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1 IntroductionSingle-hop lightwave networks have been proposed for Local and Metropolitan Area Networks(LANs and MANs) [1, 2]. The single-hop architecture employs Wavelength Division Multiplexing(WDM) to provide connectivity among the network nodes. The WDM channels are dynamicallyshared by the attached nodes, and the logical connections change on a packet-by-packet basis cre-ating all-optical paths between sources and destinations. Single-hop networks require the use ofrapidly tunable optical lasers and/or �lters that can switch between channels at high speeds. Suchdevices do exist today [3]; however, they have to be custom-built and they tend to be extremelyexpensive, accounting for a signi�cant fraction of the overall cost of building a lightwave network.Consequently, media access protocols such as HiPeR-` [4], FatMAC [5], DT-WDMA [6], and Rain-bow [7] that require tunability only at one end have the potential of keeping the overall cost atreasonable levels, leading to network architectures that can be realized cost e�ectively.When tunability only at one end, say, at the transmitters, is employed, each �xed receiveris permanently assigned to one of the wavelengths used for packet transmissions. In a typicalnear-term WDM environment, the number of channels that will be supported within the opticalmedium is expected to be smaller than the number of attached nodes. As a result, each channel willhave to be shared by multiple receivers, and the problem of assigning receive wavelengths arises.Intuitively, this assignment must be somehow based on the prevailing tra�c conditions. But with�xed receivers, the assignment of receive wavelengths is permanent and cannot be updated inresponse to changes in the tra�c pattern.Alternatively, one can use slowly tunable, rather than �xed, receivers. In general, we willdistinguish between rapidly and slowly tunable devices on the basis of two parameters: tunabilityspeed and cost. We will say that an optical laser or �lter is rapidly tunable if the time it takes toswitch between channels is comparable to a packet transmission time at Gigabit per second rates.Slowly tunable devices can be signi�cantly less expensive than rapidly tunable ones, but their tuningtimes can also be signi�cantly longer (up to several orders of magnitude). As a result, these devicescannot be assumed \tunable" at the media access level (i.e., for the purposes of scheduling packettransmissions), as this requires fast tunability. However, use of slowly tunable receivers makes itpossible to modify the assignment of receive wavelengths over time to accommodate varying tra�cdemands.The issues that arise in recon�guring a lightwave network by retuning a set of slowly tunabletransmitters or receivers have been studied in the context of multihop WDM networks in [8, 9].The work in [9] considered the problem of constructing a sequence of branch-exchange operations1



of minimum length to take the network from an initial to a target connection diagram. The focus in[8] was on the design of dynamic policies for determining when and how to recon�gure the network.To the best of our knowledge, recon�guration has not been studied in the context of single-hopnetworks.In this paper we consider the problem of recon�guring a single-hop network by retuning a sub-set of the slowly tunable receivers to obtain a new wavelength assignment. Assuming an existingassignment of receive wavelengths and some information about the new tra�c demands, our objec-tive is to obtain a new wavelength assignment such that (a) the tra�c load is balanced across thevarious channels, and (b) the number of receivers that need to be retuned is minimum. We presenttwo approaches for determining the new assignment. One approach �rst partitions the receiversinto subsets by running an approximation algorithm for the load balancing problem on the newtra�c matrix. It then assigns these receiver subsets to wavelengths so that the number of retunings,starting from the previous wavelength assignment, is minimized. We show that this straightforwardapproach requires a large number of retunings, and does not scale well with the size of the network.We then present a new approximation algorithm for the load balancing problem that provides fortradeo� selection, using a single parameter �, between the two con
