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Abstract

Distributed learning automata (DLA) s introduced amd its application to shortess path problem in
stochastic graph is described. The objective is to use DLA to find a policy that determines a path from
a source node to a destination node with minimal expected cost.
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1 Introduction

Shortest path problem when the edge cost is deterministic can be solved using one of the many shortest
path algorithms, such as Dijkstra, Floyd, and Warshall in polynomial time [1]. However, when the
edge lengths are allowed to be random, the problem becomes considerably more diffcult. Unlike the
deterministic graph, stochastic graph are related to distinct models, interpretations and applications.
Recently, attention has been given to analysis of shortest path in such stochastic networks, and the

following questions have been addrossed.
1. distribution of the length of the shartest path
2. moments of the length of the shaorrest patly
3. the probability that a given path is the shortest path in the graph

The analysis of some of the problems for general stochastic graphs has been attempzed by Pritsker
[2] and Frank [3]. Martin [4] has analyzed the problem using the unique arcs concept, and Sigal and et
al.[5] have used the uniformly directed cuts in their analysis of shortest paths. Each one of the above

of these integrals quickly gets cut of hand, even for small networks. Michandani [6] uses an entirely
different approach that avoids the evaluation of multiple integrals, but his approach works only when the
arc lengths are discrete random variables. Due to the computational difficulties in the exact computation
of the distribution of the length of the shortest path, recently attention has shifted to Monte Carlo
simulation of stochastic networks to ohtain estimates of the required distributions. Simulation methods
for estimating sorme of Lhe quantities listed above are develope] by Sipal aml et al. {Tr amd Adbkha and
Fislunan [5][9].
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In this paper an adaptive procedure based on the distributed learning automata for finding the shortest
path in stochastic graph is presented. This problem is particularly useful in routing in transportation
or communication networks and in scheduling. For example in transportation application the random
attribute denotes a random travel time.

We consider a stochastic directed graph G = (V, E, X)) with V' = {1,2,---,n} being the set of nodes,
E C V x V being the set of directed edges, and X being the statistics of the edge costs. In particular
Xi; of each edge (i,j) is assumed to be a random wvariable. We assume that each edge (i,j) has a
discrete positive random length X;; taking values X, < X7, < --- < X7 with respective probabilities
qu,qu, e ,q:;"". In this paper we are interested in finding the sum of the minimum of these variables
over the set of all source-destination paths in the graph.

The rest of the paper is organized as follows: The learning automata and distributed learning automata
are introduced in section 2. Section 3 presents the proposed Algorithma. Simulation results and discussion
are given in section 4. Section 5 concludes the paper.

2 Learning Automata and Distributed Learning Automata

2.1 Learning Automata

The automata approach to learning involves the determination of an optimal action from a set of allowable
actions. An automaton can be regarded as an abstract object that has finite number of actions. It selects
an action from its finite set of actions. This action is applied to a random environment. The random
environment evaluates the applied action and gives a grade to the selected action of automata. The
response from environment (i.e. grade of action) is used by automata to select its next action. By
continuing this process, the antomata learns to select an action with best grade. The learning algorithm
used by automata to determine the selection of next action from the response of environment. An
automaton acting in an unknown random environment and improves its performance in some specified
manner, is referred to as learning automata (LA). Learning automata can be classified into two main
families: fired structure learning automata and variable structure learning automata.

Variable structure learning automata is represented by triple < 8,0, T >, where 3 is a set of inputs
actions, o is a set of actions, and T is learning algorithm. The learning algorithm is a recurrence relation
and is used to modify the state probability vector.

It is evident that the crucial factor affecting the performance of the variable structure learning au-
tomata, is learning algorithm for updating the action probabilities. Various learning algorithms have been
reported in the literature. Let a; be the action chosen at time k as a sample realization from probability
distribution p(k). The linear reward-inaction algorithm (Lg-s) is one of the earliest learning schemes
and its recurrence equation for updating action probability vector p is defined as

[ mRrax-p)] i i=j
p+n={ PO 0 & i3 ‘”

if 3(k)} is zero and p is unchanged if (k) is one. The parameter 0 < o < 1 is called step length and
determines the amount of increases (decreases) of the action probabilities.

In linear reward-epenalty algorithm (Lg_,p) scheme the recurrence equation for updating p is defined
as

pj(k) +ax[1-p;(k)] if i=j
pilk+1) = if Bk)=0 (2)
pj(k) —a x p;(k) if i#7

pi(k)x (1—b)  if i=j
pilk+1) = if B(k)=1 (3)
Lo +pi(k)(1=b) if iF#j
The parameters 0 < 2 < 1 and 0 < b < a represent step lengths and r is the oumber of actions

for learning automata. The a and b determine the amount of increase and decreases of the action
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probabilities, respectively. If the a equals to b the recurrence equations (2) and (3) is callec linear reward

penalty(Lg_F) algorithm.
For more information about the theory and applications of learning automata refer *o "101/11]{12][13].

