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Polices for Dynamical MultiObjective Environment of
Multicast Traffic Engineering.

Francisco Talavera, Jorge Crichigno, Benjamin Baran, Member IEEE.

Abstract— Recognized the multiobjective nature of multicast
traffic engineering, this paper compares several Multiobjective
Evolutionary Algorithms (MOEAs) to solve that problem and
proposes several policies to choose a good solution from a Pareto
set in a dynamical environment. Experimental results show that
most MOEAs may suit for the task. Moreover, the chosen policy
is the main factor to define performance in a dynamical
environment. Therefore, seven different policies are proposed
and tested in a dynamical environment, proving that the policy of
choosing the closest solution to the origin provides excellent
trade-off values.

Index  Terms—Multicast,  Multiobjective = Evolutionary
Algorithms, Pareto Dominance, Traffic Engineering.

I. INTRODUCTION

ULTICAST consists of concurrently data transmission

from a source to a subset of all possible destinations in a

computer network [1]. In recent years, multicast routing
algorithms have become more important due the increased use
of new point to multipoint applications, such as radio and TV,
video on-demand (VoD) and e-learning. For these
applications, the delay from a source to each destination
becomes a variable of vital importance in audio and/or video
multicast transmissions [2].

For traffic engineering, other important objectives are taken
into account in the optimization of multicast routing algorithm
as maximum link utilization and the "cost" of the tree, being
understood by "cost" other metrics to be minimized like: hop
count, total bandwidth consumption, etc. Therefore, the
multicast traffic engineering problem has been recently
recognized as a multi-objective optimization problem [1]-[10].

Given that multicast traffic engineering (MTE) may be
treated as a multi-objective problem (MOP), it is worth
mention that Multi-Objectives Evolutionary Algorithms
(MOEAS) are already recognized as well suited to solve that
kind of problems [11], [12]. In fact, each reviewed paper that
recognizes MTE as a MOP [1]-[9] proposes some kind of
MOEA, finding a complete set of Pareto solutions in a single
execution [11].
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As already stated, MTE problem has been recently studied
as a MOP in several publications. Thus, routing algorithms for
multiobjective multicast are presented in [1], [7], [8],
considering different sets of objective functions as: tree cost,
maximum end-to-end delay, average delay and maximum link
utilization. These works were later improved with another
MOEA that uses a different codification [9]. An interesting
approach considering multi-trees is presented in [10], while a
first publication in a wireless environment was found in [4].
Quality of Service (QoS) considerations in a MOP context
was considered in [5], [6]. These multiobjective proposals for
multicast routing are generalized in a GMM model for
Dynamic Multicast Groups in [2].

Given that different MOEAs were already used to solve the
MTE problem, the present work first compares four of the
most promising multiobjective evolutionary algorithm:

o SPEA (Strength Pareto Evolutionary Algorithm)[13];
SPEA2 (SPEA, version 2) [14];
NSGA2 (Nondominated Sort Genetic Algorithm 2)[15];
cNSGA2 (Controlled NSGA2)[16];

Later, policies for the selection of good solutions of a
Pareto set are proposed for a dynamical environment.

The rest of the document is organized as follows: Section II
presents the mathematical formulation of the problem and a
brief introduction to evolutionary algorithms (EAs), as well as
the codification used in this work. Section III summarizes an
algorithm for generation of testing scenarios. The proposed
policies for selecting solutions are presented in Section 1V.
Experimental results are discussed in Section V, while the
final conclusions and future works are left for Section VI.

II. PROBLEM FORMULATION
A. Mathematic model

A network is modeled as a direct graph G=(V,E) ,
where V' is the set of nodes and £ is the set of links. Let
(ij)€E be the link from node i to node j and z;;, ¢;;, dj and t; €
R" be its capacity, cost per bps, delay and current traffic,
respectively. Let’s denote s € V as a source, N < V - {s} as the
set of destinations, and ¢ €R" as the traffic demand (in bps)
of a multicast request. Let 7(s,N) represent a multicast tree
with s as source node and N as destination set. At the same
time, let pr (s, n) denote a path that connects the source node s
with a destination node n € N. Finally, let d(p(s, n)) represent
the delay of the path pr (s, n) given by the sum of the link
delays that conform the path, i.e.,
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d(pr(san)): Zd[j (1)

