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Abstra
t. In this paper the Rea
tive Lo
al Sear
h (RLS) heuristi
 is

proposed for the problem of minimizing the number of expensive Add-

Drop multiplexers in a SONET or SDH opti
al network ring, while re-

spe
ting the 
onstraints given by the overall number of �bers and the

number of wavelengths that 
an 
arry separate information on a �ber.

RLS 
omplements lo
al sear
h with a history-sensitive feedba
k loop that

tunes the prohibition parameter to the lo
al 
hara
teristi
s of a spe
i�


instan
e.

Simulation results are reported to highlight the improvement in ADM


ost when RLS is 
ompared with greedy algorithms used in the re
ent

literature.

1 Introdu
tion

During the last few years, dramati
 advan
es in opti
al 
ommuni
ations have led

to the 
reation of large 
apa
ity opti
al WANs, usually in the form of hierar
hies

of rings. As shown in Fig. 1, these rings are joined together via hubs in hierar
hies

at various levels.

In the framework of Wavelength Division Multiplexing (WDM) the overall

bandwidth of the �ber is divided into densely pa
ked adja
ent frequen
y bands.

In this manner, every �ber 
an 
arry a large number of high-
apa
ity 
hannels.

Dividing these 
hannels into lower-bandwidth virtual 
onne
tions between 
ou-

ples of nodes gives rise to te
hni
al diÆ
ulties: wavelengths are at most a few

hundreds, therefore they need to be time-multiplexed to be shared among many


ouples of 
ommuni
ating nodes. The key 
omponents to a
hieve time multiplex-

ing, the Add-Drop Multiplexers (ADM), are need edea
h time a wavelength has

to be pro
essed ele
troni
ally at a node in order to add or drop pa
kets. There-

fore they represent a signi�
ant fra
tion of the total 
ost of the infrastru
ture.

We 
onsider the problem of dividing the available bandwidth of a single ring

into many 
hannels to establish as many node-to-node 
onne
tions as requested.

In the following, the term virtual 
onne
tion shall be used to refer to an elemen-

tary node-to-node 
ommuni
ation 
hannel.

In Fig. 2 we des
ribe the stru
ture of a node in the ring. Opti
al bandwidth

is shared among 
ommuni
ation 
hannels in two ways (both of whi
h are im-

plemented in state-of-the-art opti
al networks): the in
oming signal is initially
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Fig. 1. a SONET/SDH hierar
hy of rings

split into its 
omponent wavelengths by means of a Wavelength Demultiplexer

(WDEMUX), then some wavelengths are dire
tly relayed to the next node, while

some others are further split into pa
kets via a time division multiplexing me
ha-

nism operated by Add-Drop Multiplexers (ADM). ADMs are 
riti
al 
omponents

(they need to exploit fast pa
ket 
onversion, header examinations, and must be

tightly syn
hronised), therefore they are expensive.

In this paper we shall 
onsider unidire
tional WDM rings where ea
h wave-

length 
an be time-shared among g virtual 
onne
tions. In other words, the

bandwidth of a wavelength is assumed to be g (also 
alled grooming fa
tor),

while single virtual 
onne
tions, 
arried by a wavelength in a single time slot,

have a unit bandwidth.

The paper is organized as follows. Se
tion 2 des
ribes the Rea
tive Lo
al

Sear
h heuristi
 and summarizes the reasons leading to its 
hoi
e for the WDM

TraÆ
 Grooming problem. Se
tion 3 de�nes the problem, and summarizes ap-

proa
hes that have already been used for its solution. Se
tion 4 is devoted to the

appli
ation of RLS to the WDM traÆ
 grooming problem, with a des
ription of

the design 
hoi
es and of the data stru
tures involved in the pro
ess. Se
tion 5

analyzes simulation results, giving an experimental 
omparison among previous

heuristi
s and the proposed te
hnique.

2 Rea
tive Lo
al Sear
h

Let us 
onsider a dis
rete optimization problem, where the system 
on�guration

x is given by parameters varying in a dis
rete set C, for example a binary string

(C = f0; 1g

n

) or an integer ve
tor (C = N

n

), and the optimality of a given


on�guration is evaluated by a 
ost fun
tion f : C ! R.
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Fig. 2. stru
ture of a node in a WDM SONET/SDH ring

Many interesting optimization problems are known to be 
omputationally

una�ordable, and the WDM minimization problem has been proved NP-hard

[10℄. Lo
al Sear
h te
hniques are a family of heuristi
s aimed at �nding near-

optimal solutions to hard problems, optimizing the value of the 
ost fun
tion by

lo
al modi�
ations of the system 
on�guration.

