for circumventing the prob-
lem of premature convergence, encountered in the implementation of classic GAsdueto panmictic
reproduction; panmictic reproduction can allow the exploitation aspect of the genetic search to
dominate. Distributed population models enjoy intrinsic parallelism, which refers to concurrent
and independent exploration by the subpopulations of many different regions in the adaptive
topography. Intrinsic parallelism reduces the likelihood of premature convergence and, also, leads
to faster evolution, in comparison with panmictic GAs.

Parallel genetic algorithms (PGAS) based on distributed population structures are easy to imple-
ment. Subpopulations can be allocated to the processors of a multiprocessor, and interactions
among subpopulations can occur via the interconnection network. Different population structures
can be modeled by different PGAs that are suitable for different parallel computers. A number of
models for distributed natural population structures have been proposed in the popul ation genetics
literature [Crow 86; Hartl and Clark 89; Wright 43, 77]; important models are summarized in Sec-
tion 5.1. Previous PGAs [Cohoon et al. 91; Laszewski 91; Muhlenbein 89; Pettey et al. 87; Tanese
89] share features with some of these models. Their operation has been demonstrated by solving



The annealing and genetic algorithms share the property of unpredictable convergence and, thus,
execution time. Nevertheless, their execution times increase with the size of the problem and the
multicomputer. The complexity expressions, mentioned above, serve only as indicators of the fac-
tors that determine the execution time. Although the bold neural network involves a probabilistic
component, it has deterministic convergence.

The three PO methods, with their parameters chosen as described above, can be considered to be
fairly robust, where robustness, in this dissertation, refers to insensitivity to design and problem
parameters. Their robustness is enhanced by making some important parameters adaptive; these
are the cooling schedule in SA, the operator frequenciesin GA, and y in BNN. In our implemen-
tation, they vary within arange of acceptable values. BNN isthe most robust among the three meth-
ods. Interestingly, SA and GA have analogous sensitivities to their design parameters. Both the
cooling schedulefor SA and the frequencies of the genetic operatorsfor GA affect the convergence
speed and have been made adaptive in our implementation. The number of attempted perturbations
at aparticular temperaturefor SA and the population sizein each generation for GA determine how
many points in the solution space can be sampled. Both parameters have been empirically deter-
mined. However, GA has been observed to be somewhat less robust than SA.

4.9. Concluding remarks

Sequential versions of a Genetic Algorithm, a Simulated Annealing Algorithm and a Bold Neural
Network for data mapping have been described. Their performances have been evaluated and com-
pared for examples of various geometric shapes, dimensions and sizes. The solutions produced by
these PO methods are good sub-optimal solutions. The PO methods are clearly competitive with
recursive bisection methods, especially for 3-dimensional irregular and unstructured problems.
However, they have diverse properties. SA2 produces the best solution quality, followed by GA2,
NN2, SA1, and NN1intheorder of decreasing quality, for general problems. The order of decreas-
ing execution time is the same as that for solution quality with NN2 and SA1 swapped in several
cases. The PO algorithms are slower than recursive bisection. However, the execution times of
NN21 and RSB do not differ greatly.

The annealing and genetic algorithms have the ability to start from partial information about the
solution. This property resultsin areduction in the overall execution time; the reduction isthe big-
gest for GA. BNN and recursive bisection do not share this property. The applicability of the PO
methods to realistic applications has been explored by using multiscale mapping. The results show
that this strategy is advantageous for large problems because it leads to a significant reduction in
execution time without sacrificing solution quality. It has been found that SA and GA make better
use of graph contraction than does BNN. Concerning the robustness of the physical methods, BNN
comes firgt, followed by SA; GA isthe least robust.
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Tables4.5 and 4.6 and Figure 4.6 show results of multiscale mapping. These results show aremark-
able reduction in time for all agorithms, the reduction for GA2 and SA1 being the greatest. Table
4.5 includes results for different values of K. The efficiency values for CONT-GA2, CONT-SA2
and CONT-SA1 are consistent with those in Table 4.3 and K can be as small as 2, leading to the
greatest decrease in time without degrading the solution quality. However, for lower quality graph
contraction, we suggest that K should be greater. For CONT-NN1 and CONT-NN2, K should be
greater than or equal to 16 to maintain reasonable efficiency values. In this case, K should be gresat-
er because NN1 only maps the contracted graph and does not share, with GA and SA, theflexibility
of operating on the restored original graph. Also, when the solution quality of NN1 is low, local
optimization in NN2 gets trapped in high local minima. CONT-SAZ2 still yields the best efficiency
values followed by GA2, but the time difference has become more pronounced in favor of CONT-
GAZ2. Further, unlike the case of the uncontracted graph, CONT-SA1 s, for most cases, comparable
to CONT-NN2 in terms of time and efficiency values.

Table 4.7 includes results for other examples, with k=16 for CONT-NN and k=2 for CONT-SA
and CONT-GA2. These results clearly support the assessments made above, based on Tables 4.3,
4.5 and 4.6. We note, however, that for GRID2 and FEMW, in Table 4.7, RSB yields better solu-
tionsthan CONT-NN1 with comparable execution time. Thisis partly due to the use of contraction
and because RSB performs well on 2-dimensional graphs. In the remaining paragraphs, overall
evaluations are presented.

The solutions evolved by GA2, SA2 and NN2 are very good sub-optimal solutions. They are con-
sistently better than those of recursive bisection. SA1 and NN1 also generate better solutions than
recursive bisection for general, unstructured and 3-dimensional problems. For FEMW, for exam-
ple, the improvements over RSB’s solutions by NN1, SA1, GA2 and SA2 are 7%, 11%, 28% and
32%, respectively. The results for the various topol ogies and sizes indicate that the annealing and
genetic agorithms are not biased towards particular problem topol ogies. Recursive bisection meth-
ods might favor 2-dimensional problems. The neural network performs better for 2-dimensional
geometrical shapes, such as GRID1, than for 3-dimensional irregular structures, such as FEM2.
But, it does not show a strong bias. Therefore, the PO methods seem promising for a variety of
problems with different topologies and complexities. Interestingly, comparative studies of algo-
rithms for another NP-complete optimization problem, VLS| placement, have given similar con-
clusions about the better solution qualities of annealing and genetic algorithms [ Shahookar and
Mazumder 91].

The better solutions of the PO algorithms come at a price; they are slower than bisection algo-
rithms. For FEMW, the ratios of the execution times of NN1, SA1, GA2 and SA2 to that of RSB
are 2, 16, 100 and 120, respectively. These ratios decrease to 1, 3, 20 and 60 when contraction is
employed. SA2 isgeneraly the slowest and NN1 the fastest. It is worth noting that although NN1
and RSB have identical complexity, NN1 is slower by a small factor.
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4.8. Discussion

This section starts with a discussion of the individual Tables, 4.2 to 4.7, leading into overall eval-
uations of the results. The measures considered for assessing and comparing the performance of
the algorithms are solution quality and execution time. In addition, bias and robustness are quali-
tatively discussed.

Table 4.2 showsthe results of the versions of the PO algorithms that use the approximate objective
function, OF . Table4.3 showstheresultsof theversionsinvolving OF, . Theresults of RCB
and RSB arealso included. Figure 4.5 illustrates efficiency and time comparisonsfor FEMW. From
the two tables and the figure, the following observations can be made. When OF . only is used,
GA1 yields the best solutions, but at a high cost in terms of execution time. For GRID1, all the
solutions are good. For FEMW, the quality of the solutions of the physical algorithms is clearly
better than those of RCB and RSB, for alonger execution time. Nevertheless, the pronounced dif-
ference between the solutions of GA1, SA1 and NN1 themselves justifies the exploration of SA2
and NN2. Table 4.3 and Figure 4.5 show a clear improvement in the efficiency values with a sub-
stantial increaseintimefor SA2 and NN2. GA2 ismore favorable than GA1. Also, duetoitslower
insensitivity to design parameters, GA 1 is not pursued further. For FEMW, SA2 yields the best ef-
ficiency and is the slowest. NN2 produces smaller efficiency values than those of SA2 and GA2,
but is the fastest of the three. It should be emphasized here that the difference in solution quality
and execution time of SA2 and GA2 for loosely synchronous computationsis mostly aresult of the
way OF, isused, explicitly by SA2 and only partially by GA2. This difference is not sufficient
to evaluate the generic methods themselves. However, it highlights the importance of the formula-
tion of the objective function for both solution quality and time.

In Table 4.3, results for FEM3 and FEM4 are given. Due to its symmetry and convenient number
of points, FEM3 turns out to be an easy problem. The three PO algorithms find what seems to be
an optimum. For FEM4, GA2 finds the best solution for the longest time.

The long time taken, especially by GA2 and SA2 in Table 4.3, justifies the exploration of the other
versions, asin Tables4.4, 4.5 and 4.6. Table 4.4 and Figure 4.6 give the resultsfor the hybrid meth-
ods, which start with NN1 and continue with SA1, SA2, or GA2. It can be seen that starting from
partial information about the solution leadsto areductionin timefor SA1 and SA2 without degrad-
ing the final solution. The reduction in GA2's time is more pronounced, at a small price in terms
of solution quality dueto restricting randomness. In comparison with Table 4.3 and Figure 4.5, SA2
isdtill the slowest, with the best efficiency; the quality of NN1-GA2 ssolutionsisonly alittle better
than that of NN2 while still being slower. The ability of SA2 and GA2 to start from partial infor-
mation about the solution is, nevertheless, an advantage over ab initio methods such asNN2, RCB
and RSB. However, the times taken by NN1-SA2 and NN1-GA2 are till long and their decrease,
asillustrated next, is of interest.
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Table4.4. Resultsof NN1-M hybrid versions (N=|V|).

