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Abstract:

With the growth of the Internet, Internet Serviceoviders (ISPs) try to meet the increasing traffic
demand with new technology and improved utilizatdrexisting resources. Routing of data packets can
affect network utilization. Packets are sent aloegwork paths from source to destination followeng
protocol. Open Shortest Path First (OSPF) is thatraommonly used intra-domain Internet routing
protocol (IRP). Traffic flow is routed along shateaths, splitting flow at nodes with several oirng
links on a shortest path to the destination IP eskirLink weights are assigned by the network apera

A path length is the sum of the weights of thedimkthe path [1].

In this semester project report, | study the pnobtd optimizing OSPF weights, given a set of prtgdc

demands, with the objective of minimizing networngestion. The weight assignment problem is NP-

hard. | developed a genetic algorithm (GA) to sdahie problem.

1. Introduction:

Routing is a fundamental engineering task on therfet. It consists in finding a path from a soucea
destination host. Routing is complex in large neksobecause of the many potential intermediate

destinations a packet might traverse before regdtsrdestination [2]

The link weights are assigned by the network operdthe lower the weight, the greater the chanae th
traffic will get routed on that link [3]. When orsends or receives data over the Internet, therrdton

is divided into small chunks called packets or gedms. A header, containing the necessary trangmiss
information, such as the destination Internet Rmit¢lP) address, is attached to each packet. Bte d
packets are sent along links between routers cernet. When a data packet reaches a router, the

incoming datagrams are stored in a queue to awadegsing. The router reads the datagram header,



takes the IP destination address and determindsetavay to forward this packet for it to reachfibal

destination [3]

The configuration of network protocols is widelynsidered a black art and is normally performed thase
on network administrators’ experience, trial anaeretc... These manual methods are often eramepr
and not scalable to large complex networks. Thehasig of the search algorithm should be on fin@ding
better operating point within the limited time franinstead of seeking the strictly global optimum.
Network conditions vary with time and the searclgoathm should quickly find better network

parameters before significant changes in the nétwaocur.
Another feature of these problems; for example, A’&network has 1000s of routers and links. If all

OSPF link weights of this network are to be confiegl) there will be thousands of parameters prasent

the optimization [4].

2. The Shortest Path Problem

The shortest path problem is defined as that alirina minimum-length (cost) path between a givain p
of nodes [5]. Shortest path problem is a classiesdarch topic. It was proposed by Dijkstra in 18566
has been widely researched. The Dijkstra algorithoonsidered as the most efficient method. liseol
on the Bellman optimization theory. But when théamgk is very big, then it becomes inefficient s

lot of computations need to be repeated. Alsornitruat be implemented in the permitted time [9].

3. Genetic Algorithm

As a special kind of stochastic search algorithgesietic algorithm is a problem solving method whigch

based on the concept of natural selection and igsrié.

In the 1970s, Holland first introduced genetic ailpons to explain the adaptive processes of natural

systems and to design an artificial system, whithins the robust mechanism of natural systems [5].

The steps of a GA are:
1. Choose initial population
2. Evaluate the fitness of each individual in topydation

3. Repeat



Select best-ranking individuals to reproduce

2. Breed new generation through crossover and mutdtienetic operations) and give birth to
offspring

3. Evaluate the individual fitnesses of the offspring

4. Replace worst ranked part of population with ofiisgr

4. Until <terminating condition> [7]

4. The GA algorithm that | implemented

The steps of my GA algorithm are explained in gastion.

4.1 Choose Initial Population

When initializing the population, my algorithm g&from the SOURCE. SOURCE is a constant in the
program, so the user may want to pick another asdée starting point. The algorithm selects ontnef
neighbors provided that it has not been picked reefth keeps doing this operation until it reaches
DESTINATION. Like SOURCE, DESTINATION is also a cgmant that user may change as they wish. |
had a problem in this operation. My program gotcktseveral times in some nodes which has no

unvisited neighbor. In that case, ignore that patig, start from the source again.

4.2 Evaluatethefitness of each individual in the population

The evaluation function takes a path in the popnatt gets the distance between each node pdirein
path, by calling a function to read from the diswarray. Adds them together and returns the sutimeas
cost of the path.

4.3 Select best-ranking individualsto reproduce

My algorithm selects two individuals from the pogiidn with the lowest costs.

4.4. Crossover and Mutation

With some probability, the program mates the twdivilduals. The crossover function takes two parents
to mate. It looks for the common points in the pgse The common nodes are where these two paths
intersect. Among the common points, the prograractglone of them randomly. It makes the crossover

from that point. The crossover operation is illattd below.



point selected

'

parent P1 012 (3 [7 |9 |11(12|15]|17|18(20

parentP2 |0 |4 |5 |7 |10(11| 13]15| 16|20

'

offspringC1 |0 |2 |3 |7 |9 | 11| 13| 15| 16|20

8|20‘

10‘ 11‘12‘ 15‘ 17|

L}

—

offspring C2 | 0 |4 |5

(A) Crossover Operator

Figurel: Crossover Operator [7]

45 Evaluatetheindividual fitnesses of the offspring

| sent these offspring to the evaluation functiorgét their fitnesses. If the offsprings’ fitnesses less
than the nodes with maximum fitnesses in the pojoulal replace them with the nodes with the

maximum fitnesses.

