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Nevertheless, the size of the BDD representstion of

problem
these functions is highly dependent on the order of the function
also called variables, and to find such good order-
ing Is an NP-Complete problem. Many heuristics have been pro-
e solve this problem, as our Parallel Genetic Algorithm
-_.u;ﬂ_ﬂmweplucﬂlmrﬂululnurnunrpnul-
belization. Hummmumurﬁmd‘mﬂwlhm.thh
tisne with a cache system, together with experimental results,
Keoywords— binary decision dingrams (BDDs), genetic algo-
rithms, parallel processing, symbolic model checking.

I. INTRODUCTION

Binary Decision Diagrams, referred to only as BDDs
from now on in this work, are a dala structure with
an associated set of handling algorithms that has been
shown very useful to deal with propositional Boolean
functions [2]. BDDs represent these functions by
means of directed acyclic graphs. Along the paths of
this graph, variables should be found in a fixed order.
For instance, we show in Figure 1 the BDD for the
function f = A.B + C, considering the variable order-
ing A, B, C. .

Another important attribute of this data structure 1s
the canonical representation of functions for each given
variable ordering, that allows the execution of g_nn:m!ly
expensive tests, like equivalence and satisfiability, with
unitary cost[2]. With BDDs, formal Hari_ﬁr:uum tools
were able (0 handle finite-state sysiems with more than
m;;]pmhhm in the areas of digital logic

sign, verification and test, artificial intelligence and
naloric in terms of operation

Figure 1. BDD for A.B + C using the vasiable order A, B, C

to reduce solution costs on these fields, or even 1o muke
the Boolean representation practical [2]. In a special
way, one of the most powerful application of BDDs has
been symbolic model checking, employed in the formal
verification of digital circuits and other finite state sys-
tems [13].

However, although manipulation algorithms present
complexity linear with the size of the function’s graph,
this size is highly dependent on the order of the func-
ton arguments [6]. Observe that the choice of an-
other vanable ordering brings significant changes on
the number of nodes of the representation, even for our
simple example function: the representation in Figure 2
has one more node than the first one, that is, there was
an increase of 20% on its size. Indecd, the choice of
this order has a direct consequence on the time and
memory costs of BDDs. Unfortunately, to find an order
that minimizes the aforesaid costs is an NP-Complete
problem [1]. Thus, to reach this goal. it s necessary (o
make use of approximative methods, that is, heuristics,

In [4] we have shown Parallel Genetic Algonithms F"
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a feasible way to solve this problem, with gxcclieqt re-
sults of parallehization. However, the genetic algonithm
fitness function for this problem remained an expen-
sive 1ask, encumbering the global costs of our solution.
In this work we present enhancements to such weak-
ness of the previous algorithm, by introducing a cache
system for BDD variable orderings. Naturally, a cache
system brings its own costs, but experimental results
show that, in practice, these costs are more than bal-

anced by the gains obtained.
1L PARALLEL GENETIC ALGORITHM
A The Genetic Algorithm

Genetic Algorithms (GAs) are approximative meth-
ods founded on Darwin's Evolutionary Theory, obsery-
g that individuals of a population evolve, driven by
environmental factors, to form a more fitting popula-
tion. In the scope of computing, these individuals rep-
resent solutions that are enhanced by genetic operators
a1 each ileration, the equivalent to the biological gen-
eration. Genelic operators should be defined regarding
the charactenistics of the specific problem. The most
common operators are crossover and mutation, or bet-
tet, one of their many variants. In particular, GAs have
been applied 1o combinatorial optimization problems
[12). which is the case of the BDD variable ordering

problem 1o be solved.

In our algorithm, cach individual, also called chro-
mosome, represents a specific BDD variable order.
Fach chromosome has n genes, where n is the number
of vanables of the Boolean function whose BDD we
wish o optimize. Ewve | BEne represents one variable
and assumes one integer value, called allele, belong-

ing to the range [0 : n = l'f.-‘mt duplicates. Each
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Each chromosome may be evaluated according -
fitness function, which indicates how close (o 5
solution it is. In our problem, _I.Ius function is the Pun,
ber of nodes of the corresponding BDD and the sy,
this value, the better. In the simple example above y,
first chromosome has a fitness of 5, while the secoy
one has a fitness of 6.