icting goals. This algorithmleads to a scalable approach to recon�guring the network since, in addition to providing guaranteesin terms of load balancing, for certain values of parameter �, the expected number of retuningsscales with the number of channels, not the number of nodes in the network.The next section introduces the network model, and discusses the issues arising during therecon�guration phase. In Section 3 we describe two approaches for determining the new wavelengthassignment. In Section 4 we present some numerical results to compare the two approaches, andwe conclude the paper in Section 5.2 System Model2.1 Network Model and OperationWe consider a packet-switched single-hop lightwave network with N nodes, and one transmitter-receiver pair per node. The nodes are physically connected to, and communicate over, a passivebroadcast optical medium. The medium can support C < N wavelengths, �1; � � � ; �C. Both thetransmitter and the receiver at each node are tunable over the entire range of available wavelengths.However, the transmitters are rapidly tunable, while the transmitters are slowly tunable. We willrefer to this tunability con�guration as rapidly tunable transmitter, slowly tunable receiver (RTT-2



STR). (We note that all our results can be easily adapted to the dual con�guration, STT-RTR.)Let �t (�r) denote the normalized tuning latency of transmitters (receivers), expressed in unitsof packet transmission time. In the RTT-STR system under consideration, we have that:�r � �t = k � 1 (1)In (1), k is a small integer, while �r takes values that may be several orders of magnitude greaterthan �t. The main motivation for employing slowly tunable receivers is the signi�cant savings incost that can be realized. Given that with today's technology the cost of rapidly tunable opticaldevices can be extremely high, designing architectures that require fast tunability only at one endis a �rst step towards keeping the overall cost of building a lightwave network at reasonable levels.We distinguish two levels of network operation, di�ering mainly in the time scales at which theytake place. At the packet transmission level, connectivity among the network nodes is provided by amedia access protocol that requires tunability only at the transmitting end. The protocol schedulespackets for transmission by employing algorithms that can e�ectively mask the tuning latency oftunable transmitters [10, 11, 12, 13]. (For instance, the scheduling algorithms in [10] have beenshown to work well with values of �t up to 16-20.) One such protocol is HiPeR-` [4]. Since thereceiver latency �r is signi�cantly long and cannot be overlapped with packet transmissions, at thislevel the receivers are considered to be �xed to a particular wavelength. Let �(j) 2 f�1; � � � ; �Cgbe the wavelength currently assigned to receiver j. An assignment of wavelengths to receivers is apartition R = fRc; c = 1; � � � ; Cg of the set N = f1; � � � ; Ng of nodes, such that Rc is the subset ofnodes currently receiving on wavelength �c:Rc = fj j �(j) = �cg c = 1; � � � ; C (2)This assignment of receive wavelengths to the network nodes is known to the media access protocol,and it is used to determine the target channel for a packet given the packet's destination.The ability of receivers to tune, albeit slowly, is invoked only at the resource allocation level;in this work, the shared resource of interest is bandwidth. We note that a partition R = fRcgin (2) implies an allocation of the available bandwidth to the various receivers. Use of tunablereceivers allows this allocation to be optimized to prevailing tra�c conditions. As tra�c varies, anew assignment of receive wavelengths may be sought that satis�es some optimality criteria; thesecriteria are the subject of the next subsection. We will use the term \recon�guration" to refer tothe reallocation of bandwidth to receivers. Since this variation in tra�c will more likely take placeover larger scales in time, recon�guration is expected to be a relatively infrequent event, and eachassignment of receive wavelengths will be long lived relative to the scheduling of packet transmissions3