(i,))epr (s,n)

Using the above definitions, a multicast routing problem for
traffic engineering may be stated as a MOP that tries to find
the multicast tree 7(s,N) that simultaneously minimize the
following objectives:

1- Maximum link utilization of the tree:

a, = Max {(¢+tl.j)/zlj}. (2

(@.))eT

2- Cost of the tree:

C,=¢ _an ) 3)

(i,))eT
3- Average delay:
1
D, =r=> d(p,(s.n)). 0
|N neN

subject to link capacity constraint:
P+t <z ; v(i,j) e T(s,N), Q)

where | | denotes cardinality.

B. Proposed multiobjective evolutionary algorithms

The four MOEAs were implemented as they were proposed
in [13]-[16] and following the scheme proposed in [9]. They
begin with a set of random configurations called initial
population P. Each individual 7, in the population represents
a potential solution of the problem. At each generation, the
individuals are evaluated using an adaptability function. Based
on this value, some individuals, called parents, are selected.
The probability of selection of an individual is related to its
adaptability. Then, a number of genetic probabilistic operators
are applied to the parents to produce new individuals that will
be part of a new population. The process continues until a stop
criterion is satisfied.

III. DYNAMIC TESTING SCENARIOS

Several MOEAs were already compared in a static
environment [3]; however, the present work presents an
empirical comparison of MOEAs and selection policies in
dynamic scenarios. The network used in the simulations was
the NTT-net [14], which consists of 55 nodes and 144 links.
The values of zj, ¢i and dij were taken from [1]. Under these
conditions, ¥ traffic requests were generated, simulating a
dynamic situation in which they arrive one after another. The
demands, in bps, were set between a minimum ¢, and a
maximum ¢,,.. Similarly, the sizes of the groups were set
between |N|,;, and | V|- The algorithm to generate multicast
groups is shown in Fig. 1.

1 fori=1to ¥

2 group(i) = groupGenerator(|N| s, |N|na);
3 Twi) = random(unif, 0,2000);

4 Tpw(i) = Twli)+ random(exp, 0, 60);

5 ¢(i) = random(unif, ¢m,-n, ¢max);

6 end for

Fig. 1. Algorithm to create ¥ random multicast groups.

The function groupGenerator generates a multicast group
with a destination size between |N|,; and |N|..; then,
random(unif, 0, 2000) gives the arrival time of the group, with
a uniform distribution between 0 and 2000 seconds. The
duration of each group was exponentially distributed, with an
average of 60 seconds. Finally, the traffic demand is set to a
value between @,,;, and @,

The following two figures were defined, in order to have an
idea of the traffic in the network (a) Accumulated traffic
demand:

M)
B4O= D ¢ (6)
i=1

and (b) its average over the simulated time, denoted as ¢,

where M(?) is the number of multicast group in the network at
time t and ¢ the traffic demand of each multicast group i.

In order to compare the behavior of different MOEAs under
several traffic loads over the network, three scenarios were
defined: (a) low load, (b) high load and (c) saturation. Table I
summarizes the parameter values used to generate each
scenario.

TABLE I. PARAMETERS USED IN EACH SCENARIO.

Parameters
Scenarlos ; \11 ‘N min ‘ N max ¢ min ¢ max
Low load 1.208 200 4 10 0,1 0,2
High load 5.050 300 10 25 0,2 0,8
In saturation 7.463 400 10 35 0,2 0,8

Fig. 2 shows the accumulated and average traffic demand of
the three proposed scenarios. It can be appreciated that the
low load scenario is pretty relaxed from the traffic point of
view, while the high load scenario tests MOEAs under a much
greater load than the previous scenario. In addition, each
multicast group of the high load scenario consists of a greater
number of destination nodes, which produces a higher
bottleneck in the network. Finally, in the saturation scenario,
the traffic demand is by far the greatest of the three scenarios.
Moreover, the number of multicast group and the size of each
one were set to a larger value than the previous ones to
saturate the network with traffic, making too difficult for the
network to route the whole traffic. Clearly, in the saturation
scenario, some multicast groups are not routed, given the lack
of network resources; therefore, the average number of
rejected groups may be considered as an important metric to
compare different algorithms and policies.
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TABLE II. SUMMARY OF THE PROPOSED SELECTION POLICIES.
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Fig. 2. Accumulated and average traffic demand of the three scenarios used in
the simulations; (a) low load, (b) high load, and (c) saturation.