2.2 Distributed Learning Automata

Distributed learning automata (DLA) is a network of LA which collectively cooperzted to salve a par-
ticular problem. The mimber of actions for a partienlar LA in DLA is equal to the munber of LA's that
are connected to this LA. Selection of an action by an LA in the network activate cne LA corresponding
to this action. For example in figure 1, every automata has two actions. Selection of action a; by L4,
will activate automata LA;. Activated LA; choose one of its action which results in activating one of
the LA connected to LA; corresponding to the selected action. At any time only one cf the automata
in the network will be active. Formally, a distributed learning automata can be defined by a graph
DLA = (V, E), where the set V = {LA;, LAz, ---, LA, } is the set of learning antomata, where n is the
mnber of LA in DLA, and E C V' x Vi the set of edges in the graph. The cdge (2, ) sbhows the actien
j of the automata LA;. In other words, LA; is activated when action j of automata LA, is selected. The
number of actions for a particular automata LA, (for k = 1,2,---,n) is equal to the out degree of that

node.

Figure 1:

3 The Proposed Algorithm

First, a network of learning automata which is isomorphic to the input graph is created. Iz this network
each node is 2 learning automata and each outzoing edge of this node is one of the actions of this learzing
automata. For example, for graph of figure 2.a the network of learning automata of figure 2.b is creatad,
Selection of one of these actions causes one of LA, LAz, LA4; or LA; be activated. The stochastic gzaph
plays the role of random environment for the distributed learning automata. Feedback connecticn of
environment and DLA is shown in figure 3. The output of DLA is a sequence of actions that represent a

particular path in the stochastic graph.

Figure 2:
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Environment
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Figure 3: Feedback connection of DLA and random environment

The environment uses the length of this path to produce its response. This responsze, depending on
whether is fevorable or unfavorable, causes the actions along this particular path be rewarded or penalized.

Now, we give a general description of algorithm for finding the shortest path in stochastic graph. In
the first step, the source LA (corresponding to the source node in the input graph) chooses one of its
actions {as a sample realization of its action probability vector). This action activate the LA on the other
end of the edge corresponding to the chosen action. This automata using its action probahility vector
will activate another automata. The process of selection of an action and activating an LA is repeated
until the destination LA (corresponding to the destination node in the input graph) is reached or for
some reason moving along the edges of the graph is not possible or the number of visited nodes excesds
the number of nodes in the graph. For example in figure 2 in which source node is 1 and destination node
is 4, at first L4, chooses one of its actions. Assume as a result of choosing action by LA;, L4; become
active, automata LAz activate L4, which is the destination automata.

After the destination node is reached, the length of the traversed path is computed and then compared
with a quantity called dynamic threshold and depending on the result of comparizon all the LAs {except
the destination LA) along the traversed path update their action probabilities. Updating is done in
direction from destination to source. If the length of traversed path iz less than or equal to the dynamic
threshold then all the automata along that path receive reward and receive penalty if the length of
traversed path is greater than dynamic threshold or the destination node is not reached. Reward and
penalty to actions are given according to the Lg_; learning algorithm.

The process of traveling from source LA to destination LA is repeated until the stopping condition is
reached which at this point the path last traveled is the path which has the minimum expected length
among all the paths from source to destination. The dynamic threshold at time &k > 1 is defined as

L.

=1

1
AT = —— i;
15 s 3 (4)

where [; is the length of traversed path at iteration i. The algorithm stops if the product of the
probability of choosing the edge of the traversed path, called path probability, is greater than a certain
threshold.

For the sake of simplicity, we use notations shown in figure 4. The variables sourceNode and
destinationN ode denote the source and destination nodes, respectively. The probability vector for Ld;
is shown by p' = (p},p%,+--,pL,). P, denotes the probability of selecting action e that is, the edge
from node j to node m. For simplicity in the presentation of algorithms, the actions of an automata
are shown by the indices of adjacent nodes to the node corresponding to that action. For example, the
set of actions of automata LAy in figure 4 is represented by {as, o5}, Variables pathLen and pathCost
represent the length and cost of the generated path which is stored in array path, respectively and the
variable path[k] denotes the kth node in the generated path. In algorithms of figure 3, the statement
node.get Adj Node() selects an action from LA, 4. based on the action probability vector p™°%* and state-
ment node + nextNode activates the automata LA .zemvade. The proposed algorithm is given in figure
3.

In the first step of the algorithm, the Ld,,ur. chooses one of its actions, say nertNode. Selection of
this action activates the Ldqeevode. Lldnezepiode Using its action probability vector will activate another
automata. The process of selection of an action and activating an LA is repeated until the Ldsestination
is reached or for some reason moving along the edges of the graph is not possible or the number of
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Figure 4

visited nodes exceeds the number of nodes in the graph. After the destination node is reached, the length
of the traversed path is computed and then compared with dynamic threshold and depending on the
result of comparison all the LA's (except the LA, tination) along the traversed path update their action
probabilities. Updating is done in the direction of destination to source. If the length of traversed path
is less than or equal to the dynamic threshold then all the automata along the path receive reward and
otherwise receive penalty according to the Lg_; learning scheme. In the rest of this paper, we call this
algorithm, algorithm 1.