by the media access protocol. Consequently, receivers with a tuning time �r signi�cantly largerthan the packet transmission time, will be acceptable at the resource allocation level as long as �ris small compared to the mean time between successive recon�guration events.2.2 Assignment of Receive WavelengthsIntuitively, receive wavelengths should be assigned so that the tra�c load be balanced acrossthe C channels. A recent study by one of the authors on the performance of HiPeR-` [4], a newreservation protocol for single-hop networks, has con�rmed this intuition. Speci�cally, it was shownin [4] that the maximum sustained throughput is directly a�ected by the degree of load balancingin the network: the higher the degree of load balancing, the higher the overall arrival rate thatthe network can accommodate, and vice versa. Although this result was derived speci�cally forHiPeR-`, we believe that load balancing has a similar e�ect on the performance of any protocol formultichannel single-hop networks.We represent the bandwidth requirements of source-destination pairs by a tra�c demand matrixT= [tij ]. Quantity tij is a measure of the average tra�c originating at node i and terminating atnode j. Given matrix T, we can compute the total bandwidth requirement bj of receiver j as thesum of the elements of the j-th column of T:bj = NXi=1 tij j = 1; � � � ; N (3)Receive wavelengths are assigned on the basis of quantities bj ; j = 1; � � � ; N . Based on ourobservations regarding load balancing, our objective is to assign the receivers to the availablechannels such that the total bandwidth used in each channel is approximately the same amongdi�erent channels. This problem is equivalent to the multiprocessor scheduling problem [14], wheregiven a set of tasks with a priori known processing times and a number of processing units, theobjective is to allocate the tasks to the processors such that the overall �nish time is minimized.(This implies that the total processing time of the various processors di�ers as little as possible.)In our case the channels take the place of the processors, the receivers replace the tasks and thebandwidth requirements bj replace the processing times.The multiprocessor scheduling problem is NP-complete [15]. Two approximation algorithms forthis problem are MULTIFIT [16], with an absolute performance ratio of 1.22, and LPT [17], withan absolute performance ratio of 1.33. Either of these two algorithms may be used to obtain anassignment of receive wavelengths based on the receiver bandwidth requirements bj ; j = 1; � � � ; N ,such that tra�c is spread across the various channels as evenly as possible. We now proceed to4



discuss what happens when, due to changes in the tra�c pattern, the current wavelength assignmentbecomes suboptimal.2.3 The Transition PhaseLet R be an assignment of receive wavelengths based on tra�c matrix T and the correspondingbandwidth requirements fbjg in (3). As tra�c varies over time, the elements of matrix T, as wellas the column sums fbjg, will change. Let T0 be a new tra�c matrix, and fb0jg be the new receiverbandwidth requirements. If, due to these tra�c changes, assignment R is no longer successful inbalancing the load across the channels, two actions are taken:� a new assignment R0 is obtained, optimized for the new bandwidth requirements fb0jg, and� a number of receivers are tuned to new wavelengths as speci�ed by R0.In [9] it was assumed that the tra�c pattern is slowly and predictably changing over time. Inthis case, an assignment of receive wavelengths may be precomputed for the expected new tra�cconditions. If changes in the tra�c pattern are not predictable, the network nodes (or a special nodededicated to managing the network) may monitor packet transmissions on the various channels,and apply statistical techniques to determine whether the overall conditions have changed in away that signi�cantly a�ects the optimality of the current wavelength assignment. The problemof determining when the wavelength assignment needs to be updated is beyond the scope of thispaper; rather, we concentrate on the issues arising once a decision to recon�gure the network hasbeen taken based on a new tra�c matrix T0.The recon�guration phase will take the network from the current assignment R to some newassignment R0. We de�ne the distance D between two wavelength assignments R and R0 as follows:D(R;R0) = N � CXc=1 j Rc \R0c j (4)The distance D(R;R0) represents the number of receivers that would need to be retuned in orderto take the network from wavelength assignment R to the new assignment R0.There is a wide range of policies for recon�guring the network, mainly di�ering in the tradeo�between the length of the transition period and the portion of the network that becomes unavailableduring this period (see [9] for a discussion on similar issues arising in multihop networks). Oneextreme approach would be to simultaneously retune all the receivers that are assigned new channelsunder R0. The duration of the transition period is minimized under this approach (it becomes equal5