Test | Best | NNL'GA2 | NNIGAL | NNI-SA2
case Eff %Eff time | %Eff time | %Eff time
N 0338 | 90 1596 82 482| % 2838
(?\IRIDSl 085 | 94 091| 90 060 95 091

Table 4.5. Results of CONT-M versions for FEMW & |V, =16.

Best

CONT-GA2| CONT-SA1 | CONT-SA2 | CONT-NN1 | CONT-NN2
Eff 0%Eff time| %Eff time | %Eff time| %Eff time | %Eff time
K=2 [0338 | 91 589 82 084| 95 1505 | 44 001 54 1.12
K=4 92 9.17| 85 1.10| 97 17.63| 47 0.02| 63 1.44
K=8 93 127 | 85 165 97 1958 | 62 0.06 | 83 1.96
K =16 73 0.18| 86 2.21
Table 4.6. Results of CONT-M versions for GRID1 & |V),[|=8.
Best | CONT-GA2| CONT-SAL | CONT-SA2 | CONT-NN1 | CONT-NN2
Eff %Eff time| %Eff time | %Eff time| %Eff time | %Eff time
K=2 | 085 93 0.18| 91 021 96 0.36
K=16| 0.85 74 0.03| 92 0.10

Table 4.7. Results of CONT-M versions, K=2 for GA & SA, k=16 for NN (N=|V|).

Test | Best | CONT-GA2| CONT-SA1| CONT-SAZ[ CONT-NN1| CONT-NN2| RCB RSB
case Eff %Eff time| %Eff time| %Eff time YWEf time | %Eff time|%Eff timewEff time
;E:MSW 0452 | 92 29288 161 96 715 76 005 90 150|53 0.04| 81 010
FEM1 93 02718 006 93 024 8 009 8 010

N=g| 0569 ) ) . ) . 84 003
FEM?2 97 89

N =8 0578| 92 0.26| 86 0.06 043 81 0.05 0.10 76 0.04
FEM?2 0.18

N<16| 0432 | 92 081 80 18 96 0.85| 78 0.12| 83 013 74 0.07
SR_IE1>62 0.787| 92 142 77 028 94 194/ 73 020/ 85 0.30 84 016
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Table 4.1. Summary of algorithms.

Version Description

GA1, SA1, NN1 Basic agorithms using only OFappr.

GA2 OF,,,, for fitness, OF . for hill climbing.
SA2 SA1, then uses OFtyp and neighbor-perturbation.
NN2 NN1, then local optimization based on OF

NN21-M hybrids

CONT-M

typ*

NN1, followed by physical algorithm M.

PO algorithm M preceded by graph contraction for
multiscale mapping (contracted graph size = K |V,|)

Table 4.2. Results of versions using OFappr (N=|Vy)-

Test | Best GA1l SAL NN1 RCB RSB
case | Eff | %Eff time| %Eff time| %Eff timg %Eff time|%Eff time
EiMl\év 0338 | 89 402| 80 526/ 77 058 52 0.06+| 72 0.16+
CIB\IRI%l 085 | 95 211 89 066/ 88 017 88 0.03+| 90 0.06+
Table 4.3. Results of versionsinvolving OFyyp (N=|Vy|)-
Test | Best GA2 SA2 NN2 RCB RSB
case | Eff | %Eff time| %Eff time| %Eff timg wEff time %Eff  time
EEMl\éV 0338 | 92 3281 95 3654| 89 364 52 006+ 72 0.16+
(N3Fi'gl 085 | 96 241 94 103| 93 021 8 003+ 90 0.06+
Mo | 0490 | 100 142 100 051| 100 007 9% 003+
FEM4
N=16| 0495 | 96 1340 94 901| 8 041 79 007+
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areasonable solution at alow temperature. For GA's, the smaller contracted graph allows asmaller
population size, POP, which can be kept the same in the subsequent generations after the restora-
tion of the original graph.

Graph contraction itself isaddressed in Chapter 9. For the experimental results reported next, NN1
isused for contraction.

4.7. Experimental results

The performance of the different versions is presented in this section. Data sets of different geo-
metric shapes, dimensions, sizes and granularities are mapped to hypercube multiprocessors. The
performance measures are efficiency (equation 2.7), with {(p)=C(p), and execution time. We as-
sumethat p = 5/6_, and A = 12/0_ ; that is, the computation workload is not large and com-
munication is not inexpensive.

av’

The data sets used for testing are shown in Figure 4.4. GRID1 and GRID2 are 2-dimensional and
yield computation graphswithamaximum vertex degree, 6, =4. GRID1isa301-point uniform,
symmetric and irregular structure. GRID2 is a551-point discretization of abroken plate, having a
large variation in the spatial density of its points. FEM1 and FEM2 are 160-point and 198-point
finite-element meshes, respectively, with 6 __ = 12. FEM1 is 2-dimensional and nonuniform.
FEM2 is 3-dimensional. FEM 3 and FEM4 are 160-point and 340-point 3-dimensional structures,
respectively, with 8 __ = 8. FEMW isthe most realistic of the seven examples; itisanirregular and
unstructured tetrahedral finite-element discretization of an aircraft wing with 6 = 16. Itssizein
these experimentsis 545 points. We concentrate on FEMW and GRID 1 because of their interesting
and distinct properties.

Table 4.1 provides a summary of the algorithms considered. Tables 4.2 through 4.6 show results
for these algorithms. The results for the most interesting case, mapping FEMW to a 16-node hy-
percube, are also given in graphical form, in Figures 4.5, 4.6 and 4.7. Each result of aphysical al-
gorithm is the average of ten runs. Each entry in the best efficiency column is the best result
obtained from all runs carried out. The time given, in minutes, isfor a SPARC 1+ workstation. For
clarity, the efficiency figures are shown as percentages of the best efficiency which itself is kept as
an absolute number. Since the optimum is not known, the best efficiency column serves as an in-
dicator of how good the individual average figures are. To further illustrate the performance of the
PO methods and to broaden the scope of comparison, Table 4.7 presentsresultsfor more test cases.
Each result in Table 4.7 is the average of five runs. RCB’s results are given only for FEMW and
GRID1 whose coordinates were available. The execution time shown for RCB and RSB does not
include the second mapping step because the annealing algorithm aimed for the best mapping and
was not optimized for time. The “+” sign refers to this additional time,
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that SA and GA take longer time to evolve solutions of the same quality as those of NN1 or the
bisection methods. Therefore, hybrid methods which start with NN1, for example, and continue
with GA or SA can be faster than pure GA or SA. In this work, NN1-GA and NN1-SA are ex-
plored. SA picks up at alow temperature which accepts uphill moves with probability 15%. GA
createsitsinitial population by randomizing the boundary regions of the solution provided by NN1.

4.6. Multiscale mapping

Multiscale mapping also aims for reducing the execution time of the PO algorithms, especially for
large problems. A multiscale mapping strategy consists of two phases. coarse-graph mapping and
fine-graph mapping. Coarse mapping refers to mapping a contracted form of the computation
graph. Then, the contracted mapping configuration is interpolated, producing a coarse mapping
configuration of the original graph. In the fine mapping phase, the coarse mapping solution is
evolved further by applying the PO mapping algorithms, GA and SA, again. BNN can also make
use of multiscale mapping, with NN2's local optimization applied in the second phase. Methods
involving multiscale mapping are henceforth referred to asCONT-M, where M isthe method itself.

Graph contraction, utilized for multiscale mapping, is a preprocessing step in which edges in the
computation graph are contracted and vertices are merged to form a multigraph whose super-ver-
tices are weighted by the sum of the computationa weight, 6(v), of the merged vertices and whose
edges are weighted by the sum of the edgesin the original graph. The level of contraction is deter-
mined by the parameter
_ Ve
X = Iogz(v— (4.2)
Vel,
where |V . isthe size of the contracted graph and (X) isthe nearest higher power of 2 integer to

X, or by the parameter

_IVdy

=_ £ 4.3
Vil (43)

theratio of the sizes of the contracted graph and the multiprocessor. Following the mapping of the
contracted multigraph to the processors, the original problem graph can be restored and more SA
or GA iterations can be carried out for improving the quality of the solution. Contraction can also
speed up BNN in the same way, However, K should not be small, as discussed bel ow.

Graph contraction, with parameter K leads to big reduction in the search space of data mapping
from |V Ve 1o \VM\K‘VM‘ , Where K |V),| isthe size of the contracted graph and can be consider-
ably smaller than the original size, |V|. The assignment of the contracted graph to the processors
becomes a fast step. Subsequent SA iterations on the restored original graph, therefore, start with
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4.3. Genetic algorithms

Two versions of SGA are explored in this chapter. Version GA1 employs OF . in both fitness
evaluation and hill climbing. It also uses problem dependent user-defined parametersto invoke the
tuning stage. A second version, GA2, uses OF,, for fitnessand OF ., for hill climbing. It also
includes automatic invocation, based on OFtyp, of the tuning stage, which increases robustness at

the expense of asmall fraction of solution quality and/or execution time for some problems.