The initial population is built from valid individuy,
created randomly, random variable orders in our ca
These orders undergo repeated changes by means of
chosen genetic operators, ending when the algonihs
reaches a given maximal number of generations with.
out improvement of its best chromosome’s fitness, 0w
stop criterion. At this moment we get an improvedpop
ulation, from which we obtain the fittest chromosome
that represents the best found order. i

For this improvement of population fitness to happes
two important points have to be considered:

1. Beuter fitted chromosomes should have a grealer
influence in the generation of new solutions (nes
chromosomes). The first BDD in the cxampk
above is surely closer from an optimal soluto

SIE the - w-L nd one (in this case it is this soluvo?)
and, so, it ﬂmmm a greater chance of surviv

ing and gene
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ng selected. On the other hand, (he
a-r-.*"pil" depends largely on & good cholce of the
gt operaton w'ﬂ:,“ we employ are ¢
CTOssOver and
™ ¥ As crossover operator we use the Order
tation %) T:: ﬂP’-'-'"':“; randomly selects 1wo
5 in 'I““"' chromosomes and co L
crossover point these points from the first pmgz::
e genes bofw 1o a descending chromosome, respect-
# e P""‘“ ons. After thll_. remuInIng positions
:“ are fulfilled with genes of the other
w ‘ g from its second crossover point and
pnlﬂ""' y w alleles. The other descendan
:W M‘b}' . . medu.re. 11'«: choice of this
aﬂﬂﬁ ““ {0 its compromise with the preserva-
qlfr the variables relative order, since it is the feature

[

- or we use the Swap opera-

suitable 1o the chosen representation. This operator
Jocts (WO positions of a chromosome and exchanges

tage of the natural parallel charactenis-
‘we decided to build a Parallel Genetic Al-
)GA). PGAs have successfully solved many
3], such as global optimization [5]. Com-
ential GAS, parallel GAs benefits from
tion on each sub-population, asynchronous
'} of their processes [12].
a 'nflqu;'e] centralized by a mas-
. The master distributes individuals
-populations. that evolve independently in
’ and coordinates the cc communica-
. np and cc are integer numbers fixed
tion user. This strategy is highly based
zveloped at [10], falling into the category
PGAs [12].
m, skeiched in figures 4 and 5, is rela-
the masler process spawns 7p
s the global fitest individual
siduals sent by the slave pro-
nization point 1), and sends
Al slave (master's syn-
as described in Figure 4.
ave executes a simple
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Figure 4
g General algonithm for the mastes Process

Slave

Hepeat cc times

Run sequential GA

Send best local individual
to master process (1)

Receive best glebal individual
from master process (2]

Replace worst local individual
with best global individual

Figure 5. General algonthm for the slave process

[11. CACHE SYSTEM

In our original algorithm, the fitness function 15 bi-
able for most of the run ime. Since Genetic Algo-
rithms work randomly, we do not have direct control
on how new individuals of the population are gener
ated, or beuer, if they arc really brand-new individu-
already evaluated individuals can

be generated, belween generations of even in the same

generation. Thus, many of the executions of the fitncss

function evaluate the same vanable orders,

1 | ly. So.
ing the algorthm unnecessan :
1o employ o cache system In ovder 10 avoid useless eval

uation steps.
Obviously, the cache syste

head in managing ¢
(ive number of nodes
costs. Nevertheless: e n:rr:: roquired by the &8
compared ‘“"'““";dﬂlr for large 0PES

struction of BDDs.

m brings 1S
codes



The cache 1§ initialized with 2 single node,

‘f.cﬂl root, with null pointers In all fields
1o & spect

(variables) each.

<omes with four genes
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Figure 6. Cache

When & variable order’s fitness is required, the cache
looks for a path that matches this ordering
starting from root. Non-initialized nodes found during
the path scanning are dynamically created,
new routes 1o the tree. Such a search goes on until level
n- 1iﬂad.wbnm n is the number of variables
mm at issue. If the last node of
the path, at level 1 — 1, has its number of nodes al-
MM the cache system returns such value.
Otherwise, the BDD construction module is started to
mu.ﬁ-ﬂm of nodes. After that, the

“‘
lnung fitnesy

iem rccmﬂ_l the resu “

cache node and retums the “bh:\

ache system pn
Ourcmm;'f nl. Each scarch is alwayy L
reducing eventual procu“n;:l:‘q1

- leps. . _ 2
:cad-l ;‘iﬁ:uﬂh thc(ﬂﬂlcﬂ cache size 1s Upper Q

n-3 ot corresponding 10 & exhaustive
10 ZoA=0  che size i bounded by the numl;q‘;‘ .
mes, 4 5igniﬁcamly smaller b
be casily controlled by application :::

wers, namely population SIZ€ and

:fl:lf':s number. Besides, the cache gm
constant as individuals evolve to later generuiy,
(he population. Tables with SOME CXPENmental
showing actual cache sizes are shown in section [y