to �r), but a signi�cant fraction of the network may be unusable during this time. At the otherextreme, an approach that retunes one receiver at a time minimizes the portion of the networkunavailable at any given instant during the transition phase, but maximizes the length of thisphase. Between these policies at the two ends of the spectrum lie a range of approaches in whichtwo or more receivers are retuned simultaneously.Let us de�ne a step in the recon�guration phase as an interval of length �r during whichone or more receivers are retuned. Let k(p) be the number of steps required under policy p, andxn(p); n = 1; � � � ; k(p); be the number of receivers retuned during step n for the same policy. Dur-ing the transition period, the network incurs some cost in terms of packet delay, packet loss, packetdesequencing, and the control resources involved in receiver retuning. This cost is directly propor-tional to both the portion of the network that becomes unavailable and the length of the transitionperiod. A measure of this cost that accounts for both these factors is the network unavailablefraction-unavailability length product, which can be obtained as the sum Pk(p)n=1 ��r xn(p)N �. But,for any recon�guration policy p, this sum is equal to:k(p)Xn=1��r xn(p)N � = �r D(R;R0)N 8 p (5)Thus, regardless of the policy used, the number of retuning operations emerges as an importantparameter, one that determines the impact of the recon�guration phase on the tra�c carried bythe network.The rest of the paper considers the problem of minimizing the number of retuning operationsgiven an initial assignment R and a new tra�c matrix T0. As in [9], we also ignore network speci�cissues such as how to coordinate the individual steps of the transition phase and inform the nodesof which receivers to retune and when. Instead, we concentrate on an abstract model that hidesthe details of operation but is applicable to a wide range of network environments.3 Minimizing the Number of Retuning OperationsConsider a network operating under wavelength assignment R optimized for tra�c matrix T. Astra�c varies over time, the matrix is updated to re
ect the changes in the tra�c pattern. Let T0be the tra�c matrix at the instant recon�guration is triggered. Our objective is to obtain a newwavelength assignment R0 such that:� the new tra�c load, as speci�ed by matrix T0 is evenly spread across the C channels, and6



� the number of retunings required to take the network from assignment R to assignment R0 isas small as possible.We note that these requirements on R0 represent two con
icting objectives: minimizing the numberof retunings alone would result in R0 being the same as R, which may be suboptimal in terms ofload balancing; while optimally balancing the load across the C channels might produce a newassignment such that the distance in (4) be large.We distinguish two approaches in constructing a new assignment R0, di�ering mainly in whetherthe optimization procedure attempts to satisfy both objectives simultaneously, or one at a time:� The �rst approach consists of two steps. The �rst step is to partition the set of receiversby solving the load balancing problem on matrix T0 independently of the initial assignmentR. The second step assigns the new subsets of receivers to wavelengths so as to minimizethe number of retunings required starting from R. This gives rise to the Channel Mappingproblem discussed in the next subsection.� The second approach attempts to solve the load balancing problem on matrix T0, while at thesame time minimizing the number of retunings that have to be performed. We will call thisthe Constrained Load Balancing problem.We now study the two problems, starting with the channel mapping problem.3.1 The Channel Mapping ProblemWe consider an initial wavelength assignment R and a new tra�c matrix T0. The �rst step inthe recon�guration process is to run an approximation algorithm (such as MULTIFIT or LPT) toobtain a partition S 0 = fS 0cg of the set of receivers into C sets S 0c; c = 1; � � � ; C. This partitionS0 is such that the bandwidth requirements of the receivers in each set S 0c is approximately thesame among the C sets. We note that the approximation algorithm does not distinguish among thevarious channels. Thus, the output of the algorithm is simply a partition S 0 of the set of receivers,not a wavelength assignment as de�ned in (2); in other words, there is no association among thereceiver subsets S 0c and the available wavelengths.From S 0 we may obtain a new wavelength assignment R0 by mapping each subset S 0c to one ofthe wavelengths, such that no two subsets map to the same wavelength. Since our objective is tominimize the number of retuning operations during the recon�guration, the problem of selecting amapping that results in the least number of retunings arises. We will call this the Channel Mapping(CM) problem; it can be formally stated as: 7