4.4. Recursive bisection

Two recursive bisection methods are considered here to give some indication of the performance
of the physical agorithms. These are orthogonal recursive coordinate bisection (RCB) [Berger and
Bokhari 87; Walker 90] and recursive spectral bisection [Pothen et a. 90; Simon 91].

The operation of both methods is not guided by an objective function. Instead, RCB utilizes the
physical coordinates of the vertices (data objects) of the computation graph to recursively bisect
the graph into two subgraphs with equal sizes. In each bisection step, adirection (x or y) ischosen
as a separator and directions alternate in successive steps. Data objects are sorted by coordinates
in the sel ected separator direction and each half of the objectsis assigned to a subgraph. The recur-
sive process continues until the number of subgraphs equals |V,|. The complexity of the RCB is
of the order of (|V|*log,|Vy| (109, V| - 109,/ V).

RSB utilizesthe properties of the Laplacian matrix associated with the computation graph. Briefly,
each bisection step consists of computing the elgenvector corresponding to the second largest ei-
genvalue of the Laplacian matrix. The components of this vector provide distance information
about the vertices of the graph. Then, the vertices are sorted according to the size of the eigenvec-
tor’s components and split into two subgraphs accordingly. The complexity of thisagorithm is of
the order of (6, *|Vd |V *10g,|Vy| ) [Pothen et al. 90].

For aconsistent comparison of the bisection methods with the PO algorithms, we have added a sec-
ond step to map the subgraphs produced to the processors. The mapping step is carried out by a

simulated annealing algorithm that minimizes OF,, .

4.5. Hybrid algorithms

Hybrid algorithms aim for reducing the execution time of GA and SA. Hybridization is based on
two observations. Thefirst observation is that methods such asNN1, RSB or RCB yield solutions
of lower quality than those of SA and GA, but are considerably faster. The second observation is



cally equal to 2 [Fox and Furmanski 88].

Y
5'Ymi n

Ymi n

Figure 4.2. Variation of y with the number of sweeps.

for i =0to (log,|Vy| -1) do
Generate random spins s(v,i,t) over whole domain;
repeat (for Ngyomax)
Determine v;
for al spinsin the domain
pick a spin randomly;
Compute s(v,i,t+1); /* equation (4.1) */
end-for
until (convergence)
Determine bit i in the neurons,
end-for

Figure 4.3. Bold neural network algorithm for data mapping.

The BNN algorithm is summarized in Figure 4.3. Its complexity is of the order of (8, *|V(|
* |V 1 **log,| V)| ) Thisalgorithm is henceforth called NN1. NN2 is a second version which in-
cludes a local optimization step for adjusting the boundaries of the mapping configuration pro-
duced by NN1. In this step, boundary data objects are transferred to neighboring processors only
if OF,,,, decreases. In most cases, the execution time of NN1 is much smaller than that of NN2.
However, NN2 can, sometimes, improve the quality of NN1’'s solutions significantly and isinclud-
ed here for comparison with the genetic and annealing algorithms.
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computation graph vertices (data) are mapped. That is, in eachiteration, i, the current 2 subgraphs
are bisected and mapped to 2*1 subcubes. The subsets of spins corresponding to the subgraphs are
referred to as spin domains and are denoted by @, , wherek = 0to 2'-1. After the last iteration,
the computation graph will be partitioned into |V, subgraphs mapped to the processors. It is note-
worthy that the neural representation used for BNN provides a natural way for removing ambigu-
ities, such as placing the same object in two subdomains. Hence, it dispenses with the redundant
synaptic connections that would have been required, in a generic Hopfield network, to enforce the
problem constraints.

The fixed point of the network is associated with a minimum of the energy function, OF .. To
determine the network equations, the neural variables are replaced by spin variables, s(v,i,t) =-1or
+1, and the energy expression is rewritten in terms of spin variables. Then, a standard mean field
approximation technique, from physics, is used to derive the BNN formulafor a spin update in do-
main @, . A spin update equation from [Fox and Furmanski 88], which has been modified by in-
cluding the computation weights 6(v), is:

v
D

s(vi,t+1) = tanh { -0 s(vii,t) B(V) + BD G(sS) B(V) - D s(v,it) 6(v)},

i-lse @,

(4.1)
where o, B and 'y are appropriate scaling factors; G isthe coupling matrix given by the computa-
tiongraph; D;; = X _ (Dke(v) is the size of the current computation subgraph (to be further bi-
sected) to which v belongs, weighted by the degrees of the vertices; v’ # v in the third term refers
to vertices only in the current subgraph, which corresponds to domain @, .

The BNN formula can be interpreted in the light of magnetic properties of materials. At acritical
temperature (Curie point), spontaneous magnetization domains of nearly-equal number of spins
are formed in solids in such a way that spins within each domain are lined up, but have opposite
direction to those in the other domain. In equation (4.1), the second term can be interpreted as the
ferromagnetic interaction that aligns neighboring spins. The third term can be interpreted as the
long-range paramagnetic force responsible for the global up/down spin balance. The first term is
inserted in the BNN equation as a noise term that tries to flip the current spin and, thus, helps the
system avoid local minima. The scaling factors have the following effects. oo determines how sta-
ble a solution can be after a number of iterations, B determines the speed of the formation of the
spin domain structure, and y controls the spin balance in the configuration. In our implementation,
o = B = 2; B playstheroleof inverse temperature, and its valueis chosen to ensure that the sys-
tem is near the critical point. vy is gradually increased, as shown in Figure 4.2, from vy_. = (the
integer part of) 26 toy__. = 5v,,;,, when the number of sweeps, Ngwp: equals k|V¢ VX a every
bisection level, where k and x are typically 1 and 2, respectively. With these values, it has been
shown that the number of iterations required for the network convergenceis asmall number times
the (1/x)-th root of the problem size, where x is the dimensionality of the problem structure, typi-
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probabilistically allowed. At each temperature, equilibrium is reached when the number of at-
tempted, N, or accepted, N,.., perturbations equals a predetermined maximum number. The
maximum number of attempts, N, allowed isthe larger of |V, and 6, whereas the maxi-
mum number of accepted moves, N, ..y 1S the smaller of the two. These choices secure a suffi-
cient number of moves for thermal equilibrium while not spending too much time at high
temperatures. The cooling schedule determines the next temperature as afraction, k, of the present
one. In our implementation, this fraction varies within the range 0.91 to 0.99 in away that coun-
teracts quenching (fast cooling) and speeds up cooling when possible; k increasesif the number of
accepted moves decreases, and vice versa. Since it is possible that SA finds a good configuration
and then departsto adifferent region in the energy landscape, the best-so-far isaways saved below
acertain threshold for N,,... SA is considered converged if N.. = 0 or if no further progress is
made for a number of annealing steps.

The complexity of the SA algorithm, or SA1, is of the order of (6, *max{6_ ,[Vy} *|Vd*A),
where A is the number of annealing steps. For adaptive schedules, A is problem-dependent, al-
though of the order of log(initial temperature/ freezing temperature).

Two versions of SA are explored below. The first version, SA1, uses OF 4ppr for the energy until
freezing. The second version, SA2, isidentical to SA1 until the number of accepted perturbations
reaches afraction, THRESH2, of theinitial number of accepts. Then, at low temperatures, OFtyIO
isused for the energy. Also, random perturbation is replaced by neighbor perturbation. That is, only
the remapping of boundary data objects to neighboring processorsis attempted, so that time is not

wasted in random remapping. The computation of AOFtylo makes SA2 much slower than SA1.

4.2. Bold neural network algorithms

The Bold Neural Network (BNN), proposed in [Fox and Furmanski 88], is an improvement to the
Hopfield and Tank model [Hopfield and Tank 86] applied to data mapping. It aims at quickly find-
ing low minima for the system energy, OF .. It is built from |V| rowsand log, |V, columns
of neurons. Each row correspondsto avertex in G, and the number of neurons per row equalsthe
number of bitsfor aprocessor label in amultiprocessor (hypercube). Each neuron hasaneural vari-
able, n(v,i,t) =0 or 1, associated with it. The neuron’s label (v, i,t) corresponds to vertex v and bit i
of the processor label. Note that the label of a hypercube processor is given by X (n (i) - 2",
where the summation is over i = 0 to (10g,|V)y|-1). The neural variables represent the amount of
local information about the solution at timet.

The network starts with random neural values and converges to a fixed point, after a number of

sweeps, Ng,omax: OVer the entire computation graph. The BNN repeats this procedure log,| V|
times, each time determining the bitsin column i in the network and, hence, the subcube to which
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the perturbation is accepted and the new lower energy configuration becomes the starting point for
the next perturbation. Zero changeis also accepted. If the energy change is positive, corresponding
to an uphill move, the proposed perturbation may be accepted with a temperature-dependent prob-
ability. The main advantage of this Monte Carlo algorithm is that the controlled uphill movements
can prevent the system from being prematurely trapped in abad local minimum-energy state.

Determineinitial temp. T(0);
Initial configuration = Random data mapping MAP[];
/* Annealing - SA1 and SA2 */
while (T>THRESH1 and N_..>THRESH?2) do
T=T(@);
repeat
Perturb(configuration);
E= OF o
if (dE <= 0) then Accept; Update configuration;
else rnd = random number (0,1);
if (rnd < exp(-dE/T) then Accept and Update;
else Reject;
until (Equilibrium);
if (N,..<THRESHS3) then save best-so-far;
Determine k;
T(i+1) =k™* T(i); /* cooling schedule */
end-while
/* Annealing at low temperatures - SA2 only */
repeat
Anneal with Neighbor-Perturb(configuration) & E = OF
until (freezing or convergence)

typ’

Figure 4.1. A simulated annealing algorithm for data mapping.