A simple example is given in Fig. 3, where a repeated lo
al sear
h te
hnique is

applied to the problem of minimizing a fun
tion of a binary string. Here \lo
al"

means that the step from a solution to the next is performed by 
ipping a single

bit of the string. In other words, the neighborhood of a solution is given by all

solutions having Hamming distan
e 1 from it.

The basi
 steps of the algorithm are lines 4{12. Here a random 
on�gura-

tion is generated (line 4), then lo
al steps are repeatedly performed by evalu-

ating the obje
tive fun
tion on all neighbors and �nding the best improvement

(lines 6{12). If f is bounded from below, this leads to a lo
al minimum of the


ost fun
tion

1

, and by repeating the whole pro
edure with new random starting

points (lines 3{16) the optimum will eventually be found. On
e a lo
al minimum

is found the algorithm will update the best 
on�guration (lines 13{15) and jump

to a 
ompletely new starting point.

A substantial improvement to the previous s
heme is obtained when one


onsiders that problem instan
es are not 
ompletely unstru
tured. Usually, lo
al

minima tend to 
luster, and on
e one is found it is advisable to 
ontinue explor-

ing its vi
inities rather than starting immediately from a new random point. The

basi
 s
heme 
annot do that, be
ause it is for
ed to explore only towards improv-

ing solutions. A possible modi�
ations of this approa
h is Simulated Annealing,

1

Unless a neighborhood with equal 
ost is rea
hed (a \plateau"): modi�
ations of the

algorithm in Fig. 3 would be ne
essary in this 
ase



1. var x, best x: binary string; n, 
ost, best 
ost: integer;

2. best 
ost  +1

3. repeat

4. generate a random solution into x

5. 
ost  f(x)

6. repeat

7. let n be one of the bits of x whose 
ipping most de
reases

8. the value of f(x)

9. if a de
rease is possible then

10. x[n℄ = not x[n℄

11. 
ost  f(x)

12. while an improvement is possible

13. if 
ost < best 
ost then

14. best 
ost  
ost

15. best x  x

16. until some termination 
ondition is satis�ed

Fig. 3. the basi
 Lo
al Sear
h algorithm on a binary string

whi
h a

epts - with a given probability - solutions that lead to in
reases of the


ost fun
tion; noti
e that Simulated Annealing is a Markovian heuristi
, where

the next 
on�guration produ
ed is not in
uen
ed by past history, but only by

the 
urrent 
on�guration.

Another bran
h of lo
al sear
h heuristi
s 
onsists of non-Markovian te
h-

niques, su
h as prohibition-based heuristi
s that forbid some moves a

ording to


riteria that take into a

ount past moves. Prohibition-based s
hemes date ba
k

to the sixties [8, 9℄, and have been proposed for a growing number of problems

in the eighties with the term Tabu Sear
h (TS) [6℄ or Steepest Des
ent-Mildest

As
ent [7℄. Fixed TS (see the 
lassi�
ation proposed in [1℄) implements the Lo
al

Sear
h te
hnique with two major modi�
ations:

1. it does not terminate a run when the lo
al minimum is found and

2. on
e a move (for example a bit 
ipping) is made, the reverse move (i.e. 
ip-

ping that bit again) is prohibited for a given number of iterations T (
alled

prohibition period).

Although various TS s
hemes have been shown to be e�e
tive for many prob-

lems, some of them are 
omplex and 
ontain many possible 
hoi
es and parame-

ters, whose appropriate setting is a problem shared by many heuristi
 te
hniques

In some 
ases the parameters are tuned through a trial-and-error feedba
k loop

that in
ludes the user as a 
ru
ial learning 
omponent: depending on preliminary

tests, some values are 
hanged and di�erent options are tested until a

eptable

results are obtained. The quality of results is not automati
ally transferred to

di�erent instan
es and the feedba
k loop 
an require a lengthy pro
ess.