Problem 3.1 (CM) Given an initial wavelength assignment R = fRcg, and a new partition S 0 =fS0cg of the set of receivers, �nd a permutation (�1; �2; � � � ; �C) of f1; � � � ; Cg such that for the newwavelength assignment R0 = fR0cg with R0c = S 0�c ; c = 1; � � � ; C, the distance D(R;R0) is minimumover all possible permutations.The following lemma emphasizes the importance of employing an optimal algorithm for theCM problem, by stating that using a simple minded scheme such as the identity permutation (i.e.,letting R0c = S 0c for all c) may result in an unnecessarily large number of retunings.Lemma 3.1 Assume that the tra�c matrix has changed so that at least one retuning is requiredunder the optimal permutation. Then, the di�erence between the number of retunings required bythe identity permutation and that required by the optimal permutation can be equal to the numberof receivers minus one, in the worst case.Proof. We will construct an instance of the CM problem for which the di�erence in the number ofretunings under the identity and optimal permutations is equal to N � 1. Consider a network withC � 3 and N > C. Let the initial wavelength assignment R = fRcg be any arbitrary assignmentsuch that j Rc j� 2 and let j 2 RC . Let the new partition S 0 = fS 0cg be such thatS 0c = 8>>>>><>>>>>: R2 [ fjg; c = 1Rc+1; c = 2; � � � ; C � 2RC � fjg; c = C � 1R1; c = C (6)It is straightforward to verify that the identity permutation requires that all receivers retune tonew wavelengths (N retunings), while the optimal permutation (C; 1; 2; 3; � � � ; C � 1) requires onlyone retuning, that of receiver j from wavelength �C to wavelength �2. 2The next lemma states that, even under an optimal solution to the CM problem, the numberof retunings required may be very large.Lemma 3.2 Let R and S 0 be the initial wavelength assignment and new partition, respectively,of an arbitrary instance of the CM problem for a network with N nodes and C channels. If theoptimal solution to this instance yields wavelength assignment R0, it is possible thatD(R;R0) � N � C � 1 (7)8



Proof. We will construct an instance of CM that requires exactly N � C � 1 retunings. Considera network with N = C2, and an initial wavelength assignment given by:Rc = f(c� 1)C + 1; � � � ; cCg c = 1; � � � ; C (8)The new partition S 0 is: S0c = 8<: fcg; c = 2; � � � ; Cf1; C + 1; � � � ; C2g; c = 1 (9)It is straightforward to verify that exactly C2 � C � 1 = N � C � 1 retunings are required underthe optimal permutation. 23.1.1 Matrix RepresentationThere is a natural way of representing all the important knowledge about an instance of the CMproblem. Let R and S 0 be the initial wavelength assignment and the new partition, respectively,of an arbitrary instance of the CM problem. We �rst observe that the identities of the particularreceivers in the various subsets Rc and S 0c have no relevance to the optimal solution to the CMproblem. What is of interest is only the number of receivers each subset of R has in common witheach of the subsets of S 0 (refer also to (4)). We now have the following de�nition:De�nition 3.1 Two instances (R1;S 01) and (R2;S 02) of the CM problem are isomorphic ifj R1;c \ S 01;c0 j = j R2;c \ S 02;c0 j 8 c; c0 (10)It is straightforward to show that an optimal solution to an instance (R;S 0) of the CM problem isalso an optimal solution to any instance isomorphic to (R;S 0).A compact data structure that encompasses all the important knowledge about an instance(R;S0) of the CM problem is a C � C matrix M= [mc;c0 ]. Element mc;c0 of the matrix representsthe number of receivers that subset Rc of the initial assignment and subset S 0c0 of the new partitionhave in common: mc;c0 = j Rc \ S 0c0 j c; c0 = 1; � � � ; C (11)An example is given in Figure 1 for a network with N = 8 nodes and C = 3 wavelengths. Byconstruction, the sum of the elements of the c-th row ofM equals the cardinality of subset Rc; c =1; � � � ; C. Similarly, the sum of the elements of the c-th column of M equals the cardinality of setS0c; c = 1; � � � ; C. 9