An outline of asimulated annealing algorithm for data mapping is given in Figure 4.1, referred to
as SA1. Theinitial data mapping is random. The energy of the system is given by the objective
function used. The initial temperature is determined such that the probability of accepting uphill
movesisinitially 0.8. The freezing point is the temperature at which the probability of accepting a
minimum energy increase, resulting from remapping a data object from an underloaded processor
to an overloaded one, isvery small, e.g. 27°. A perturbation, or amove, is accomplished by aran-
dom remapping of a randomly chosen data object. As explained above, a remapping that leads to
alower or identical system energy is always accepted, whereas an increase in the energy is only
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Chapter 4

Comparison of Versions
of Sequential PO Algorithms

Simulated annealing [Kirkpatrick et al. 83] and neural networks [Hopfield and Tank 86] have been
adapted to the data mapping problem. Simulated annealing (SA) has been applied to several cases
[Flower et al. 87; Fox et a. 88; Williams 91] and neural networks (NN) have been applied to some
illustrative examples [Fox and Furmanski 88; Byun et al. 92]. However, SA continues to be of in-
terest because of the design choicesit involves, and applying NN agorithms to a variety of prob-
lemsis useful for evaluating their performances. Further, thereis alack of comparative studies of
SA, NN, GA and mapping heuristics.

In this chapter, we present annealing and neural algorithms for data mapping and explain our de-
sign choices. These sequential algorithms are the basis for the paralel algorithms proposed in
Chapters 6 and 7. Also, the performances of sequential algorithms based on SA, NN and SGA are
experimentally compared and discussed. Several versions of the three PO algorithms are involved
in the comparison. These versions are based on the following modifications: making some param-
eters adaptive, modifying some steps to reduce execution time or improve robustness, employing
different objective functions, adding postprocessing tuning steps, using hybrid techniques, and per-
forming multiscale mapping. The goal of these modifications is to explore the applicability of the
resultant versions to realistic examples and their suitability for problems with different require-
ments. To broaden the scope of evaluation, the results of two recursive bisection methods are also
included in the comparison.

4.1. Simulated annealing algorithms

The simulated annealing approach is based on ideas from statistical mechanicsand is motivated by
an analogy to the physical annealing of asolid [Kirkpatrick et al. 83]. To coerce some material into
alow-energy state, it is heated and then cooled very slowly, alowing it to come to thermal equi-
librium at each temperature. The behavior of the system at each fixed temperature in the cooling
schedule can be simulated by the Metropolis agorithm. An iteration of the Metropolis algorithm
starts with proposing a random perturbation and evaluating the resultant change in the energy of
the system. If the change is negative, corresponding to a downhill move in the energy |andscape,
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3.3. Discussion
The complexity of SGA and some design issues are discussed in this section.

It can easily be seen, from Figure 3.1, that the complexity of SGA is of the order of
(GEN - POP- |V - 6, ), where GEN isthe number of generations and POPisthe population size.
V6, isaloose upper bound for hill climbing which considers boundary objects only. GEN is
unpredictable, leading to unpredictabl e evolution time. POP is user-defined. It determinesthe num-
ber of building blocks in the population in different generations and, hence, influences the quality
of the evolving solutions. It also impacts the evolution time. Therefore, alarge POP may lead to
better solutions; but, it is also likely to increase evolution time. It has been empirically found that
POP can be made dependent on |V| and |V),| ; asuitable range of valuesis 0.2 |V to 0.6* |V
with the larger values corresponding to larger |V| .

Convergence detection and termination are, in general, nontrivial issues for GAs. In our applica-
tion, they are resolved rather easily. Convergence coincides with the tuning stage of evolution
whose invocation is determined by two quantities: the average ¥ in the population, as explained
in subsection 3.1.2, and a threshold for the number of generations during which no improvement
in the fittest individual is produced. Although these quantities are only approximate estimates of
the state of the population, experimental work has indicated that their use provides an adequate
compromise between improving solution quality and limiting the evolution time.

The trade-off between the solution quality and the evolution time is worth emphasizing. The ge-
netic search can be made faster by resorting to measures such as, for example, increasing the se-
lection pressure by some proportion asin SGA3. But, in such cases the solution quality islikely to
be sacrificed, although at a smaller proportion. The range of values of 1.2 to 2.0 for the maximum
rank in the selection scheme allows the user to choose the desired compromise between solution
quality and execution time.

3.4. Concluding remarks

We have presented a genetic algorithm whose design constituents provide a good balance between
exploration and exploitation forces for the data mapping problem. The design choicesinclude €lit-
ist ranking selection, variable rates for the genetic operators, and a hybridizing hill climbing heu-
ristic. These choices minimize the likelihood of premature convergence and improve the efficiency
of the genetic search. Moreover, the genetic algorithm makes use of problem-specific information
to evade some computational costs and to reinforce favorable aspects of the genetic search.
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in only 66 generations, which is 61% of the time required by SGA to find a solution of the same
quality. However, the large percentage of individuals (up to 20%) that die every generation, makes
amaximum rank of 2.0too high to bereliable, in general, for producing good solutions. This high-
lights the trade-off that exists between the solution quality and the search efficiency.
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Figure 3.8. Comparison of SGA and GA 1.
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Figure 3.9. Comparison of SGA and SGA?2.

(iv) Without hill climbing, the search efficiency deteriorates tremendously; SGA becomes more
than ten times slower for GRID1.

(v) Theamount of improvement in the solution quality acquired in the tuning stage of the evolution
has been found somewhat sensitive to the parameter that triggers this stage. If tuning is triggered
too early, the time allowed for the first two stages of the evolution might be insufficient for produc-
ing near-optimal building blocks. If the tuning stage isinvoked too late, convergenceto alocal op-
timum might have already prevailed in the population as aresult of the first two stages.
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The three evolution stages can be identified in the fitness and load curves in Figure 3.7. Roughly,
their overlapping points are generations 50 and 100. It can be seen that in the first stage, the com-
munication load drops steadily regardless of the computation load, which happens to increase. In
the second stage, both loads decrease, and the fitness rises. Decreasing | in the tuning stage en-
hances SGA's tendency to reduce the computation load. If u had not been decreased at this ad-
vanced stage, the efficiency would have been trapped at 0.89.
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Figure 3.7. Efficiency and fitness for GRID1.

(i) In Figure 3.8, SGA is compared with GA1 = (RSIS, 1-point, no, fixed, 300, -), where RSISis
Remainder Stochastic Independent Sampling fitness proportionate selection scheme implemented
herewith prescaling. RSIS all ocates one reproduction trial for above-averageindividuals and treats
the fractional part of the fitness to average ratio as a probability for allocation of trials. RSIS has
been chosen dueto itsfavorabl e properties of low biasand minimum spread [Baker 87]. Prescaling
refersto stretching clustered fitness values and pulling together values that are far apart. The com-
ponents of GA1 are those of a classic GA; however, it still includes hill climbing, for speed, and
the problem-specific features in the tuning stage, for improving the final solution. The results are
averages of 20 runs. Figure 3.8 showsthat GA 1 converges before generation 70 to an efficiency of
0.89. The efficiency islater improved to 0.925 under the effect of mutation and tuning. SGA takes
55 more generations to converge to 0.96 efficiency in generation 125. The best solutions found in
the 20 runs were 0.942 and 0.972 by GA1 and SGA, respectively. The worst was 0.904 and 0.935
for GA1 and SGA, respectively. The mean square deviations were 1.18 for SGA and 1.1 for GA L.
Clearly, GA1, without expensive sharing functions or crowding factors, resultsin higher selection
pressure and lacks flexibility in controlling convergence. This explains the lower quality of its so-
lutions and highlights the advantages of the combination of choices adopted in SGA.

(iii) The effect of increasing the selection pressure is also explored by increasing MRANK in

SGA2 = (ranking, 2-point, yes, var, 300, 2.0). The best of five runsisshown in Figure 3.9. Clearly,
SGA 2 undergoes early convergence. Surprisingly, it finds a good solution, of 0.96 efficiency ratio,
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A genetic algorithm is considered a 6-tuple of variables: (RER, XOV, INV, OPRATE, POPR,
MRANK), where REP and XQOV refer to the reproduction scheme and the crossover operator, re-
spectively, INV indicates whether inversion isincluded, OPRATE indicates either variable or fixed
rates for the genetic operators, POP is the population size, and MRANK is the maximum rank for
the ranking-based reproduction scheme. Fixed rates for the genetic operators [ Grefenstette 86] are
0.6 for crossover, 0.002 for mutation and 0.02 for inversion.

In al experiments, a solution obtained at a certain point in the evolution refers to the fittest indi-
vidual in the respective generation. The performance measures are the efficiency, defined in equa-
tion (2.7), and the average fitness of the population. Both measures are plotted with respect to the
number of generations, which, in turn, is used to assess the evolution efficiency. For clarity, there-
sultsaregiven asratios; they are normalized with respect to OBJ,,, and EFF .. EFF, isageo-
metric estimate of optimal concurrent efficiency, explained in Appendix A. The results presented
below are averages of 5 runs on a SPARC 1+, except for part (ii) which involves 20 runs.