4.6 Repeat Until <ter minating condition>

My terminating condition is a predefined number itgrations. There reason is that in the network
topology, the goal is not to find the global optimubut to find a path with a reasonable cost imétéd

time.

5. Experiment Results

| generated a network topology with 20 nodes antink2 to test my Genetic Algorithm. Each link teas
cost associated with them. | set two nodes as e@nd destination. The goal of my GA applicatiotois

find a path between source and destination witHawest cost.
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0 1 2 3 4 5 6 7 g 9 10 11 12 13 14 15 16 17 18 19
0 10000 52 61 B 16 [10000)10000{10000{10000)10000]10000(10000)10000]10000{10000/10000]10000|10000/10000(10000
1 52 | 10000 10000 | 10000)10000) 78 41 B 52 |10000|10000/10000]10000|10000)10000)10000(10000)10000)10000{10000
2 £1 | 10000 | 10000 | 10000)10000] 84 63 2 99 [10000|10000/10000]10000|10000)10000)10000(10000)10000)10000{10000
3 8 10000 | 10000 | 10000 )10000] 71 48 | 223 | 73 [10000]10000/10000]10000|10000)10000)10000(10000)10000)10000(10000
4 16 | 10000 | 10000 ) 10000 |10000] 63 25 44 88 [10000|10000/10000]10000|10000)10000)10000(10000)10000)10000{10000
5 10000) 78 84 71 63 |10000(10000|10000)10000( 11 22 33| 44 [10000)10000)10000(10000)10000)10000(10000
6 10000 41 B3 48 55 |10000{10000)10000)10000] 21 32] 43 54 |10000(10000/10000(10000]10000(10000(10000
T 10000 6 2 223 | 44 110000(10000/10000)10000] 74 85| 88 14 [10000)10000)10000(10000)10000]10000(10000
8 10000 92 34 73 88 |10000{10000)10000)10000] 46 B4) 75 35 [10000(10000/10000(10000]10000/10000(10000

9 10000 | 10000 | 10000 | 10000 ) 10000] 11 21 74 46 [10000{10000]10000| 10000 BE 55 44 11,10000] 1000010000
10 10000 | 10000 | 10000 | 10000 ) 10000] 22 32 85 G4 |10000|10000(10000] 10000 91 ar 73 19/10000]10000{10000
11 10000 | 10000 | 10000 | 10000 |10000] 33 43 98 75 |10000]10000/10000]10000 45 G5 28 85| 10000{10000) 10000
12 10000 | 10000 | 10000 | 10000 )10000] 44 24 14 35 10000 10000/10000] 10000 73 37 g7 16/10000] 1000010000
13 10000 | 10000 | 10000 ) 10000 10000 10000(10000(10000|10000| B8 91 45 73 [10000(1000010000(10000 86 84| 10000
14 10000 | 10000 | 10000 ) 10000 )10000|10000(10000]10000(10000| 55 a7 55 37 |10000(10000/10000(10000 74 76| 10000
15 10000 | 10000 | 10000 ) 10000 )10000]10000{10000]10000|10000| 44 73 28 87 [10000{10000/10000]10000 2 G| 10000
16 10000 | 10000 | 10000 ) 10000 | 10000|10000{10000{10000(10000] 11 149 85 16 [10000)10000)10000(10000 7 8(10000
17 10000 | 10000 | 10000 | 10000 | 10000{10000{10000)10000{10000(10000(10000{10000]10000| 86 74 2 7 [10000) 10000 82
18 10000 | 10000 | 10000 | 10000 | 10000(10000{10000)10000(10000(10000|10000(10000]10000| 84 Fis] B 9 [10000)10000 25
19 10000 | 10000 | 10000 10000 ]10000(10000{10000]10000{10000{10000)10000{10000(10000)10000(10000{10000)10000] 52 25 (10000

Figure 3: The costson thelinks

In this table, the cells with 10,000 in them reprasthat there is no direct link between those aode
Because, 10,000 is too big compared to other stoalls, therefore my implementation ignore those big

numbers, and pick the links with small costs, iadte

Below is a sample of initial population, and thgimesses;