On the other hand, rea
tive s
hemes aim at obtaining algorithms with an

internal feedba
k (learning) loop, so that the tuning is automated. Rea
tive



s
hemes are therefore based on memory : information about past events is 
ol-

le
ted and used in the future part of the sear
h algorithm. The TS-based Rea
-

tive Lo
al Sear
h (RLS) adopts a rea
tive strategy that is appropriate for the

neighborhood stru
ture of the problem: the feedba
k a
ts on a single parameter

(the prohibition period) that regulates the sear
h diversi�
ation and an expli
it

memory-in
uen
ed restart is a
tivated periodi
ally. RLS has been su

essfully

applied to a growing number of problems, from Maximum Clique [3℄ to Graph

Partitioning [2℄.

In this paper, RLS is adapted for the ADM minimization problem in WDM

traÆ
 grooming.

3 The WDM TraÆ
 Grooming Problem

Let N be the number of nodes in the ring, and let M be the number of available

wavelengths, 
omputed as the number of �bers times the number of wavelengths

per �ber. The problem is not a�e
ted by the values of the two fa
tors, sin
e the

only important number is the overall number of wavelengths.

Every physi
al link from a node to its neighbor is 
apable of 
arrying M

wavelengths; at every node, some of these wavelengths will be simply relayed to

the outgoing link by an internal �ber without ele
troni
 
onversion, while some

others will be routed through an ADM, whi
h is therefore ne
essary only if some

of the traÆ
 
ontained in that wavelegth is dire
ted to, or originated from, that

node.

Let g be the grooming fa
tor, i.e. the number of low-bandwidth 
hannels that


an be pa
ked in a single wavelength on a �ber. For example, if the wavelengths

are 
arrying an OC-48 
hannel ea
h, a grooming fa
tor g = 16 means that traÆ


is quantized into 16 OC-3 time-multiplexed 
hannels, while if g = 4 only 4 OC-12

time-multiplexed 
hannels will be 
arried.

Another fundamental parameter is the traÆ
 pattern, an N � N matrix T

whose entry t

ij

is the number of time-multiplexed low-bandwidth unidire
tional

virtual 
onne
tions required from node i to node j. Note that, being the ring

unidire
tional, there is no reason to 
onsider the matrix as symmetri
, and that

the diagonal elements must be null: t

ii

= 0.

Let P be the overall number of virtual 
onne
tions along the ring: P =

P

ij

t

ij

. A solution to the problem 
an be given by an N �N matrix W whose

entry w

ij

is an integer array of t

ij

elements (thus empty if i = j), one for ea
h

virtual 
onne
tion from node i to node j. Thus, the wavelength assigned to

the k-th virtual 
onne
tion from i to j (1 � i; j � N; 1 � k � t

ij

) is w

ijk

(1 � w

ijk

�M).

The number of ADMs required at node i (1 � i � N) is the 
ardinality of

the set of wavelengths assigned to virtual 
onne
tions that originate from, or go



to, node i:

CH

i

(W ) =

�

w

ijk

: 1 � j � N ^ 1 � k � t

ij

�

[

[

�

w

jik

: 1 � j � N ^ 1 � k � t

ji

�

:

Be
ause CH

i

(W ) is a set, multiple o

urren
es of the same wavelength are


ounted on
e (indeed, only one ADM is required to deal with them). The overall

number of ADMs needed for a given wavelength assignment W is

f(W ) =

N

X

i=1

#CH

i

(W ): (1)

Wavelength assignment matrix W is subje
t to the 
onstraint that no wave-

length should be overloaded in any �ber of the ring. The �ber segment exiting

from node n (and going to node (n mod N)+ 1) is traversed by all virtual 
on-

ne
tions (i; j) where i � n < j or n < j < i or j < i � n. The load of wavelength

l on the outgoing �ber of node n is given by the 
ardinality of the set

WL

nl

=

�

(i; j; k) :

(1 � i � n < j � N _ 1 � n < j < i � N _ 1 � j < i � n � N)

^ 1 � k � t

ij

^ w

ijk

= l

�

:

The load 
onstraint will assert that

8n; l (1 � n � N ^ 1 � l �M)) #WL

nl

� g: (2)

The WDM traÆ
 grooming problem 
an be stated as follows.

WDM Grooming Problem:

Given integers N > 0, M > 0, g > 0 and the N � N traÆ
 matrix

T = (t

ij

)

Find a wavelength asignment

W = (w

ijk

) (1 � i; j � N; 1 � k � t

ij

; 1 � w

ijk

�M)

that minimizes the obje
tive fun
tion (1) subje
t to the load 
onstraint (2).