IV. POLICIES OF SELECTION

From the fact that MOEAs provide a set of Pareto solutions,
a mechanism is needed to choose a single alternative at each
time a multicast group enters the network. Therefore, an
interesting question arises. Which alternative of the Pareto set
is the most suitable solution, being that all solutions are non-
comparable to each other?. To find an answer, four selection
policies are summarized in Table II.

A. Semi-static selection.

Considering the objective functions (a7, Cr, D), this policy
first defines an acceptable upper bound (ar,, Cry, D4n). Table
IIT summarizes the eight possible situations, indicating with a
“1” that a given objective function exceeded the a priori upper
bound, i.e., the value of that objective is not satisfactory. On
the contrary, a “0” represents that an objective is acceptable,
ie., ar< agy, Cr< Crpy, or Dy< Dy, Clearly, at each decision
time, those objectives with values larger than their upper
bounds must have the highest priorities.

Details
Policy Name Symbol Primary Secondary Third
objective objective objective
Sl aC ar Cr Dy
Static* S2 Ca Cr ar Dy
S3 aDy ar Dy Cr
S4 D, Dy ar CT
SEI,  Anacceptable upper bound (o, Crm
D,,) is defined. With this parameter, the
. policy dynamically selects the most
Zg?ilc SE SE2, advisable solution, giving priorities to
objectives that do not satisfy the desired
operation point. Three different upper
SE3 bounds were tested (SE1, SE2 and SE3).
A line between the origin of coordinates
Worse and the point (a7, Crm, Dan) is
Accentable DP considered. The nearest solution to that
C:se line is chosen. That way, the 3 objectives
Dynamic may be simultaneously optimized, as
shown in Fig. 3(a).
.- This dynamic policy selects the closest
COO;;(%;E;ZS DC solution to the origin of coordinates, as

shown in Fig. 3(b).

*A static selection uses a "lexicographical order" [4].

The problem arises when there are more than two solutions
with the same priority, i.e., there are two (or three) objectives
that have not reached their upper limit or they have exceeded
their upper bound. In these cases, it is needed a way to break
the tie among objectives. Table III presents the criteria
considered for this work. ¢, C. and D, are the time-depended
values of the objective functions considering the whole

network, as defined in equations (7) to (9).

TABLE III. POSSIBLE SITUATIONS WITH A SEMI-STATIC ALGORITH.

Case ar Cr D, Criteria
/Ot = a; C/Crn=b; D/D 4= c.
1 0 0 0 The greatest value among a, b and ¢
defines the primary objective.
2 0 0 1 The greatest priority is assigned to the
3 0 1 0 objective that does not satisfies its
upper limit. A tie with other objectives
4 1 0 0 . . .
is broken in the same way as in case 1.
5 0 1 1 A lower priority is assigned to the
6 1 0 1 objective with “0,” while a tie is broken
7 1 0 using the same criterion as in case §.
The higher value among (1-a), (1-b) and
8 1 1 1 (1-¢) defines the main objective (see
case 1.)
M)
D.= ZDIA/N’, 7
i=l
M
C.= M(t)*lzc} , ®)
i=1
-1

(0.))eE
where M(7) denotes the number of multicast group at time ¢,
p’, the average delay of group i, IN|' the number of destination
nodes of group i, ¢} the cost for group 7, and |/] the number
of nodes in the network.
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B. Dynamic selection DP

DP selects the nearest solution to the line defined by the
origin of coordinates and the point (az, Cr. Da,). That way, the
three objectives are simultaneously optimized. The chosen
point was (07, 13, 115). Fig. 3(a) shows an example with two
objective functions.