[ndividual-0 Fitness: 222 path:
Individual-1 Fitnes=: 1025 path:
Individual-2 Fitness: 231 path:
Individual-3 Fitnes=: 879 path:
Individual-4 Fitnes=s: 728 path:
Individual-5 Fitnes=: 574 path:
Individual-& Fitnes=s: 390 path:
Individusal-7 Fitnes=: 901 path:
Individual-8 Fitnes=s: 755 path:
Individual-9 Fitnes=: 466 path:
Individual-10 Fitnes=s: 364 path:
Individual-11 Fitness: 210 path:
Individual-12 Fitness: 380 path:
Individusal-13 Fitness: 281 path:
Individual-14 Fitness: 792 path:
Individual-15 Fitness: 531 path:
Individual-16 Fitness: 954 path:
Individual-17 Fitness: 700 path:
Individual-18 Fitness: 243 path:
Individual-20 Fitness: 219 path:
Individual-21 Fitness: 566 path:
Individual-z2 Fitness: 476 path:
Individual-23 Fitness: 683 path:
Individual-24 Fitnes=s: 292 path:
Individual-25 Fitness: 329 path:
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sample of initial population, and their fitnesses

Individual-27 Fitness: 765 path:
Individual-28 Fitness: 188 path:
Individual-29 Fitness: 712 path:
Individual-30 Fitnes=s: 290 path:
Individual-31 Fitness: 271 path:
Individual-32 Fitnes=s: 407 path:
Individual-33 Fitness: 565 path:
Individual-34 Fitne=ss: 288 path:
Individual-35 Fitness: 471 path:
Individual-36 Fitne=ss: 391 path:
Individual-37 Fitness: 1081 path:
Individusal-38 Fitness: 653 path:
Individual-39 Fitness: 190 path:
Individusl-40 Fitness: 477 path:
Individual-41 Fitness: 354 path:
Individual-42 Fitne=ss: 308 path:
Individual-43 Fitnes=s: 1134 path:
Individual-44 Fitness: 349 path:
Individual-46 Fitness: 808 path:
Individusal-47 Fitness: 373 path:
Individual-48 Fitness: 543 path:
Individusal-49 Fitness: 929 path:
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| set several parameters for the experiment. Thewnsa follows;

Population size =50

Number of runs = 30

Number of generations= 50
Crossover probability =0.99
Mutation probability =0.1

I run the steps selection, crossover, and replact 50 times (number of generations). The numbers
below shows the average of maximum numbers of 88, e average of minimum numbers of 30 runs,

and the average of average numbers of 30 runs.



Averages of 30 runs

gens | Avg of Max Zs | Avg of Avg Zs | Avg of Min 2s
1 1104 736 287 262
2 1105 7T36.287 252
3 1061 701.767 136
4 q942 GEY 847 136
4] 956 634,327 136
4] ag2 G03.207 136
7 ae1 573607 136
g 281 544 407 136
g B3z 816427 136
10 a26 489107 136
11 817 462027 136
12 748 435 4887 136
13 787 409.767 136
14 776 384227 136
16 769 389167 136
16 TER 334527 136
17 711 311.047 136
18 678 288627 136
18 f31 267 BEY 136
20 f21 248407 136
21 588 2294507 136
22 583 211927 136
23 495 6 1895.087 136
24 482 8 181.3496 136
25 434 16812 136
26 aong 167 22 136
27 252 18122 136
28 159 1475 136
28 159 147.04 136
ao 159 146 58 136
a1 159 14612 136
a2 169 145 BR 136
a3 1569 1452 136
34 1549 144 74 136
38 159 144 28 136
a6 159 14382 136
ar 159 143,36 136
a8 159 1428 136
a8 159 14244 136
40 169 141 98 136
41 1569 141 52 136
42 1549 141 06 136
43 159 140 6 136
44 159 14014 136
45 159 138,68 136
46 159 13922 136
47 159 13876 136
48 169 1383 136
44 1569 137.84 136
50 1549 137.38 136

Figure5: Averagevaluesof runs




Avg of 30 runs for 50 generations
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Figure 6: Average of 30 runsfor 50 generations

6. Analysis of Results

The results show that GA gets close to optimum wgrigkly. This is a promising result for my resédarc
When using this GA algorithm besides other sealgbrithms in the USF [8], such as, multi-start -hill
climbing, simulated annealing, Controlled RandorarSle and RRS (Recursive Random Search), | can
start searching the space with GA first, and thiéer &A gets close to optimum, then | can switch to

other search techniques.

7. Conclusions and Future Research

In this semester project, | developed a genetiordhgn that finds a shortest path in a limited tirf@is
algorithm is meant to be used in OSPF routing, tviscthe most commonly used intra-domain Internet
routing protocol (IRP).

As the future research, | would like to embed #igorithm to system that | am currently working on.
There is a tool called Online Simulation (OLS) feamork [10] which is developed at the Networks Lab

in the Rensselaer Polytechnic Institute. It is ugedan automatic network management tool for figdin



and deploying good OSPF link weights. The OLS aechire is composed of autonomous online
simulators that continuously monitor and modelrieawvork conditions and topology. Using the topology
and traffic input from these measurements, the @k&cutes simulations or analysis to evaluate the
performance of the network for a given set of protoparameters. This framework contains several
search algorithms, such as, multi-start hill-clintpi simulated annealing, Controlled Random Seanch a
RRS (Recursive Random Search). As the future waykgoal is to embed my genetic algorithm into this

framework.

Another Future work is to test my GA algorithm soreal network topologies containing much more

nodes and links.
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