Most papers on the traÆ
 grooming problem propose 
ombinatorial greedy

algorithms [4, 5, 10℄. For example, [5℄ suggests some te
hniques for di�erent kinds

of traÆ
 matri
es, notably the egress-node 
ase where all traÆ
 is dire
ted to-

wards a single hub node, the uniform all-to-all 
ase and a more general distan
e

dependent traÆ
. Two types of algorithms are presented. Some algorithms at-

tempt to maximize the number of nodes requiring just one ADM, then those

requiring two and so forth. Others try to eÆ
iently pa
k the wavelengths by

dividing nodes into groups and assigning to di�erent wavelengths intra-group

traÆ
.



4 Rea
tive Lo
al Sear
h for the Grooming Problem

To implement RLS in an eÆ
ient way, the problem needs to be formulated in

terms of an integer array optimization. To transform the wavelength assignment

matrix into an integer array we simply asso
iate an array entry to ea
h virtual


onne
tion.

First of all, all indi
es start from 0, so in the following se
tions nodes indi
es

will vary from 0 to N � 1 and 
hannel numbers from 0 to M � 1. All virtual


onne
tions between nodes are enumerated 
onse
utively, so that the k-th virtual


onne
tion from node i to node j is assigned index

p

ijk

=

i�1

X

i

0

=0

N�1

X

j

0

=0

t

i

0

j

0

+

j�1

X

j

0

=0

t

ij

0

+ k;

so that any node 
ouple (i; j) is assigned a 
onse
utive group of t

ij

paths. The

overall number of paths is, of 
ourse,

P =

N�1

X

i=0

N�1

X

j=0

t

ij

:

The wavelength assignment matrix W is stored into an P -entries integer array

S = (s

i

), where the wavelength assigned to the k-th virtual 
onne
tion from

node i to node j is stored into s

p

ijk

.

The obje
tive fun
tion (1) and the load 
onstraint (2) are given in Se
t. 3.

To implement a lo
al sear
h heuristi
 we need to de�ne the neighborhood of

a given 
on�guration S. The basi
 move we 
hose is equivalent to 
hanging the

wavelength assignment of a given virtual 
onne
tion, i.e. to 
hanging a single

entry of the 
urrent 
on�guration array S.

Last, we modi�ed the obje
tive fun
tion to take into a

ount load 
onstraint

violations by adding to it a penalty term given by the number of violations

multplied by a very large 
onstant (larger than NM , i.e. the maximum number

of ADMs in the system). For this reason we needn't expli
itly 
he
k for a non-

violating string: while minimizing the obje
tive fun
tion the number of violations

is automati
ally redu
ed.

We show in Fig. 4 an outline of the Rea
tive Lo
al Sear
h algorithm used for

the WDM grooming problem. The fun
tion a

epts three parameters (line 1):

the maximum number of moves max moves, the integer array best x whi
h is

going to 
ontain the best found solution and the 
ost fun
tion ADMs.

In the �rst se
tion (lines 4{7) variables are de
lared. The array x 
ontains

the 
urrent problem 
on�guration, T 
ontains the 
urrent prohibition period

(time after whi
h a given move 
an be repeated), while the array LastExe
uted

is indexed by moves and 
ontains the last iteration a move was performed (�1

if it was never exe
uted). By move we mean the lo
al step from a 
on�guration

to the next. In our tests a move is represented by a 
ouple of integers (i; n)

meaning that wavelength n is assigned to the i-th virtual 
onne
tion.



1. fun
tion RLS for Grooming (max moves: integer;

2. by ref best x: array of integer;

3. fun
tion ADMs (array of integer): integer);

4. var

5. x: array of integer;

6. n, 
ost, best 
ost, T, mv, step: integer;

7. LastExe
uted: array of moves;

8. Initialization:

9. generate a random assignment into x

10. best x  x;

11. 
ost  ADMs(x);

12. best 
ost  
ost;

13. T  1;

14. for ea
h mv

15. LastExe
uted[mv℄  �1;

16. Improvement:

17. for step in 1..max moves do

18. �nd the best move mv su
h that LastExe
uted[mv℄ < step - T

19. modify x[i℄ a

ording to mv

20. 
ost  nADM(x);

21. LastExe
uted[mv℄  step

22. if 
ost < best 
ost then

23. best 
ost  
ost

24. best x  x

25. if x has been visited too often then

26. in
rease T

27. else if T hasn't been in
reased for some time

28. de
rease T

Fig. 4. the RLS algorithm for the ADM minimization problem. The details about the

rea
tive prohibition s
heme determining T (lines 25{28) are given in the text.