C. Dynamic selection DC

DC chooses the nearest solution to the origin of
coordinates. It is important to note that this policy does not
have any a priori parameter. Fig. 3(b) shows an example with
two objective functions.

o No feasible o

" © 0 @Gl (0]

y
o, : o p

Fig. 3. Dynamic selection, (a) DP and (b) DC.

V. EXPERIMENTAL RESULTS.

For each scenario — low load, high load and saturation — ten
runs were preformed and average values were calculated.

A. Comparison of MOEAs

The following performance figures were used to compare
MOEAs:

Average maximum link utilization:
M (1)

1 .
ap:MT)ZTarm (10)
Average cost of the trees:
M(t)
Cp:ﬁZCT(w)' (11)
w=1
Total average delay:
M)
D= " > dlprsn)’ (12)
w=lneN,,
where
ar(w): maximum link utilization of group w
Cr(w): cost of the tree of group w
H : total number of destination nodes.

After computing these metrics for each run, the average
values in ten runs were calculated (denoted as ¢,, C, and D,
respectively.) Another metric is considered: Na, defined as the
average number of traffic requests rejected for lack of network
resources. Tables IV to VI show these metrics for each
scenario. Note that the performance of each MOEA was quite
similar to the other ones. It is important to highlight the
difference between these results and the ones in [3] that only
compares MOEAs in a static environment, using as
performance metric the number of calculated Pareto solutions.
Clearly, the fact that an algorithm finds more Pareto solutions
does not imply a better performance in dynamic scenarios
given that only one solution is chosen at a time. In summary,
the selection of the MOEA to be used is not really relevant,
given that any good implementation may give satisfactory
results with a good selection policy.

The best solution for a certain column.
The second better solution for a certain column.

TABLE IV. RESULTS FOR SCENARIO 1: LOW LOAD.

Averages
ap Cp Dy Na
SPEA2 0.11868 20.633 113.2032 0
SPEA 0.11882 201633 113.249 0
CNSGA2 0.11855 201633 113.1603 0
NSGA2 0.11855 20,633 1131424 0

TABLE V. RESULTS FOR SCENARIO 2. HIGH LOAD.

Averages
a G Dy
SPEA2 0.57805  140.2427 | 115.2895 |
SPEA 057614 140.0172 | 115.7672 || |1
CNSGA2  0.57841 — 140.0833 _  115.531 1
NSGA2 0.57686 140.0906 — 1155096 |

TABLE VI. RESULTS FOR SCENARIO 3. SATURATION.

Averages
Olp Cv Dy Na
SPEA2 077147 | |222.7509  114.7587  12.7
SPEA 0.76702 —223.1221  115.1808 _ 12.6
CNSGA2 076814 2233169 — 114.8438 | 12.4
NSGA2 0.7675  223.6509  114.8642 125

B. Comparison among selection policies

Tables VII to IX show the results obtained by each policy of
selection. The columns labeled with maximum are the average
of the maximums; i.e., the average of the maximums in ten
runs is computed for each parameter. Note that static policies
outperformed the other policies in the primary objective, but
are beaten in the other objectives. It can be also noted that,
although the seven policies accepted all traffic request in the
low load scenario, no one was able to route all the traffic
requests in the other two scenarios. Clearly, static policy with
delay objective as primary objective had by far the worst
performance considering Na. The following notation is used
for the last tables.

The best solution for a certain column.
The second better solution for a certain column.
The third better solution for a certain column.

TABLE VII. EXPERIMENTAL RESULTS FOR SCENARIO 1: LOW LOAD.

Averages Maxi

ap Co D, Na O C D Na
OCTl)’1 0.09877 ~ 25.7748 121.843 0 —0.196 54.55  203.828 0
Ca 0.11865 20.6330 113.189 0 0.233 41.8 170.098 0
aC 0.09528 | 23.6273 128.947 0 | 0.475 50.325 231 0
Dia 0.14108 25.2554 103.48 0 0.267 52.65 146.425 0
SE1 0.14113  25.2465 103.508 0 0.267 52725 146.306 0
SE2 0.14106 25.2387 103.507 0 0.267 52.75 146.298 0
SE3 0.14114  25.2584 103.509 0 0.267 52.65 146.369 0
DP 0.1347 21.0742 107.876 0 0.25 42.7 153.902 0
DC 0.10278 222371 113.971 0 02 46.9 165.568 0
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TABLE VIII. EXPERIMENTAL RESULTS FOR SCENARIO 2: HIGH LOAD.