procedure 35PP
Input: Graph G = (V, E), sourceNode, destinationNode
Qutput: path , pathLen, pathCost

begin
Conatruct the DLA DLA = (V, E) from graph G
repeat
k ~ pathCost + 0
pathLen + 1 // length of the generated path
node + path [1]+ sourceNode J{ Start from sourceNode

while node # destinationNode and pathLen < n do
nextNode + node.getAdjNode () J/ Balect an adjacent node preseribed by LA .q.
pathLen + pathLen + 1 // increment length of the path
path [pathLen)+ nextNode // Add the selected edge to the generated path
pathCost + pathCost + edgeCost (node, nextMNode) /f Sample the cost of an edge (node, nextNode)
node «— nextNode J/ Activate automaton LAz ¥ode

end while

ke=k-+1

if pathCost < prevPathCost and path[pathLen]=destinationNode then
for m + pathLen-1 downto 1 da

reward action path{m+1] of LApaen(m| // Traverse the path from destinationNode to sourceNode

end for

end if

prevPathCost « prevPathCost + ﬂpnthﬂ'ﬂat = prevPathCost]

until probability of selected path > threshold
end S5SPP

Figure 5: Algorithm 1

This algorithm can be improved in several ways some of which are described below.

# In algorithm 1, number of actions for every automata is fixed and does not vary as algorithm
proceeds. This may cause the algorithm to traverse paths from source to destination that may
contain loops. Existence of loops in the traversed path (if the cost is positive) excludes that path

T4
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from being the optimal path. If we disallow loops in the paths being traversed, the number of paths
sampled inorder to find the optimal path will be reduced leading to lower computation time. This
is done by allowing the algorithm to meet every node along a path being traversed at most once. To
implement this, when an LA chooses action & from the list of its actiona, at the same time all the
unactivated LA's will disable action & (but not removed} in their list of actions. When traversing
back from destination node to the source node, all the disabled actions will be enabled. Algorithm
1 in which this modification is made is called algorithm 2.

# In algorithms 1 and 2, the learning algorithms residing in different LA’s use the same learning rate
which remains fixed during the execution of the algorithm. This gives equal importance to all the
nodes along the path being traversed, which may not be appropriate. Nodes which are closer to the
source node should be given higher degree of participation in the optimal path (higher probability
of being part of the optimal path)than those which are far from the source node. Therefore, the
amount of the reward given to an action taken at a particular time must increases as we approaching
the destination node. To achieve this, we halve the step length as moving from one node to another
when we traversing back toward the source uode. Algorithm 2 in which this modification is made
will be called algorithm 3.

» Updating schemes for step lengths can be different. Another way to update the step leﬁgth is given
by equation {3). Here the step lengths are dependent on the action probabilities. Algorithm 2 in
which thiz modification is made will be called algorithm 4.

Tpathfk—1]
Sparh[k] = —i—TP“‘ T fork>1 (5)

pothlk]

» It seems reasonable that for computation of the cost of a path to use the mean of all the samples
taken from an edge rather than the sample taken at an iteration for that edge. This modification,
according to the central limit theorem [14], allows the algorithm to have an estimate of the cost of
traversed path which is closer to its mean value. Algorithm 2 in which this modification is made is
called algorithm 5.

o Different combination of above mentioned algorithms can be used We examine the combination of
algorithms 3 and 5 and call it algorithm 6.

4 Experiments

To study the feasibility of the proposed algorithms, experiments are conducted on five different stochastic
graphs given in figures 15 through 18. Graphs which are shown in figures 17 through 18 are borrowed
fram [13].

» Graph 1 which is shown in figure 15 is a graph with 6 nodes, 10 arcs, sourceNode = 1, and

destinationNode = 6. Edge cost distribution is given in table 7. For instance, edge (1,2} has length
7.0, 7.3, or 9.4 with probabilities 0.2, 0.5, or 0.3, respectively.

e Graph 2 which is shown in fizure 16 is a graph with 4 nodes, 5 arcs, sourceNode = 1, and
destination Node = 4. Edge cost distribution is given in table 8.

» Graph 3 which is shown in figure 17 is a graph with 10 nodes, 23 arcs, sourceNode = 1, and
destinationNode = 10, Edge cost distribution is given in table 9.

» Graph 4 which is shown in fgure 17 is a graph with 10 nodes, 23 arcs, sourceNode = 1, and
destinationNode = 10. Edge cost distribution is given in table 10.

» Graph 5 which is shown in fizure 18 is a graph with 15 nodes, 42 arcs, sourceNode = 1, and
destinationNode = 15. Edge cost distribution is given in table 11.

]
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In all the simulations presented in this paper, the updating scheme for vector probability is Lr-y, and
each algorithm terminates when the probability of traversed path is 0.9 or 300, 000 paths are traversed.
Each algorithm is tested on five different graphs and the results for each algorithm are summarized in two
tables. Every figure in this is the average value over 100 runs. The first column of the first table for each
graph includes the average number of iteration required by the algorithm over the runs which converge.
The second column shows the percentage of 100 runs converge to the solution after 300,000 iterations
to the solution, that is the path with minimum expected cost. The second table for each algorithm,
shows the total number of samples taken form all the edges in the graph and also the total number of
samples taken from the edges along the shortest path. The results of simulations for different graphs are
summarized in table 1 through 6. From the result of the simulations, the following points can be made.

1.