R : R1 = f6; 7; 8gR2 = f3; 4; 5gR3 = f1; 2g S0 : S01 = f2; 5gS02 = f4; 6; 8gS03 = f1; 3; 7g M = 26664 0 2 11 1 11 0 1 37775Figure 1: An instance of the CM problem with N = 8, C = 3, and the corresponding matrix MGiven a matrix M derived from an instance (R;S 0) of the CM problem, we may not be ableto restore the original instance (R;S 0), but we can easily create an instance that is isomorphic to(R;S0). Let us return to the matrix M of Figure 1. After computing the row sums of M, we knowthat subsets R1 and R2 of the initial assignment R for this instance contain three receivers each,while subset R3 contains two receivers. To create an assignment for an isomorphic instance of theproblem, we may simply letR1 = f1; 2; 3g; R2 = f4; 5; 6g; R3 = f7; 8g (12)We can now create a new partition for the isomorphic instance. From M we know that subset S 01contained two receivers, one receiver in common with R2, and one in common with R3. We canarbitrarily assign two receivers to S 01, one from R1 and one from R2, say, S 01 = f4; 7g. Proceedingin a similar manner, and making sure that at each step we do not consider receivers that havealready been assigned to previous subsets, we can �ll in S 02 and S 03 to obtain:S01 = f4; 7g; S 02 = f1; 2; 5g; S 03 = f3; 6; 8g (13)Even though the new instance of the CM problem in (12) and (13) is very di�erent from the originalinstance shown in Figure 1, both instances produce the same matrix M. From the point of view of�nding the optimal permutation, the two instances are equivalent, because in �nding an optimalpermutation we are interested in the number of receivers that subsets of R have in common withsubsets of S 0, not the identities of the receivers belonging to those subsets.3.1.2 Weighted Bipartite Graph RepresentationWe can view matrix M as the adjacency matrix of a bipartite graph G = (V;E) with vertex setV = fv1; � � � ; vC ; u1; � � � ; uCg and edge set E = f(vc; uc0); c; c0 = 1; � � � ; Cg. We assign a weightequal to mc;c0 to edge (vc; uc0) 2 E; c; c0 = 1; � � � ; C. For the example of Figure 1, the correspondingbipartite graph is shown in Figure 2.We now observe that solving an instance (R;S 0) of the CM problem, i.e., �nding a permutationthat minimizes the distance in (4), is equivalent to �nding a matching of maximum weight in the10
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ows [18]. Thus, there exists a polynomial timesolution for the CM problem.3.2 The Constrained Load Balancing ProblemWe now consider a di�erent approach for obtaining a new wavelength assignment R0, given aninitial assignment R and a new tra�c matrix T0, one that attempts to simultaneously satisfy thetwo requirements forR0 discussed earlier in this section. This approach gives rise to the ConstrainedLoad Balancing (CLB) problem, which can be formally stated as a decision problem:Problem 3.2 (CLB) Given an initial wavelength assignment R, a tra�c matrix T0, and twopositive integers K and L, is there a wavelength assignment R0 such that Pj2R0c b0j � K 8 c andD(R;R0) � L?The CLB problem isNP-complete because for L � N it reduces to the multiprocessor schedulingproblem which is NP-complete [15]. We now present a heuristic for the CLB problem, which isbased on LPT [17], an approximation algorithm for the multiprocessor scheduling problem. Indescribing the heuristic we will use the terminology of [17], i.e., we will refer to processors, tasks,and execution times instead of channels, receivers, and bandwidth requirements, respectively. Thiswill be helpful in referring to the results of [17] to prove certain properties regarding the performanceof our heuristic. 11



Recall that LPT �rst sorts the N tasks in a list L = (�1; � � � ; �N) in decreasing order of theirexecution times. Initially, each of the �rst C tasks in the list is assigned to a di�erent processorto execute. Then, whenever a processor completes a task, it scans the list L for the �rst availabletask to execute, and this procedure repeats until all tasks have been executed. We modify LPT totake into account R, the previous wavelength assignment (i.e., the previous assignment of tasks toprocessors), by introducing a knob �; 1 � � � N . The new algorithm also orders the tasks in alist L in decreasing order of their execution times. However, when a processor searches for a newtask to execute (initially, or after the completion of a task) it does not immediately select the �rstavailable task in the list. Instead, it