The initialization se
tion (lines 8{15) generates a random 
on�guration, ini-

tializes the prohibition period T and sets all entries in LastExe
uted to minus

in�nity (they have never been performed).

The solution improvement 
y
le (lines 16{28) is made of two distin
t parts. At

�rst a suitable move is found: the move must be the \best" in the sense that, after

some nonprohibited moves have been 
he
ked (as it may be impra
ti
al to 
he
k

all possible moves, we 
hose to stop after 
he
king 1000 possible 
andidates), a

move is 
hosen that most de
reases the ADMs fun
tion or, if it is impossible,

it in
reases ADMs as little as possible. After the move has been performed,

the 
on�guration string is updated and the new value of the 
ost fun
tion is


omputed, 
ompared with the best value and eventually stored.

After every move, a rea
tion step is performed (lines 25{28): a 
on�guration

di
tionary is 
he
ked for the 
urrent 
on�guration. If it has already been visited,

then the prohibition period T is in
reased by some amount (10% in our test),

while if no 
on�guration has been repeated for some time the value of T is

redu
ed (again, by 10%).

The implementation of the Rea
tive Lo
al Sear
h algorithm has been done

in C++ language. The program operates on the P -entry array, while a 64-bit

(long long int) hash �ngerprint of ea
h visited 
on�guration is used to index

a LEDA di
tionary stru
ture 
ontaining relevant data su
h as the iteration

number and the number of times that 
on�guration has been visited.

The initial prohibition period is 1 (in this 
ase a move 
annot be undone in

the next step). If the number of 
on�gurations that have been visited more than

three times ex
eeds 3, the prohibition time is in
reased by a 10% amount and

rounded to the next integer. If prohibition time has not been raised for a 
ertain

number of steps, then it is de
reased by the same amount (a high prohibition

time fa
ilitates es
aping from lo
al minima, but prevents a large fra
tion of

neighboring 
on�gurations from being explored).

5 Simulation Results

We tested the algorithm on the all-to-all uniform traÆ
 
ase, where the traÆ


requirement is equal to 1 for all 
ouples of nodes:

t

ij

=

(

1 i 6= j

0 i = j

) T =

0

B

B

B

�

0 1 : : : 1

1 0 : : : 1

.

.

.

.

.

.

.

.

.

.

.

.

1 1 : : : 0

1

C

C

C

A

:

Figure 5 shows a 
omparison between the RLS results (best value after 10

10

5

-step runs) and Modiano's algorithm for all-to-all uniform traÆ
 with one


hannel request per 
ouple of nodes. We 
onsidered 
ases g = 4 and g = 16, as

they are analiti
ally studied in [5℄. In both 
ases RLS results in a 
onsiderable

redu
tion of the number of ADMs in the ring, up to 28% for g = 4 and up to

31% for g = 16.
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In Fig. 6 we 
ompare the best solution found after 10 RLS runs (already

reported in Fig. 5) with the average value for the same set of runs of the algo-

rithm. In order to distinguish the two lines we were for
ed to restri
t the graph

to the higher portion of tested values (12 to 16 nodes) and to a grooming fa
tor

equal to 16. In fa
t, most runs return the best found value, and only one or two

in the total end with one or two more ADMs.

The RLS algorithm took about 8 minutes of CPU time per run on a 500MHz

PentiumIII 
omputer with 64 MB RAM running the Linux operating system.

The size of the problem (the number of nodes) did not a�e
t the exe
ution time

be
ause we �xed to 1000 the number of neighboring 
on�gurations to 
he
k.

6 Con
lusions

Experimental results obtained by simulations of the all-to-all uniform traÆ
 
ase

show that the proposed RLS te
hnique is 
ompetitive with other greedy te
h-

niques used in the literature. Of 
ourse, lo
al sear
h heuristi
s need to explore

a large set of solutions to �nd good lo
al minima; this is a

eptable, be
ause


ir
uit planning is an o�-line operation, where a 
omputation taking a few min-

utes is perfe
tly tolerable, in parti
ular when it 
uts down hardware 
osts in a

signi�
ant way.
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