Simulation results show that for all graph except graph 3 the number of converged runs increases
as the learning parameter a decreases. For instance, in table 1 for graph 1 whereas 100 of the runs
converge when a = 0.001, this percentage decreases to 98 when o = 0.15L.

. Simulation results show that for algorithm 2 the average number of iterations required to reach

the termination criteria is lesser comparing the algorithm 1, but percentage of the number of runs
converge is higher. This is due to the fact that algorithm 2 does not traverse paths which contain
loops, and as a result the number of sampled paths is smaller.

. Algorithm 3 improves the rate of convergence because as we approaching destination node, the

action probability vectors are updated more conservatively. On the other hand, the average number
of iterations for this algorithm is higher. The reason for the increase in the average number of
iterations is that the nodes closer to the destination node use smaller step length.

. The updating scheme for step length in algorithm 4 results in degradation in the performance of

the algorithm. One reason for such degradation is that there is no dependency between the step
lengths and action probabilities.

. It can be noted that for large value of learning parameter a all algorithms perform the same. The

figures 7, 7 and & show the average iterations for graphs 1, 2 and 5 with respect to step length
parameter a. These figures point out that the average iterations required by the algorithms for
finding the optimal path is heavily dependent on the input graph and there is no general ordering
according to which the algorithms can be ordered in terms of their performance.

B0
- ——
Baon —m= Agamam T
= adgarfism 3
—— magamusa
o 3 R —
E |\ LU ]
=
§ w=
£
B0
£
ey
Y XTI azar CE oy

Figure 6: Average number of iterations for graph 1

. Figure 9 shows the number of converged runs over 100 runs for graph 1 for different algorithms.

According to this figure, algorithms 3 and 6 are not very sensitive to step length parameter a in
terms of number of runs converged.

. Probability of optimal path (POP) at each iteration of algorithm is defined as the product of

probability of edges along the optimal path. The plots of average probability of optimal path over
the converged runs out of 100 runs for all graphs and different algorithms are given in figures 10
through 14. Higher slop of POP for an algorithm indicates that a path selected in a particular
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Figure 9: Probability of optimal path for graph 1
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Figure 14: Probability of optimal path for graph 3

Table 1: The simulation results of Algorithm 1
a) Average number of iterations and runs converged

rap Graph 3 Graph 4 Graph § 1
Average Fsins Avsrags Funs Avmrage Auns R— i Rluns Awmrage [ Huns I|
L lierationa Convarged [taraticns Convergsd [taraticns Convarged Earations Convergsd Lisrasions Convesged
[ 0.001 || 3138.8 100 11943 100 37710 iz 10706 100 71027 100 |
0051 B3 00 L7 100 EXE] 31 T14.7 E5 [WE] (L] I
0.101 33.88 L0 G1.46 100 180.4 20 93.T (1] 1E8 33
0.151 20.46 100 B7.46 93 91.1 T 46.5 57 ] 28
G.201 || L7.57 (1] 3.6 56 59 12 0.8 (1] 514 21
7 0.351 1.0 95 76.76 90 T4 | 16 23.66 55 35.6 14 |
| 0.301 9.43 o1 15.9 78 7.3 12 18.9 16 171 is |
0.351 T.45 a3 i 15 73 18.5 13 13.9 48 1B.25 16
0401 708 43 | 13 a6 16.3 1o 10.5 a6 12.7 12
0.451 B.01 i1 4,52 L 120 3 [ 0.8 43 12.5 3
b) Average samples taken from graph and optimal path
a “Graph 1 Graph 3 T Graph 3 Graph 4 Graph &
Total Shortest || Awvarsgs Shorkcai Aversge Shoricel Mmruge Shaitean
. Samplen Path Samples Path Saen plas Path Samplas Fath |
T . & 334 L] BI525 10603 41056 19109 HBST4 | di038 |
0.051 153.5 100 d427.4 1288 1062 268 382.6 318 1536 563
0.101 B5.5 53 186.9 124 3978 a4 TN 136 || 769.8 173
0.151 831.6 3 121.3 T0 284.9 [} 237.5 65 f_l!f il
X Fii] T 1.0 FE} 00,5 [F] 150.7 iz 780.2 53
0.251 35.7 13 57.4 34 144.8 78 120 32 || 192 pi
0.301 29.6 15 36.4 20 113.5 21 110 24 146.3 22
0.351 4T 14 32,7 13 [ I 14 83.4 0 fi 113 16
0.401 FEE] 14 30.5 14 .6 11 TL.5 15 || 100 12
0451 3.1 10 1.5 10 9 15 554 15__|| B586 ]
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Table 2: The simulation results of Algorithm 2
a) Average number of iterations and runs converged