(i) SGA = (ranking, 2-point, yes, var, 300, 1.2) finds a solution shown in Figure 3.6. The efficiency
and fitness are shown in Figure 3.7, where the relative average loads of computation and commu-
nication are al so depicted. After generation 118, the search convergesto a solution with normalized
efficiency 0.97. Figure 3.6 also includes processor |oads. number of local computation graph edges
and number of boundary vertices. Processor |oads show that SGA does not strictly insist on assign-
ing equal number of computations to processors. In contrast with classic bisection methods, it em-
phasizes the balancing of the combined computation and communication load, as required by the
computational model.

6 2 0 Proc. Comp. Comm.
J_,_I 0 111 17
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Figure 3.6. Mapping GRID1 to 3-cube and processor |oads.
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As pointed out in Chapter 2, the choice of pu in OF,,, and AOF, isof particular interest. Its
value should be chosen in accordance with the properties of the SGA search. u should be so large
that the communication term in AOF, ., acquires sufficient importance in the clustering stage.
But, it should not be too large, otherwise it will swamp the effect of the computation term in the
later stages. In other words, p should be chosen to favor the fitness of the individual s whose struc-
ture involves nearest-neighbor interprocessor communication in the clustering stage. In the later
phases of the search, the value of u should allow the emphasis to shift to the computation termin
the fitness. A value that satisfies these requirements can be determined from the ratio of the com-
putation and communication terms of OBJ,, which is derived in Appendix A.

In the tuning stage, hill climbing plays a distinctive role, where it fine-tunes the structures by ad-
justing the boundaries of the clusters assigned to the processors. In this advanced stage, the basic
pattern of interprocessor communication can not be significantly changed, and the evolution ceases
to offer significant gains. For these reasons, the emphasis upon balancing the computation load
should be artificially increased for the purpose of facilitating boundary adjustment. This is
achieved by decreasing the value of u gradually from the fixed value used in the first two stages
of the evolution to asmall suitable value determined from the AOF - expression. The smallest
useful valuefor p isonethat makes AOF - zero or negative when the following two conditions
are both true: an overloaded processor has two objects more than the underloaded processor, and
that the remapping of an object does not increase A { much.

3.2. SGA properties

In this section the design choices of SGA are experimentally studied. Thetest case used is mapping
GRID1, a 301-point grid discretization of an irregular structure shown in Figure 3.5, to an 8-pro-
cessor hypercube. We assume {(p)=Cy(p), A=12/6_, and p=5/6_.
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Inversion is used in the standard biological way, where a contiguous segment of the chromosome
isinverted. In SGA, the chromosome is considered as aring and the boundaries of the segment, to
be inverted, are determined randomly. Inversion, at alow rate, helpsin introducing new building
blocks into the popul ation for data mapping chromosomes, where nonadjacent alleles do interact.

3.1.7. Operator rates

Variable operator rates are useful for maintaining diversity in the population, and hence, for alle-
viating the premature convergence problem [Booker 87; Davis89]. Ratesarevaried in thedirection
that counteracts the drop in diversity. Several measures have been suggested for the detection of
diversity, such as lost alleles, entropy, percent involvement, and others [Baker 85; Booker 87;
Goldberg 89]. The evaluation of these measures of diversity requires costly computations. In SGA,
this cost is not incurred. Instead, the degree of clustering of objectsis used to determine the varia-
tion in therates. This design decision is based upon the observation that diversity isreduced in the
population as W increases. The current implementation uses a smple linear change in the rates.
The rates ranges are: 0.5 to 0.85 for crossover, 0.004 to 0.01 for mutation, and 0.03 to 0.0 for in-
version, where the first and last rates are associated with V' of the first generationand ‘¥ esti-
mate, respectively.

3.1.8. Hill climbing

Individuals carry out a simple problem-specific hill climbing procedure that can increase their fit-
ness. The procedure is greedy, and its inclusion improves the efficiency of the evolution signifi-
cantly.

Hill climbing for anindividual is performed by considering only the boundary data objects mapped
to the processors. A boundary object is remapped from processor pl to p2, if and only if, the ob-
jective function (fitness) decreases (increases) or stays the same. To keep the computational cost of
such alarge number of incremental changes low, AOF (equation 2.9) is used to decide about
remapping, accentuating the importance of the locality property of OFappr .From AOF appr itcan
easily be seen that remapping of data objects can only take place from overloaded processors to
underloaded processors, considering combined computati on-communication load.

The hill-climbing procedure enables qualified individuals to rapidly climb peaks in the adaptive
landscape, which speeds up the evolution. This improvement in the efficiency of the search may
seem to cause the exploitation feature to gain an upper hand over exploration, contributing to pre-
mature convergence. However, although hill-climbing does fuel the exploitation aspect of the ge-
netic search, the experimental results do not reveal any negative effects. Hill-climbing enables
exploration to be carried out in the space of genotypes representing local fitness optima.
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3.1.6. Genetic operators

The Genetic operators employed in SGA are crossover, mutation and inversion. They areillustrat-
ed in Figure 3.4.

2-point Crossover

* * OFFSPRING
MomM|O OO0 1 1 1 1 1 1 O OO OO01 11 1
—_—
DAD|O0O 01 00 111 1 001 111111
M utation

001111111 —e (001011111

Inversion

0601001111 — (000011111

Figure 3.4. Genetic operators.

Two-point ring-like crossover is performed on a pair of individuals by swapping contiguous seg-
ments of genes. The segment boundaries are randomly selected and are the same in both parents.
Two-point crossover isused becauseit offersless positional bias than the standard one-point cross-
over [Eshelman et al. 89]. Other more complex and, presumably, higher-performance crossover op-
erators, such as uniform crossover [Syswerda 89], are not used in this work in order to avoid
excessive computations.

The standard mutation operator is employed. It refers to randomly remapping a data object from
processor pl to arandom p2. For the reason explained in subsection 3.1.2, mutation becomes di-
rected in the tuning stage of evolution, where the selection of p2 is restricted to those processors
which are already in the neighborhood of p1.
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are first assigned single copies. Then, the fractional part of their ranks and the ranks of the lower
half of individuals are treated as probabilities for assignment of copies. Figure 3.3 illustrates rank-
ing selection in a population of 4 individuals, referring to the computation graph in Figure 3.2 and
using equations (2.8) and (2.4) with A=pu=p=1 for fitness evaluation.

Individ. Fitness Rank #copies
0 00 111111 0 0.019 0.93 1
0 01 001111 1 0022 12 2
0O 00O 0OO0OOOOTG O 2 0.012 0.8 0
111 111100 3 0.017 1.07 1
Parents selected randomly: 0 and 1
3 and 1
Figure 3.3. Illustration of ranking based selection scheme.

Ranking based selection with maximum rank of 1.2 has been found to produce a survival percent-
age of 92% to 98% in different generations. It offers a suitable way for controlling the selective
pressure, and hence, theinversely related population diversity [Whitley 89]. Thisresultsin the con-
trol of premature convergence, which is the main reason for using ranking-based reproduction in
SGA.. The advantage of controlling premature convergence by ranking outweighs the disadvantage
due to ignoring knowledge about the relative fitness. Furthermore, ranking dispenses with prescal-
ing, which isusually necessary for fitness proportionate reproduction schemes. From an efficiency
point of view and for GAs based on the single mating unit model, ranking provides a computation-
aly cheap method for controlling population diversity in comparison with expensive methods
needed with fitness proportionate selection, such as sharing functions or DeJong’'s crowding
schemes [Goldberg 89].

Elitism in the reproduction scheme refers to the preservation of the fittest individual. In SGA, the
fittest-so-far isinserted into the population, replacing the least fit individual, if it is better than the
current fittest. The purpose of elitism and its current implementation is the exploitation of good
building blocks and ensuring that good candidate solutions are saved if the search isto be truncated
at any point.
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3.1.3. Chromosomal representation

A data mapping configuration is encoded by a chromosome of V| genes. The value assigned to
each gene, i.e. adlele value, is an integer representing the processor to which a data object is
mapped. The object is, therefore, the index (locus) of the respective processor (gene). An example
is shown in Figure 3.2 for a computation graph of 9 vertices and 2-processor multiprocessor. The
genotype (0,0,1,0,0,1,1,1,1) indicates that objects 0,1,3 and 4 are mapped to processor 0 and ob-
jects 2, 5, 6, 7 and 8 to processor 1.

Computation Graph

9‘9 5)—6) 0 01001111

‘ Chromosome
] O

AN

Multiprocessor Graph

p0 pl

Figure 3.2. Example of chromosome encoding for data mapping.

3.1.4. Fitness evaluation

Thefitness of an individual is evaluated as the reciprocal of OF so that maximum fitness cor-

responds to optimal data mapping.

appr’

3.1.5. Reproduction scheme

In SGA, the whole population is considered a single reproduction unit within which random selec-
tion, in such a case called panmictic, is performed. The reproduction scheme consists of elitist
ranking followed by random selection of mates from the list of reproduction trials, or copies, as-
signed to the ranked individuals. In ranking [Baker 85], the individuals are sorted by their fitness
values and are assigned a number of copies according to a predetermined scale of equidistant val-
ues for the population, not according to their relative fitness. In SGA, the ranks assigned to the fit-
test and the least fit individuals are 1.2 and 0.8, respectively. Individuals with ranks bigger than 1
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verse of the total number of units of information that need to be exchanged by the processors,
1/ (ZquB(p, g)) . A smaller value of the average amount of communicationislikely toimply bet-
ter datamapping and higher ‘¥'. Thus, the maximum degree of clustering, ¥, would correspond
to good mapping configurations, assuming reasonable distribution of vertices among the proces-
sors. Anestimateof ¥ isderivedin Appendix A and is based on asimplifying geometric argu-
ment. It involves only the sizes of the computation graph and the multiprocessor.