chosen; however, the selection policy is determinant for
performance. Among the selection policies, the DC criterion

Averages Maximums
@ G D, . a C D . finds the solution with the best trade-off relation among the
a a . . g .
5 maximum link utilization, average delay and cost of the tree.
A 066457  167.59 ||||N0RIMII=FS 187602 14536 2 [n summary, the most important key that should be taken into
ArDa 51310 16678 11504 1] 0933 3rsar 18391 1| account in MTE is the selection policy, rather than the MOEA
aC 049473 | 15111 123.13 1 ose2 sara isig 4 tobeimplemented. ) )
In a future work, the authors will considerer a traffic
Ca 057736 | 14010 115.52 1. 0092 30887 15769 | . . . .
engineering scheme using multiple trees, where the data flow
SEI 055270 fifdnidber  116.05 1 08% 3359 15576 1 of a multicast group is transmitted to the destinations through
SE2 059061  150.69  112.13 1) 0925 35917 14782 | 1 several trees.
SE3 058980  146.60  112.87 1 0921 34215  154.88 | TABLE X. METRIC Y FOR DIFFERENTE SCENARIOS.
DP 0.63564 — 141.70  111.99 1 1 3162 14936 | 1 Low load High Load Saturation Average
e 053 14763 11042 1 1 3291 15987 | 1 be Vit fBRHE it KakihiAgh
Ca 0.84021 0.88201 0.91371 0.87863
TABLE IX. EXPERIMENTAL RESULTS FOR SCENARIO 3. SATURATION.
Avorages Maximums aC 0.87485 0.88831 0.91406 0.89241
= — — DP 0.8716 0.90493 0.91954 0.89870
ap Cy Dy Na o C D Na
aDa 0.89114 0.90545 0.92734 0.90797
Diat 0.8458 25745 ||| 10110 | 2267 1 40402 || 1226 25
SE1 0.931612 0.881902 0.912617 0.908710
oDy o7t 25074 41070 1272 1 41555 1378 14
SE3 0.93178 0.893160 0.916774 0.913906
aC 06951 23680 11849 — 122 1 38592 1482 133
SE2 0.931323 0.899511 0.918622 0.916485
Ca 07685 | 22321 11491 1255 1 |356:85 | 1416 133 D 0931496 0947951 0950549 0.94393
SEI 07183 23294 11688 1222 1 37867 1436 — 13
SE2 07442 23565 11454 1232 1 38602 1382 — 13 REFERENCES
SE3 07474 HoiiE 115.20 |{AHE 1 T 1200 |II[13H [1] J. Crichigno, apd B Biran, Multiobjective mgltlcast routing algoritm
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In order to find a policy with the best trade-off value, it is
necessary to define a metric that takes into account the three
objectives in a combined way. Equation (13) defines Y, which
is used to compare the different selection policies.

— 2 - 2 — 2
{al) ap ] | {C% J ' [Dp/i ]
Y= “P max Cp max Dy max ,

3
,c and p  are the maximum average value of
X P max P max

(13)

where a

ma;

each objective obtained in a given scenario; e.g., , =

P max

0,1414 for scenario 1, and a point (0.09677, 25.7748,
121.843) is mapped to Y= 0.84022. Note that, with this
criterion, the nearest solution to the point (0, 0, 0) is
considered the best option. Table X shows the values for each
solution of Tables VII to IX. While static and semi-static
policies choose solutions located in extremes of the Pareto
front, DC policy, with its selection mechanism, allows a trade-
off relation among the three objectives. Hereby, it obtains the
best performance when metric ¥ was considered. Moreover, it
does not need an a priori parameter.

VI. CONCLUSION AND FUTURE WORKS

This paper presents an empirical comparison among
MOEAs to solve the MTE problem for computer networks
and a set of selection policies to choose the most suitable
solution from the Pareto set in dynamic environments.
Simulation results show that the four MOEAs obtain quite
similar performance indicating that any of them may be
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