a Graph 1 T Graph 2 Graph 3 Graph 4 Graph &
Awermge I Auns e = Puna | Awsrage Migna Averags Runa Avarsge Auns
Eierations Canvarged [lerations Convergad || Tiecstions Convarged Taralicns Convarged llrﬂml Cunverged
[T 31328 100 12094 100 IEE0T 18 L0054 100 20376 [
0.051 56.5 100 1523 100 4259.4 3 156.9 L 4050 (]
0.101 31.9 100 3.4 100 1354 3% B5.6 (E] 175.3 34
0151 20.1 98 534 34 95.2 12 50.5 66 Ba4.7 F2] I
0.201 14.5 EE] 35.8 92 62.2 12 34.3 54 57.9 20
[ 0-351 128 93 37 BL 342 13 TR 63 2.3 8
| 0301 [| 8.7 EE] 13.5 77 73 14 il 169 43 6.9 )
0351 | T4 a7 145 ki 21.2 10 13.3 a0 18.9 12
DAL I 1.5 ED i1.1 7 | EN] (] 11.2 47 178 g
0451 6.1 85 8.1 Ta | 11 | if 41 125 9
b} Average samples taken from graph and optimal path
& raph L rap Craph ¥ Graph 4 | Ciraph 3
Total Bharsat Average Shartsat Average Ehgriast Averngs Shariget || Avwerngs Shorteai
Samplce Path SEamples Futh Samgalos Pwils Bamples Puth 11 Samplcs Patk
0041 11 S04 23183 | 1798 B3bB4 | 11376 37764 | 18144 || Ba3ss2 | 32456
0.051 1al.7 100 EEE] FE 1030 297 T56 T57 1814 494
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0.151 53.8 33 108.7 ) 774 54 735 6 70 4148 50
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Table 3: The simulation results of Algorithm 3
a) Average number of iterations and runs converged
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b} Average samples taken from graph and optimal path
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Table 4: The simulation results of Algorithm 4
a) Average number of iterations and runs converged

& Graph 1 Graph 2 Graph 3 5 Graph 4 I Graph &
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0.001 azre 1 i1 100 301 100 GA6T 100 16241 100
0.051 [ 100 307.9 100 174.4 a0 174.9 ELT 330.3 [F]
0.101 0.6 100 101.3 98 T2.3 34 74.8 a1 97.9 7
i 0151 15.7 100 557 [ 6.5 ] T [ 60.1 I8
0.201 iT 96 37 91 31.7 | 14 30.5 53 36.4 1%
0.251 11.8 98 35.3 gz 0.7 17 16.9 57 76.9 0
0.301 5.4 [F] 14.7 Y] 21 2 14.8 L 17.8 ]
| 0.331 B EE 13.5 EH 14 ] 14 116 43 14.4 10
0.401 [X] ag 13.1 T8 12 ] [] 10.2 a0 12.8 E]
(XD 5.8 7 T3 71 5] T ] L] ) ]
b) Average samples taken from graph and optimal path
a ||__ Graphl Graph 2 Graph 2 Graph 4 I Graph 8
Toval Shortass Averags | Ghartast || Aversgs | Shartast Avarage | Shortast || Awersge | Shariest
Sumplen ! FPuth Samples Faih Eamplen Fash l Semples Path Samplas Faik
0.601 [ 7607 | 5269 B 17505 Zi04B 11683 31357 171388 SadTd 31048
0.051 | 185 L03.8 413.8 289.3 )| 9537 256.3 831 2583 1152.5 264.8
6. 101 | TH.4 5.4 05,9 L1452 EFR ] B3 285 TIL.T 4015 78.3
0.151 | 519 33.5 121.2 T5.7 240,56 48.5 175 6l.2 5 “56.3
0. 201 46.5 8.3 Ti.3 47.5 131.9 5.8 141.9 40,1 158.5 32.8
0,351 T 21.d 54,5 30 [ KB o1.7 46,2 FL 131.5 24
0301 0.8 16.9 40.7 23.2 93,1 16 74.0 74.8 102.3 14.1
0.351 26.8 15.3 30.3 18.9 83.7 12.8 | gl 17.2 806 | 101
0.401 23 13.4 C S I % 60.9 5.8 f 539 18.1 3.0 | 9.1
0451 0.3 11.3 18.9 | 10.5 [} 5.6 136 1L.8 616 | 8.2 |
Table 5: The simulation results of Algorithm 5
a) Average number of iterations and runs converged
a Graphl 1 Graph & 1] Graph 3 Graph 4 Graph §
Avarsge Punas Avsrags Puns || Awerags Runs Aversgs Runa Aversge Ruos
Itarstions | Convarged frarationa | Comverged || Iterations | Converged l ftarations | Converged Tteraiiona | Cooverged
0.001 2235 1 T30 100 || GSa6L4 ] 1977 [T 6302 100
0.051 5 L00 a7.9 100 I 482.8 18 189.3 65 4TE 43
0.101 5.5 0o 33.3 [ 1652 13 73.4 53 1353 28
0. 151 17.49 FE] 24,4 EL] Va4 14 EEN EE] BL.9 13
0.201 14 Ba 23.9 46 44.3 16 SL.B 53 55.2 20
0.251 10.8 £ 172 L] 32.4 11 334 B0 35.3 18
0.301 9.7 ED 13.1 o1 73 9 ] 17.0 (5] 736 21
0.351 6.4 a1 14.4 40 18.4 [ 10 14.7 43 .8 11
0.401 6.5 90 12.1 57 1 4.8 | T 134 45 17.3 12
0451 5.4 568 9.4 g2 : 10.9 ] AT 10.2 34 12.9 ] |
b) Average samples taken from graph and optimal path
a Graph 1 Craph 2 Graph 3 Graph 4 Tiraph & ]
Tatal Shartsst Avarnge Shicrieat Avarage Shoriost Avwerage Hharies A werege Shartest
| Famplas Path Samples Fatlh Bamples Path Samples Path Samples Puth
T o601 E314 357 464 1232 101568 20390 BE612 33540 103965 48125
0.051 119 [ 118 81.5 L1d6 284.9 840 2TH.T 1324 543.T7
0.101 [17] 42.7 BB 43.5 458 135.3 352 104.2 851 166.6
0.151 i 30.5 50 333 || 34 LER] [FE] 344 fid.2
0.201 13 743 50 30.9 166 37.0 135 [EN1 213 47.5
T 7 5.4 36 21.3 114 74.1 104 34.9 153 25.5
3.301 26 17.8 F1 0 17.2 B3 17.4 EJ 6.2 iid 0.8
0.351 i 13.3 30 EX] 71 4.2 7L 317 B I
0.0 T 128 76 16 EE] 11.5 52 18.7 70 12.5
0.451 18 ¥ i) 11.4 44 15.T 47 15.4 56 11.2
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Table 4: The simulation results of Algorithm 4
a) Average number of iterations and runs converged