The second parameter is an estimate of the value of an optimal objective function, OBJ_ .. It is
based on the same geometric assumptionsas ¥ and is explained in Appendix A.

opt*

3.1.2. Three stages of evolution

In the beginning of the evolution, the mapping of data objects to processors is random, and thus,
the communication among processorsis heavy and far from optimal, regardless of the distribution
of the number of data objects. In the successive generations, clusters of objects mapped to the same
processor grow gradually, the degree of clustering, ¥, increases, the cost of interprocessor com-
munication is constantly reduced, and fitnessisincreased. Then, at some point in the evolution, the
balancing of the computational load becomes more significant for increasing the fitness. Therefore,
two stages of evolution can be distinguished. The first stage is the clustering stage, which lays
down the foundation for the pattern of interprocessor communication. The second stageisthe com-
putation-balancing stage. Obviousdly, the two successive stages overlap.

A third stage in the evolution can also be identified when the population is near convergence. In
this advanced stage, the average V' of the population approaches ¥ and the clusters of objects
crystallize. If these clusters are broken, the fitness of the respective individual would drop signifi-
cantly, and its survival becomes less likely. At this point, crossover becomes less useful for intro-
ducing new building blocks, mutation of objectsin the middle of the clustersisundesirable, and a
fruitful search isthat which concentrates on the adjustment of the boundaries of the clustersin the
processors. This stage will henceforth be referred to as the tuning stage. Boundary adjustment can
be accomplished mainly by the hill climbing of individuals, which is explained below, aided by
mutation of boundary objects. The main responsibility of crossover becomes the propagation and
the inheritance of high-performance building blocks and the maintenance of the drive towards con-
vergence for the sake of search efficiency. For hill climbing and boundary mutation to take on their
roleinthisstage, it isnecessary to increase the rel ative weight of the computation termin thefitness
function. This point is elaborated below with the description of hill climbing. To reduce the time
taken by the tuning stage, the population size can be reduced by gradually eliminating some copies
of identical individuals. The elimination of redundant individuals from the converging population
also alleviatesthe excessive selection pressure of the dominant individualsand might help improve
the final outcome of the evolution.
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to the reproduction scheme and genetic operators. SGA is aso hybridized by including a smple
problem-specific hill climbing procedure. The objectives guiding these design choices are mini-
mizing thelikelihood of premature convergence for producing good quality solutions, reducing ev-
olution time, and utilizing domain knowledge for satisfying the first two objectives. Further, SGA
makes use of domain knowledge and problem parameters, such as u and ¥, to evade some com-
putational costs and to reinforce some favorabl e aspects of the genetic search. In this chapter, SGA
is described and its properties are experimentally explored using one of the test cases.

3.1. SGA design

SGA isoutlined in Figure 1, and its components are described in the following subsections. In the
first subsection, some design parameters are introduced. In Subsection 3.1.2, some observations
about the evolution of data mapping configurations are made, as a prelude to the description of
some of SGA’s design choices.

Random generation of initial population, size POP,
Evaluate fitness of individuals;
repeat (for GEN generations)
Set 1 and rates of genetic operators,
Rank individuals & allocate reproduction trias;
for i = 1to POP step 2 do
Randomly select 2 parents from list of reproduction trials;
Apply crossover, mutation, inversion;
Hill climbing by offsprings;
endfor
Evaluate fitness of offsprings,
Preserve the fittest-so-far (Elitism);
until (convergence)
Solution = Fittest.

Figure 3.1. Sequential genetic algorithm for data mapping.

3.1.1. Design parametersrelated to the objective functions

SGA makes use of two parameters related to the objective function. The first parameter is the de-
gree of clustering, ¥, of the computation graph vertices in a mapping configuration. ¥ isthein-
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Chapter 3

Sequential Hybrid Genetic Algorithm

Genetic algorithms (GAS) are based on the mechanics of natural evolution [Holland 75; Goldberg
89]. In natural evolution, species search for beneficial adaptations to a changing environment. In
GAs, artificial evolution takes place over successive, usualy discontinuous, generations for solv-
ing a problem. Each generation consists of a population of chromosomes, also called individuals.
Each individual represents a possible solution. Theinitial generation consists of randomly created
individuals. Each consecutive generation is created by the individuals concurrently searching the
adaptive topography. Firstly, individuals reproduce according to their fitness. Then, mates are se-
lected and genetic operators are applied to create offsprings, which replace the parents. In this pro-
cess, high-performance building blocks are propagated and combined to find fitter structures
leading to optimal or near-optimal solutions. The parameters of this search strategy should be de-
signed so that a balance between the exploitation of fitter structures and the exploration of the
search space is secured for a sufficient number of generations.

GAs are powerful paradigms for solving optimization problems, such as data mapping. However,
the implementation of GAs often encounters the problem of premature convergence to local opti-
ma; otherwise, along time may be required for the evol ution to reach near-optimal solutions. Tech-
niques for overcoming the two problems of premature convergence and inefficiency are usually
conflicting, and a compromise is required for applications like data mapping. This compromise
amounts to balancing the exploration and the exploitation forces of the genetic search. A number
of techniques, often dealing with only single design issues, have been proposed in the literature.
Examples are: selection schemes for reducing the stochastic sampling errors [Baker 87], control-
ling the level of competition among individuals by prescaling, ranking, sharing functions or
crowding factors[Baker 85; Deb and Goldberg 89], reduced-surrogate crossover for enhancing ex-
ploration [Booker 87], adaptive rates for the genetic operators [Booker 87; Davis 89], and incor-
porating problem-specific knowledge for directing the blind genetic search to the fruitful regions
of the adaptive topography and improving the efficiency [Grefenstette 87; Davis 90]. The advan-
tages of these techniques have been demonstrated by comparing the resultant performance with
that of the classical GA [Holland 75]. Their performance verification has been carried out for De-
Jong's testbed of functions [Deldong 75] or for other specific applications, such as the traveling
salesperson problem.

The sequential GA (SGA), described in this chapter, combines a number of design choices related
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OF ppr = xzpezvﬁ(m +upevac<p) (2.8)

where 1 is a scaling factor expressing the relative importance of the communication term with
respect to the computation term. Valuesfor p are chosen according to auser defined ratio between
the communication and the computation terms of a presumably good mapping solution. The deri-
vation of such valuesisgivenin Appendix A. OFappr does not take into account the concurrency
in performing communication among processors. But, it still represents a good approximation to
the cost of a mapping configuration and its minimization leads to a fairly balanced combined load
distribution among the processors. Clearly, the first term is quadratic in the deviation of computa-
tion loads from the optimum, A%, S(p)/|Vy|, and is minimal when all deviations are near zero. A
minimum of the second term means that the sum of all interprocessor communication costsis min-
imized.

The main advantages of the quadratic objective function, OF jppr: &€ its smoothness, its locality
property, and that it is cheaper to parallelize. Smoothness makes it more suitable for optimization
methods. Locality means that a change in the cost due to a change in the mapping of data objects
to processorsis determined by the remapped objects and the relevant processors only. Specifically,
the changein OF,,, due toremapping of object v from processor p1 to p2is given by

AOF 00 = 2026(V) [6(V) + S(p2) — S,(PD)] + 1 [AL] (2.9)

where A{ = ZpAC(p) is the net change in the communication term in expression (2.8). An algo-
rithm is given in Appendix B for computing AC. Its computation using B(p,q) is not cheap due to
the unsymmetry of B(p,q). Sinceit is important to perform such a computation efficiently, bound-
ary edges, also called crossedges and denoted by E,(p, g), can be used instead of boundary verti-
ces. Ey(p, g) issymmetric; together with a graph-dependent conversion parameter, 3, , it provides
agood approximation to B(p, q). Thisapproximation isalso explained in Appendix B. Thelocality
property of OFalolor Is very important for simulated annealing and genetic algorithms, since they
extensively employ incremental remapping of objects. Also, the fact that AOF oo is less expen-

siveto paralelize than AOF,, ,, achangein OF,,, isimportant for our parallel algorithms.

typ’ typ’

Although OF,, , and OF ., are used in this dissertation, we emphasize that the choice of an exact
objective function depends on the computation model and the architecture and software of multi-
processor machines [Bokhari 90b; Ramanathan and Ni 89]. The choices and assumptions of the
two objective functions are considered reasonable for loosely synchronous algorithms and typical
multiprocessors. However, these choices are by no meansrestrictive and can be moulded according
to the particular setting. In fact, an important property of the PO algorithms, especially the genetic
and annealing algorithms, is their flexibility and adaptability to various classes of problems, algo-
rithms and machines.
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the weight b is the number of values per vertex to be communicated; H(p,q) is the physical (e.g.
Hamming) distance between p and g; p isthe machine time for communicating one word divided
by tq0ac- Cy(P) isaclassic representation of communication cost and is relevant for early hyper-
cube multiprocessors.

The second expression, Cp(p), includes the effects of message latency and the number of proces-
sors that p has to communicate with, which makes it more reasonable for modern multiprocessors
[Bokhari 90a; Hey 90]:

CoP = Y, [pB(p, 9 +oc+tH(P, g)1sgn(B(p, d)) (2.6)
qe Vy
where
1 x>0
sgn(x) = {
0 X = 0;

o is the message start-up time divided by t;,;; T is the communication time per unit distance
divided by t; .- We notethat p, ¢ and t are determined by the particular multiprocessor used.