Every spawned process has its own cache sy,

A cache system 1S initi _
process’ sub-population 1s :valgawd for the firs gy,
After that, it undergoes Successive queries and upde,
until the end of the last communication cycle, whes g,

cache 15 freed.
Iv. IMPLEMEHTATION AND RESULTS

PVM (Parallel Virtual Machine)[7] is the penic
processing software adopted in this project. The mx
impomlfmmmkcﬂ:isdecision was the heer
geneity of the available execuling environment, & c '
ter of Linux PCs, considering PVM's ability to run ow |
a network of heterogeneous processing nodes. Tk
large adoption and portability inherent (0 PVM we=
also important factors in this choice. As BDD packs
we employ bddlib[9], due to its facilities in imple®™
ing our fitness function.

Our experiments were conducted on a 1OMbs B
ernet network in star topology. Four ing aod
were used, Mmlm[’emmc‘w#
64Mb of RAM memory. The tests were made for ™ |
families of comparison functions on bit vecior cq
ity (eq) and less or equal (le), defined as:

v e
n 2 Len=MEh BN, = © vl

ley=A(F],71)
vn > l-ll:u'i"’*( 15&}{-;: :m’l-!ﬂﬂ.q[ﬁ-iﬂ
+Zpn.Yn)

compares a sequential GA implementation with
mmm-.l -ﬁ!‘i implementation. The wcﬂ“':
sion. The results prese F"'::amwwb" J
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aarive k A

i‘a.‘?lr I
- SLULTS FOR SEQUENTIAL AND PARA| -
gompanaTIVE RESTEE e or equal) -
| fea | les [ Terq |
Time (sec.) 5 | B58 T 442

2.78 | 3.64 4.32
ﬁ —
. Its (# nodes) 9 20 13.6

resu
par results (# nodes) 91176 | 474
1.00 | 1.14 1.55

10 the mean of 5 runs (1o eliminate discrepancies due 1o
e randomness of the choice of the inital population),
gorithm parameters were maintained.
buained results for the first Kind of experiments
arized in tables 1 and I1. shown below. We
excellent results in terms of parallelization,
in about linear when compared to the sequen-
The best parallelization results we can
on-random problems is a lincar speed-up
randomness allows us get super lin-
In our example, we achieve a ime gain
 four processors in the leyg func-
Such super lincar speed-up is due
juence of communication between

ercent of the run time of the uncached
vent executing the fitness func-
overhead is between 5 and 10
10 decrease the execution time by the
Bessing nodes without significant per
program always finds optimal or

, For example, we got 12, 24 and
8 and 16 bits equality prob-
esponding optimal results
s, in the same order (s¢¢

iments, in turn, compRres
th its new version, with
V sun arir.clhcl'ound

Come =
.A.i.i.l IVR llﬂllil 1§ ] I‘Tl::"l'gr
A AWD
SYsTRM (less oy rmrﬁh T

leyq
1 1024
372
275

results. Note the !
considerable pai
over the uncached P € gains of our new PGA

¢ nfirmin -
With a cache system, B Our expectations.

the fitness function
about 30% of the time spent by the mhdu: ?In‘t::

remaining run time w .
the cnnstfucljnn of BDOI;I:dthEa;Pc et ot 2
tmization all ready evahiated. Such op-
il ows us decrease the fitness function run
tme from about 90% to about 70% of the global time.
Naturally, the computation of the fitness function stil
costs an important time slice, but cenainly the use of
a cache system brings significant improvement (o our
algorithm. On the whole, the cached PGA spends only
about 35% of the time of the uncached PGA.

Another important benefil resulting from the intro-
duction of a cache system is the addition of a new siop
criterion for the GA: sample space covening rate. We
can implement such a stop criterion in a casy way, just
comparing the cache size with the number of possible
variable combinations for a given function 10 be opti-
mized.

Unlike the theoretical estmate, the cache sizes for

: reasonable, confirming the
our experiments are very - &
sitive trade-off of the cache system, shown

N AND FUTURE WORKS

show that

With this o e hn:usc“:wf;n::wbc
the variable ordenns Fﬁmm”h = ‘"'::wmm by a paralle
sucessfully dealt by 8 G2 B b of our algorithm can
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Table ¥V
WAL CACHE Pird {equality)

THEORETICAL AND ACT

Tuble V1
AL CACHE SIZES {less or eqgual)

THLEORETICAL AND ACTL

Number of cache nodes
Theoretical Actual
—_— |
les 240x 1 343
les || 1.23 % 10 17.907
lews || 471X 10 60,698

usation, making this lecnique even more efficient, and to
define some PGA p.mnﬂm automatically, reducing
Hn-hm' of decisions to be made by the application
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