i Graph 1 i Graph 2 I rap Graph 4 I Graph 5
Avarags Muss Avarags Runs |' Average Huns Average } Rans “ Aw=rage Funs
Ieralions | Conver Itarntiona | Converged Itarationa Canverged lterstions | Comwerged ftarntions | Convergsd
0.001 L] 1 11 100 7301 100 GE6T 100 16241 100
0.051 64 100 2078 100 174.4 (1] 174.0 EL) 7370.3 [F]
0.101 30.6 100 101.3 28 Ta.d 34 74.8 il 97.9 F i
| 0.151 15.7 100 557 08 16.5. ¥ 4.9 [ 60.1 I8
0_201 17 95 3T FH 3.7 14 0.5 53 6.4 15
0.251 11.8 98 5.3 3z 0.7 17 16.9 57 76.9 0
| 0.301 4.4 ] 3.7 A0 21 ] E] 14.8 L 17.8 ]
0.351 B A 13.5 31 14 ] 14 116 43 144 10
0401 [X] g 1d.1 T8 12 I [] 10.2 a0 12.8 E]
H D451 L] a7 Ve Tl 9.9 | T 7.9 EE] 0.1 ]
b) Average samples taken from graph and optimal path
a raph L Graph 2 Graph 2 T Graph 4 1] Graph &
Toaal Shartest AvErngs Shartest Awarags Shartast l A varsgs Fhorteat || Awversge Fhariest
Samplan Puth Samplaa Fath Samples Fath Snmplas Path Samplas Fuath
0.001 7607 | 5289 23797 17605 [ 24048 11683 31357 17138 53474 31940
0.051 155 | 103.8 419.8 289.3 )| 98%7 256.3 83l 254.3 1152.5 264.8
0. 101 TH.4 50.4 T05.9 135,21 302.3 B 165 ~LELT 401,84 8.3
0.151 51.9 33.5 121.2 5.7 310.8 45.5 178 61.3 353.5 56.3
0. 301 46.8 3 [ Tia 47.5 131.9 5.8 141.9 40,1 158.5 2.8
{5.281 357 Z1.Y || 4.9 30 955 1.7 1| 662 a7 1305 4
0.301 6.8 169 || aog 3.2 92,1 16 j| 7439 4.8 102.3 4.1 |
0.351 6.8 159 || 303 16.9 83,7 128 || 8l iT.2 0.6 | 101 |
0401 | 23 134 j| sL1 | 1T g8 [ 65& ¥ 533 135.1 i T K
0.451 90.3 11.3 1.9 | 106 8.1 B.6 136 1.8 6L6 | 8.2 |
Table 5: The simulation results of Algorithm 5
a) Average number of iterations and runs converged
a Graph 1 Graph 2 Graph 3 I Graph 4 Graph §
Avasags Fluns Avefage Runs Avsragd Pane Aversgs Muna A werage Auos
L Itarstions | Converged frarations | Comvarged Ttarstions | Converged _E ftarations | Convarged ltarations | Cooverged
[ a.cot 2235 100 7230 100 || GaBL4 ] 19770 [T F6302 100
0.051 50 100 57.9 (] | 4823 18 169.3 [ 478 43
0. 101 2858 100 33.3 [E] 1682 18 4.4 [£] 1351 a8
0151 17.9 EE] 4.4 EL Va4 14 EENH EL] BL.9 [
0.201 14 5 23.9 96 44.9 16 3L.B %] 55.2 20
0.251 10.8 [ 17.2 [T 3.4 11 7.4 B0 ~ 35.3 i5
0.301 9.7 094 131 [ 23 | ] F 17.0 [ 73.6 1
0.351 5.4 41 14.4 a0 18.8 [ 10 14.7 45 .8 11
0.401 6.5 a0 13.1 87 48 1 T 13.4 45 17.3 12
0451 5.4 86 9.4 3] 10.9 1 AT 10.2 34 12.9 [
b) Average samples taken from graph and optimal path
A Graph 1 Graph 2 Graph 1 Graph 4 Graph 5
Total Shartest Awarsga Shioriaak Avarage Shoricst Avarsge Fhartcei A wnrmge Shorteat
| Samplas Path S-mpbn_L Fath Hamples Path Samples Path Samples P'l-lh_I
T o.001 5219 3532 4464 R FEF] 101568 20300 E8612 J3540 103965 48325
0051 119 EH L18 81.5 L1186 284.9 840 278.7 1324 541.7
0.101 B0 42.7 [ 43.5 458 125.2 351 ~104.2 851 166.6
0.151 i3 30.5 50 32.3 234 53.2 203 [ 343 64.2
0,201 35 a3 50 30.9 166 371.0 135 [N 213 47.5
I 0.251 7 15.4 36 21.3 114 24.1 104 34.8 153 25.5
7.301 28 17.8 W | 1.2 [E] 17.4 £ 26.2 113 0.3
0.351 18 13.3 30 18.2 71 14.2 TL 21.7 B4 14.3
0401 17 12.3 26 16 L] 11.5 52 18.7 70 12.5
0.451 3 ¥ 0 11.8 44 LT 47 15.4 56 11.2