Again, Cy(p) and Cp(p) are by no means unique or precise. For example, neither of them includes
the effect of link contention, synchronization delays, or communication-computation overlap.
However, they are considered to be reasonable choices for representing communication cost and
are popular in the mapping literature. The two communication expressions are used in this work
for exploring the properties of the mapping algorithms and their performance evaluation.

OFtyp isthe basis for evaluating and comparing the solution qualities of the mapping algorithms.
The solution quality is the concurrent efficiency corresponding to a mapping configuration, which
is defined as

Y W(p)

_ beVy

‘r‘] = -
Vil - OFyp

A, S

_ pe Vy
[V - max, {AS(P) + &P}

However, OFtyp is not a smooth function. Also, minimizing OFtylo givesrise to aminimax crite-
rion which is computationally expensive, because the calculation of a new OFtyp caused by an
incremental change in the mapping of data objects to processors may require the cal culation of the
loads of all processors. To avoid these two shortcomings, a quadratic objective function, OF
can be used as an approximate cost for a mapping configuration:

2.7)

appr’
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OI:typ =max, . v, {W(p) +C(p} (2.1

The minimization of OFp is difficult, because the optimization of W(p) and C(p) corresponds to
conflicting requirements. Using physical analogy, computation graph vertices can be viewed as
interacting particles. Minimizing computation workload, commonly referred to as load balancing,
correspondsto a short-range repul sive force on the particles, causing them to spread throughout the
multiprocessor. Minimizing communication cost corresponds to a long-range attractive force
between interacting particles, causing them to coalesce and remain close to one another.

The computation workload, W(p), for a processor, p, is given by

Wp)= Y ww) - 8(v, p)

Ve V¢

tioat- A Y, O(V) - 8(V, p)

ve V¢

tioat - A - S(P) (2.2)

where w(v) is the computation time per vertex v, S,(p) is the number of local computation graph
edgesinp, t; ., iSthe machine time for an arithmetic operation, A is the number of computation
operations per computation graph edge per iteration, 6(v) isthe degree of vertex v in the computa-
tion graph, and d(v, p) equals 1 if vertex v is mapped to processor p and equals O otherwise. Both
A and 6(v) are determined by the particular algorithm used. A isaconstant expressing the number
of values updated for the data objectsin an iteration. 6(v) represents the number of computation
operations required for updating avalue for vertexv. 6, and 6 __  are used to denote the average
and maximum vertex degreein G, respectively.

The amount of communication for a processor, p, is difficult to express accurately. It depends on
several hardware and software components of a multiprocessor, which vary from one machine to
another. Further, some of these components might be impossible to quantify. Let

Cp = tfloatt.»(p) (2.3)

so that al parameters can be normalized with respect to  t;, ;. In this dissertation, we use two
expressionsfor {(p). One expression, C(p), is based on the physical distance between processors
and the message size:

CqPp) = Y, pB(P, QH(p, g) (2.4)
qe Vy
where B(p,q) is the weighted number of vertices mapped to p and are boundary with q; that is,
Bpa)= b > &(v,p) d(u, 9); (2.5)
V,ue Vg
<vu> € Eq
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Chapter 2

Data M apping Problem

M apping datato multiprocessors aims for the minimization of the execution time of the associated
parallel algorithm, ALGO. The execution time depends on the characteristics of the algorithm, the
data set, the computation model and the multiprocessor machine. In this chapter, the characteristics
assumed in this dissertation are presented and utilized in the definition of the mapping problem and
in the formulation of appropriate objective functions.

Let G- = (VoEQ) and Gy, = (V,,,Ey,) represent the problem graph and the multiprocessor
graph, respectively. The vertex set, V., represents the set of data objects on which computations
are to be performed. The edge set, E., represents the computation dependences among the data
objects specified by the particular algorithm, ALGO, used. G can either be supplied by the user
prior to program execution or derived automatically at runtime [Ponnusamy et al. 92]. It is hence-
forth referred to as the computation graph, and the two terms, data objects and computation graph
vertices, will be used interchangeably. When performing computations in paralel, G aso con-
tains information about interprocessor communication. The vertices of the multiprocessor graph,
V. refer to the processors, and the edges, E,,, refer to the physical interconnections.

The data mapping problem is an optimization problem that refers to determining an onto (many-
to-one) function,
MAP : V. = V.

such that an objective function, associated with the execution time, of ALGO, is minimized. A
solution that satisfies the minimization criterion is an optimal mapping. Mapping results in parti-
tioning the computation graph into subgraphs all ocated to the processors of the multiprocessor. The
array MAP[V], for v=0to |V -1, ishenceforth used to represent a mapping configuration, where
MAP[V] = MAP(v) isthe processor number, in the range 0 to |Vy,| -1, to which vertex v is mapped.
To formulate objective functions for the mapping problem, a loosely synchronous data parallel
computation model is assumed, where processors perform computations on their allocated sub-
graphs and then communicate with other processors to exchange boundary vertex information, in
each compute-communicate iteration. The total parallel execution timeis determined by the slow-
est processor. Thus, a typical objective function, OFtyp, representing parallel execution time is
equal to the maximum combined workload of computation, W(p), and communication, C(p), for a
processor, p, in aloosely synchronous iteration. That is,
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to be an efficient step for large-scale problems.

This dissertation is organized as follows. Chapter 2 describes the problem formulation and objec-
tive functions which guide the operation of the PO algorithms. Chapter 3 presents a sequential
genetic algorithm for mapping and investigates its properties. This algorithm forms the basis for
the parallel genetic algorithms. Chapter 4 contains comparative experimental evaluations of sev-
eral sequential versions of the three PO algorithms and two recursive bisection heuristics. Theaim
isto explore the properties of these sequential versions and their applicability to different problem
topologies. Chapter 4 includes a brief review of annealing and neural algorithms for mapping.
These reviews and the results of the comparisons provide a basis for design choices made for the
parallel PO agorithms and the mapping scheme used for large problemsin the next chapters. Chap-
ter 5 presents coarse grain and fine grain parallel genetic algorithms and explores their properties.
The two parallel genetic algorithms suit MIMD and SIMD computational models. Chapters 6 and
7 describe an improved parallel simulated annealing algorithm and a parallel neural network algo-
rithm, respectively, and discuss their properties. Chapter 8 provides a comparative experimental
evaluation of the performances of the three paralel genetic (MIMD), annealing and neural algo-
rithms for small to moderate problem sizes. The evaluations are conducted for a variety of ago-
rithm and machine parameter values to investigate bias and applicability of the PO algorithms. In
all thetests, recursive spectral bisection is used as areference. Chapter 9 presents efficient parallel
pre-mapping graph contraction algorithms for large-scal e problems. The resultsin Chapter 9 show
remarkable saving in mapping time, for large problems. Chapter 10 contains conclusions and sug-
gestions for further research.
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to the data mapping problem. PO a gorithms are more promising for general applicability than heu-
ristic algorithms and their parallelization is important for fast execution. The performances of the
proposed PO algorithms are critically evaluated and compared using several test cases of different
geometric shapes, dimensionality, sizes and granularities. Their performances are also compared
to recursive spectral bisection, which is arepresentative of good quality heuristics. The main per-
formance measures are mapping quality and mapping time. In addition, the properties of bias,
robustness, and scalability are investigated. Furthermore, we propose graph contraction algorithms
to alow the application of mapping methods to large problems. Graph contraction leads to signif-
icant reduction in the mapping time. Experimental results show clearly that the PO algorithms pro-
duce good sub-optimal mapping solutions. Such good quality solutions are maintained by the PO
algorithms with graph contraction, athough the mapping time is substantially decreased.

This work concentrates on mapping loosely synchronous computations with irregular data sets.
The distributed-memory multiprocessors used for mapping are assumed to have a hypercube topol-
ogy with MIMD message-passing operation [Duncan 90]. Nevertheless, the PO algorithms have
more general applicability and are not restricted to these conditions. Different conditions can be
accounted for only by modifying the objective function guiding the operation of the PO algorithms.
Thiswork constitutes a part of a broader automatic parall€elization effort, the Fortran D program-
ming system [Fox et a. 90]. In the Fortran D system, we are interested in including a number of
data mapping schemes that suit a variety of problem and multiprocessor topologies. High quality
data mapping is needed for irregular problems. Also, both, ab initio mapping and adaptive refine-
ment of existing mappings, need to be addressed in the Fortran D system. Further, MIMD and
SIMD parallel machines with avariety of topologies and communication mechanisms will be tar-
geted.

The main contributions of this dissertation can be summarized as follows:

(a) Adaptation, for thefirst time, of genetic algorithmsto the data mapping problem. Sequen-
tial aswell as MIMD and SIMD parallel genetic algorithms are presented. The parallel
genetic algorithms also serve as general paradigms for solving other optimization prob-
lems.

(b) Development of an improved parallel simulated annealing algorithm for data mapping.

(c) Development of a parallel neural network algorithm for data mapping.

(d) Comparative performance evaluation of the sequential and parallel PO algorithms.