considers the �rst � available tasks in the list (if there are lessthan � remaining tasks, then all of them are considered). If at least one of these tasks was assignedto the same processor under the previous assignment R, then the processor starts executing thelarger such task, even if it is not the �rst one in the list of available tasks. Otherwise, if no suchtask exists, the processor executes the �rst available task, as in LPT. There is one exception to thisrule, namely, the �rst task in the list L (i.e., task �1) is always assigned to its processor under R.We will call the algorithm just presented the Generalized LPT (GLPT) algorithm; its detaileddescription can be found in Figure 3. It can be easily veri�ed that, by implementing appropriatedata structures, the complexity of GLPT is O(N maxflogN;C; �g). We note that GLPT reducesto pure LPT for � = 1. For higher values of �, it is more likely that receivers will be assignedto the same channels as before, and the new wavelength assignment R0 will be closer to R; thismay be achieved at the expense of load balancing. By selecting a value for � between 1 and Nwhen implementing GLPT, the network designer can achieve the desired tradeo� between the twoobjectives: load balancing and number of retunings.The following lemma provides an absolute performance ratio regarding the behavior of GLPTin terms of load balancing, regardless of the value of parameter �.Lemma 3.3 Let ! denote the �nish time of a multiprocessor schedule constructed by GLPT forany value of �, and let !? denote the optimal �nish time for the same set of tasks. Then,!!? � 32 � 12C (14)Proof. Let us choose the m; 0 � k � N longest tasks of the set of tasks to be executed andarrange them in a list L which gives the optimal solution for these m tasks under this strategy:upon completion of a task, a processor scans the list and starts executing the next available task.Now let us extend L to include all the tasks by adjoining the remaining N �m tasks arbitrarily12



Algorithm Generalized LPT (GLPT)Input: Initial wavelength assignment R = fRcg, and new receiver bandwidth requirements b0j ; j =1; � � � ; N , derived from the new tra�c matrix T0; �(j) denotes the receive wavelength of j under ROutput: New wavelength assignment R0 = fR0cgParameter: �; 1 � � � N1. begin1. Initialize R0c = �; c = 1; � � � ; C2. Order the receivers as (�1; � � � ; �N) such that b0�1 � � � � � b0�N3. R0c  f�1g where �(�1) = �c // assign the �rst receiver to its previous channel4. For j = 1 to N � 1 do5. Order the channels as (��1; � � � ; ��C) such that Pl2R0�1 b0l � � � � �Pl2R0�C b0l6. Order the non-assigned receivers as (�1; � � � ; �N�j) such that b0�1 � � � � � b0�N�j// If one of the �rst � receivers was assigned to ��1 under R, assign it to the same channel7. For i = 1 to minf�;N � jg do8. If �(�i) = ��1 then9. R0�1  R0�1 [ f�ig10. goto 4// Otherwise, assign the �rst receiver to ��111. R0�1  R0�1 [ f�1g12. // end of algorithmFigure 3: The Generalized LPT algorithm for the CLB problemto L, forming list L(m). Let !(m) denote the �nish time for the N tasks when using the abovestrategy on L(m), and let !? denote the optimal �nish time for all N tasks. From [17, Theorem 3]we have that: !(m)!? � 1 + 1 � 1C1 + dmC e (15)Let L0 denote the corresponding list of tasks for GLPT. This list is not known a priori, instead,it is formed dynamically during the execution of the algorithm. However, by construction, thesame strategy is followed on L0, namely, a processor that becomes idle is always assigned the nextavailable task on L0. Then, the result in (14) follows immediately from (15) for m = 1, since,regardless of the value of the knob �, list L0 is formed by concatenating some list of N � 1 tasks(as formed by the algorithm) to the list that gives the optimal solution for the longest task �1. 213