81



6" Annual CSI Computer Conference (CS1CCT 20013

20-22 February 2001, University of Isfahan, [sfuhan, Iran

Table 6: The simulation results of Algorithm 6

a) Average number of iterations and runs converged

a Graph 1 Graph 2 Graph 3 “Graph 4 Graph &

AvwsTage Runs Awarage Muns || Aversgs Ruas Average FRuns

Iarstisns Converg=d Ieratione Herstiona | Converged [tarstions Canvergad ftarations | Coovarged
0.001 444 100 4437 a1 0217 100 77186 100
0.051 509 100 103 1060 1294.5 EE] [THE] g1 1576 o3
0.101 16.2 100 55.1 100 5B7 EH 435.1 T3 R R
0.151 0.5 100 43.1 100 266.2 31 I05.9 &7 306.7 67
| 0201 24.1 100 35.3 89 h 186.4 28 166.4 (1] 209.4 E]
0.281 18.5 100 30.4 EL] 145.9 28 125.3 [F] 158.4 687
KN 18.9 L0 27.8 EL] 133.4 F=] 103.2 ] 110.3 L]
0.351 14.9 100 4.3 [T Bl.3 FL 4.6 62 34,8 a7
0.401 13 100 21.9 83 Bl.4 31 B9.7 56 3.0 53
0.451 13 100 — 93,3 P! GT.7 0 54.0 52 65.5 49

b} Average samples taken from graph and optimal path

caph 4 ]

Total Shortest Avetage Shartest Avarage Shownest Average | Shoftest || Aversgs Thartest

Famplas Path FSamplas Pably Famplsa Paih Samplas [ :\-I-h lt Samples Puil
0.00L 103582 TOOE || BBTE 8454 A25030 ga152 183184 77186 [ 265575 163639
0051 T.8 145.3 210 T3 73018 TE9 FU86. 7 .0 5230 2571
0.101 1131 5.3 114.2 8.3 1561.6 304.9 1518.1 574.8 1945 328
0.151 6.5 513 50.1 0.5 BGS.1T 179.6 991.5 366.9 1099.6 370.6
I 0.201 B1.3 0.7 74.6 1.5 B17.2 112.8 564.5 711.5 || 790.8 356.5
0.251 50.3 33.7 66 40.4 455 EE 451.3 173.4 586.6 193.3
0.301 44.9 25.6 5B.9 35.7 370.4 63.1 373 144.7 476.8 153.7
0.351 40.2 26.8 53.3 3.6 TE0.9 BL.4 857 103.7 350 112.9
0.401 35.8 218 47.3 FLE] 25318 4.1 238.2 #1.3 JF 3517 90.2
0451 a3.3 21.4 47.2 30,6 2148 8.9 *34.3 T7.1 _l]_ 307.8 71.2

Figure 15: Graph 1

Table 7: Weight distribution of graph 1 (figure 15)

[ Edze Lengtha Frobabilities |
(1.3] 1 10 0.8 0.2
(1.2) 4 10 w0 0.2 04 0.4
(z23) | 10 50 100 0l 0E 0.1
(24) | 20 100 0.1 0.9
(2.5} 10 80 0l 09
(3.6] 1 1w 0.9 0.1
(43) | 10 100 0.2 0.8
(4,5} 50 50 05 05
(4,6) | 100 100 0.2 0.8
Eﬁ,ﬂ] 1 10 100 0.2 0.2 0.4

82




6" Annual CSI Computer Conference (CSICC" 2001) 20-21 February 2001, University of Isfahan, [sfaban, Iran

Figure 16: Graph 2

Table 8: Weight distribution of graph 2(figure 16}

[Edze Lengths | Frobabilities ]

i, g 14 15 03 048 025
(13) |2 9 10 0.1 0.7 0.2
{24) |4 11 18 19 | 0325 0L 03 038
f24) |6 13 15 015 0.3 0.58

Figure 17: Graph 3
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Table 9: Weight distribution of graph 3 (figure 17)