(e) Development of efficient pre-mapping graph contraction algorithms that not only make
the application of the PO agorithmsto large problems practical, but also allow mapping
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ment steps to balance the computational weights. A greedy technique for clustering starts with a
data object and keeps adding other neighboring objects to the cluster until the required size is
reached [Farhat 88]. Other geometry-based heuristics use versions of the above-mentioned meth-
ods for partitioning the data set, followed by iterative improvement algorithms or distance-based
heuristics for mapping partitions to processors [Chrisochoides et al. 89, 91a, 91b; Farhat 89; Hous-
tiset al 90]. Clearly, most of these heuristics divide the mapping process into two steps: data par-
titioning or clustering, then assignment of data clusters to processors.

Heuristic algorithms are fast. But, many of them do not offer a balanced emphasis on the compu-
tation and communi cation components of the processor workload or tend to be biased towards par-
ticular problem structures and multiprocessor topologies. The second class of methods, physical
optimization (PO) methods, do not make assumptions about the problem considered; but, they
require greater execution time. Physical computation employs techniques from natural sciences
and has been advocated for describing, simulating, and solving complex systems, especially intrac-
table optimization problems [Fox 91b]. The operation of physical optimization methods is guided
by an objective function and, usually, combines the two steps of data partitioning and processor
assignment. Simulated annealing [Kirkpatrick et al. 83; Otten and van Ginneken 89], from statis-
tical physics, views optimization asfinding the ground state of asystem in aheat bath. Biologically
motivated neural networks [Hopfield and Tank 86] are based on a mean field theory derivation,
from physics, to quickly find good minimafor an energy function. These two paradigms have been
adapted to the data mapping problem [Flower et a. 87; Koller 89; Fox and Furmanski 88; Fox et
al. 89; Byun 92; Williams 91] and have demonstrated good potential to produce better mapping
quality than that produced by heuristics based on spatial or graph-theoretic information. However,
it should be emphasized that all these techniques, heuristic and physical, aim for producing good
sub-optimal mapping solutions, and not necessarily optimal solutions.

So far, most parallel applications have used heuristic algorithms for data mapping, the most popu-
lar being recursive bisection algorithms. Based on this observation and the brief survey of methods
given above, anumber of gapsin the data mapping work can beidentified. Firstly, several heuristic
algorithms lack general applicability. Secondly, comparative performance evaluations of various
mapping algorithms are lacking. In particular, evaluations of the performances of the PO ago-
rithms have been limited. Thirdly, most of the previous mapping methods have not been parallel-
ized for distributed-memory multiprocessors; sequential mapping is slow and unsuitable for
realistic applications. This is particularly serious for the PO agorithms. Fourthly, not much has
been reported about the applicability of various mapping algorithms to large problems, where it
seems that recursive coordinate bisection is commonly used.

In this dissertation, we present parallel physical optimization algorithms for data mapping. These

algorithms are based on genetic algorithms, simulated annealing and neural networks. Genetic
algorithms [Holland 75] are inspired by evolutionary biology and are adapted in this dissertation
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accomplished by inspection or by simple techniques. However, good mapping of general and irreg-
ular data setsto various multiprocessor topologiesisdifficult to achieve. In fact, the data mapping
problem is NP-hard, whether it isreduced to agraph partitioning problem [ Garey and Johnson 79]
or viewed as aresource allocation problem [ baraki and Katoh 88]. Examples of irregular problems
are solving fluid dynamics equations on unstructured discretization of 3-dimensional geometric
structures, and simulating particle dynamics systems with finite range forces, on hypercube or
mesh-connected multiprocessors.

Several methods have been proposed for finding good suboptimal mapping solutions. They include
greedy algorithms, nearest neighbor mapping, clustering techniques, mincut-based heuristics,
recursive coordinate bisection, recursive graph bisection, recursive spectral bisection, geometry-
based mapping, scattered decomposition, simulated annealing, neural networks, and evolutionary
algorithms based on the replicator equation [Berger and Bokhari 87; Chrisochoides et al 91a; Ercal
88; Farhat 88; Fox 88a; Fox and Furmanski 88; Fox et al 88; Kramer and Muhlenbein 89; Muhlen-
bein 87; Pothen et a 90; Simon 91; Williams 91]. These methods can be divided into two classes:
heuristics and physical optimization.

Heuristic methods can be based on either spatial information, e.g. the coordinates of data objects,
or information extracted from the problem graph, e.g. graph-theoretic distance. Recursive coordi-
nate bisection uses the physical coordinates of the data objects alternately in a number of bisection
iterations [Berger and Bokhari 87; Dragon and Gustafson 89; Salmon 90; Walker 90] . In each iter-
ation, the center of mass of the data objects, in each problem subdomain, forms a separator field
that determines how to split the current subdomain into two. Recursive spectral bisection uses the
second eigenvector of the Laplacian matrix, associated with the problem graph, for determining
separator fields [Pothen et a 90; Simon 91]. Orthogonal recursive graph bisection employs an
extremal peripheral vertex, one of two vertices separated by a distance equal to the diameter of the
problem graph, to label other verticesin a subdomain according to alevel structure [Fox 88b]. The
separator field becomes the middie level.

Mincut-based heuristics [Ercal 88; Sadayappan et al. 89; Vaughn 91] use the Kernighan-Lin algo-
rithm for graph partitioning, or modified versions [Kernighan and Lin 70; Fiducciaand Mattheyses
82]. A classic work of Bokhari [Bokhari 81] proposes sequences of pairwise exchanges alternating
with probabilistic jumps. Scattered decomposition refers to superimposing a layer of contiguous
regions over the whole problem domain [Fox 84; Goldsmith and Salmon 87; Morison and Otto 87].
Each region is formed of patches, where a patch corresponds to a mapping of the data objects that
liewithin it to aprocessor. The number of patchesin aregion equalsthe number of processors, and
the topology of theregionisidentical to the multiprocessor topol ogy. Nearest-neighbor techniques
partition a 2-dimensional problem domain into clusters and map clusters to processors such that
adjacent data objects are mapped to neighboring processors [Ercal 88; Lee and Aggarwa 87,
Sadayappan and Ercal 87]. Thismapping isfollowed by boundary refinement or iterative improve-



Chapter 1

| ntroduction

Given an algorithm, ALGO, for solving a problem with an underlying data set, DATA, the data
mapping problem refersto mapping disjoint subsets of DATA to the processors of a multiprocessor
such that the execution time of ALGO, on the multiprocessor, is minimized. The development of
data mapping al gorithms that minimize execution time isimportant for cost-effective utilization of
the computational resources offered by current and future multiprocessors. Equally important isthe
development of mapping algorithms that have general applicability, that is, algorithms that can be
applied to general problem configurations and multiprocessor topologies. General applicability of
mapping agorithms allowstheir inclusion in automatic parallelization programming systems. This
dissertation presents general mapping algorithms for minimizing the execution time of data-paral-
lel algorithms on distributed-memory multiprocessors.

Data-parallelism is based on distributing data and associated computations among the processors.
With the single program multiple data programming model, processors execute the same program
independently on the data subsets distributed to them and communicate when nonlocal information
is needed. Thus, the minimization of the execution time of data-parallel programs requires equal
distribution of the workload associated with the data objects and the minimization of concurrency
overheads, such as overheads due to communication, synchronization and other hardware and soft-
ware factors.

From a programming point of view, processor workload consists of local computations and inter-
processor communication. The combination of the two components, which comprises the total
workload, depends mainly on the computation model. In this work, we assume aloosely synchro-
nous data-parallel model [Fox et a. 88; Fox 91@] in which processors run the same algorithm,
repeating compute-communicate cycles. In every cycle, the processors perform computations on
their digoint data subsets and then communicate to exchange boundary information. For this
model, equal distribution of processor workload and, hence, minimal execution time and optimal
data mapping requires the minimization of the time taken by the slowest processor. The loosely
synchronous model is commonly used for science and engineering problems [Choudhary et a. 92;
Fox et al 88], such as solving partial differential equations using iterative methods.

Data mapping is, obviously, an optimization problem. For applications with regular and uniform
data sets and certain multiprocessor architectures, optimal or near-optimal data mapping can be
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Abstract

We present three parallel physical optimization algorithms for mapping data to distributed-
memory multiprocessors, concentrating on irregular loosely synchronous problems. We also
present atechnique for efficient mapping of large data sets. The algorithmsinclude a parallel
genetic algorithm (PGA), aparallel neural network algorithm (PNN) and a parallel simulat-
ed annealing algorithm (PSA). An important feature of these algorithms is that they deviate
from the operation of their sequential counterpartsin order to achieve reasonable speed-ups
and, yet, they maintain similar solution qualities. PGA has excellent speed-ups by virtue of
the natural evolution model on which it is based. PSA and PNN include communication
schemes adapted to the properties of the mapping problem and of the algorithms themselves
for reducing the communication overhead. The performances of the three physical optimi-
zation algorithms are evaluated and compared, among themselves and with previous good
algorithms, for a variety of test cases. They are found to produce high quality mapping so-
lutions and do not show a bias towards particular problem configurations. However, they are
slower than previous algorithms. Further, the comparison results show that the three algo-
rithms are suitable for different requirements of mapping time and quality. PGA produces
the best solutions, followed by PSA and then PNN. But, PNN is the fastest and PGA is the
slowest. The technique proposed for large problems is based on a pre-mapping graph con-
traction heuristic algorithm, which resultsin asmaller search space. Graph contraction leads
to remarkabl e reductions in mapping time, while maintaining good mapping qualities. It al-
lows large-scal e mapping to become efficient, especially when the physical optimization al-
gorithms are used.
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