[ Eder I " Langths il Frobabilities
1.2 [ o 1.2 94 0.2 085 0.3
(1,3 f| 25 35 B2 0.5 04 01
(1.4] Il 42 48 8.1 nz 0.3 0.5
25 || 26 21 535 &8 2o (01 02 04 02 OI
(2.8) 58 7.0 &5 0.3 03 04
(3.2) || 1.5 73 0.4 0.8
(27} |l 65 T4 TS | 04 05 o1

‘ (2.8 [ 58 72 98 0.6 03 01
Em} 21 3z 85 4.8 0.2 02 03 0.2
4.9} B3 o6 0T 03
(57 || 22 48 8.7 0.2 0.2 08
(5,10} || 6.3 6.9 0.5 0.5
63 || 8.6 885 9.3 0.8 01 0.1
(6,5) || 0.6 1.5 353 5.8 0.1 04 03 0.2
(6,7} || m2 4.8 04 0.8
(r.8) Il &1 &3 85 0.2 03 05
(7.8 || 1.6 1.8 40 B52 02 03 03 02

| (T.10) | 1.6 34 71 01 0.5 04

F 34) || 5.0 9.6 0.5 05
(8,7} 21 448 85 03 04 03
88 || L.T 42 53 85 01 04 04 01
{78y |[ 0.3 30 350 01 04 05

| (s.10) J| 0.6 12 54 68 01 01 03 o5

Table 10: Weight distribution of graph 4{fizure 17}

l Edge fa'n;gh: ! Frobabilities

(1.2} T 653 7.4 6.4 [ 6.2 02 03 02
[1,3) 315 62 749 85 o3 03 02 02
(1,4] 42 61 635 3% /o2 03 02 03
[2,5) z8 41 &85 80|62 02 04 02
(2.8} 58 70 B35 96 (03 03 02 02
(3,2 1.5 23 36 45|02 02 03 043
{3.7) 65 T.2 83 84 |05 02 02 0.1
(3,8} 59 7.3 &6 99|l 04 03 01 0I
[4.3) 21 %2 45 68 62 02 03 03
[4.9) 1.1 22 35 4302 03 04 01
(5.7) 27 48 67 87 | e2 02 03 03
{510y || 63 78 84 9.1 i] 0.2 02 04 0.2
(6,3) g4 77 B3 96 |04 01 01 04
{6,58) 06 15 39 58 (o2 02 03 03
8,7} 21 48 68 75|02 04 02 02
7.8} 41 63 83 87|02 03 04 01
7,81 1.6 24 52 6002 03 03 02
(7,00} | 1.6 34 &2 983} 0oz 03 03 02
(8.4) 7.0 A0 BB 0.8 || 0.2 02 02X 04
(8.7) 21 46 &5 96 [l 04 02 02 02
(8,9) .Y 4% 65 T4 {02 02 02 04
(7,9] 15 40 50 T (|01 02 04 0
(9,10 E 46 64 76 85|04 01 02 01
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Figure 18: Graph 3

Table 11: Weight distribution of graph 5 (figure 18)

[:&_‘E‘_H Lengihs [ Frobabilities 1
[_ﬁ.z} 16 25 38 [08 03 DI 1
11,3} 71 234 2§ 33y 05 02 02 01
F (1.4} 11 13 26 0.4 04 0.2
(2,11} 24 2% 31 0.5 03 02
(2,5 it 30 07 03

[2.6) 13 3T 39 0.6 0.2 02
(3.2) 1L 20 24 0.6 03 01

(3.7) 23 30 34 04 03 0.3
Es,.&] 14 33 M b5 0.4 0.1

4,1 7 30 0.7 0.3

(4,8} | 35 40 t 0.6 04

(4,12) 16 26 37 05 04 0l
(5,13) 28 35 37 40 o4 03 02 01
(5,15} 25 32 0.7 0.3

(5,10} 2733 40 04 03 03
(5,7} 15 17 1 |02 03 03 01
(6,5) 18 25 @9 05 0.3 02
(8,13) 71 23 0.5 05

6,7} 11 31 AT 0.3 6.5 0.1

8,3) 13 4 0.7 03

{7,10) 1% 23 37 0.6 02 0.2
(7.8) 12 15 22 4 || 92 03 o3 02
(7.6} 12 1 3 0.3 03 02
(8,70 | 14 34 39 08 02 0.2
(g,14) || 14 13 27 32|03 03 02 02
(8,9) 13 31 32 03 01 D1
(8,4} 13 23 M 04 03 03
(8,7} 10 17T 20 0éd 02 0.1
(%.10) 18 18 3§ 398 || 03 03 02 0.2
[9,15) 12 12 25 32 o0d 03 02 01
(9,14} 19 24 9 04 03 03
{10,13) 14 20 25 32| o3z 03 02 02
(10.18) || 15 189 25 0.4 03 03
(10,04} || 23 34 08 ol

(1r,13p || 13 31 26 0.6 0.3 D1
(11.5) 3 19 20 23 || 03 03 03 01
{11.8) % 1% 39 0.5 0.4 0.1
(12,3] 15 36 39 0.5 03 02
{123} 16 22 07T 03

(rz,e4) fl 10 13 18 3 o3 03 03 0l
{13,15) || 12 31 0.8 0.1
| {1415y i 14 18 32 05 0.3 02
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