4 Numerical ResultsWe now compare the two approaches for obtaining a new wavelength assignmentR0, given an initialassignment R and a new tra�c matrix T0:� The �rst approach is to run LPT [17] on the new receiver bandwidth requirements fb0jg derivedfrom matrixT0 to obtain a partition S 0 of the set of receivers into C subsets S 0c; we then run theHungarian algorithm [18] to obtain a solution to the CM problem, i.e., to map the subsets S 0cto the actual channels. The running time requirements of this approach are O(N logN+???).� The second approach is to run algorithm GLPT(�), shown in Figure 3, with R and T0 asinput, to directly obtain the new assignment R0; in our experiments, we have used variousvalues for parameter �.The two performance measures of interest are load balancing and the number of receiver retuningsrequired. Since we do not have a polynomial time solution for the load balancing problem, wecompare the two approaches against the lower bound, obtained from matrix T0 as Pi;j tijC ; we notethat, in general, this lower bound may not be achievable.Figures 4 and 5 show the performance of the two approaches in terms of load balancing andnumber of retunings, respectively, as we vary the number N of nodes in the network; the numberof channels remains constant, C = 10. Figures 6 and 7 show results for the same performancemeasures as the number of channels varies while the number of nodes is kept constant at N = 100.To obtain the results shown in Figures 4 { 7 we constructed random tra�c matrices whose elementswere integers uniformly distributed in the range 0 through 20. Each point plotted corresponds tothe average of 100 random instances for the stated values of N and C; 95% con�dence intervals arealso plotted in the �gures.Our �rst observation from Figures 4 and 6 is that the �rst approach (i.e., employing LPT forload balancing and then solving the channel mapping problem), provides the best performance interms of load balancing, as expected. However, algorithm GLPT with � = 5 (GLPT(5)) performsalmost identical to LPT, while GLPT(10) is also very close to LPT. As � increases, GLPT startsbehaving sub-optimally in terms of load balancing, as expected. However, even when � is as largeas 40, GLPT is never more than 14% away from the lower bound, and in some cases it is as closeas 3%. In fact, because of Lemma 3.3, GLPT is guaranteed to always be within 50% from theoptimal, regardless of the value of parameter �. (The behavior of all algorithms for C = 15 inFigure 6 can be explained by noting that, unlike the values C = 5; 10; 20; 25, the value C = 15does not divide the number of nodes N = 100 exactly. As a result, some channels will be assigned14
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more receivers than others, making it di�cult to achieve the lower bound. In other words, there isnothing inherently wrong with the algorithms, it is just that the lower bound does not accuratelycharacterize the optimal solution when C = 15.)Let us now turn our attention to Figure 5 which plots the average number of retunings as afunction of the size N of the network. We observe that the �rst approach always requires themost number of retunings, and that its retuning requirements increase linearly with the size of thenetwork. Furthermore, the expected fraction of receivers that need to be retuned increases with thenumber of nodes, from 50% when N = 20, to 75% when N = 100. This means that this approachis not scalable, since, for large N , either the duration of the recon�guration phase, or the fractionof the network that becomes unavailable, will be signi�cant. The behavior of this approach interms of number of retunings is in agreement with intuition: LPT is very successful in balancingthe load of the network, but it does not take into account the previous wavelength assignment. Asa result, the distance between the initial and target assignments tends to be large. We note alsothat, in many cases, the expected number of retunings is close to the number of retunings underthe worst-case scenario of Lemma 3.2.From the same �gure we see that, for small values of �, algorithm GLPT requires a number ofretunings which also increases linearly with the size of the network. However, the rate of increaseis much slower (for instance, when � = 5, about 50% of the receivers are retuned for all values ofN , while when � = 10, about 20% of the receivers are retuned on average). As � increases, thebehavior of GLPT improves dramatically. For � = 20, the number of retunings does increase withN , but it is always less than 10, while when � = 40, only about one receiver needs to be retuned,independently of the number N of nodes. In fact, doubling the value of parameter � reduces thenumber of retunings to less than half its previous value. As a result, it does not make sense to usea value of � that is larger than 40, since doing so may increase the running time requirements ofalgorithm GLPT without any signi�cant e�ect on the number of retunings.In Figure 7 we plot the number of retunings required against the number of channels, forN = 100. We note that the �rst approach always requires about 70% of the receivers to be retuned,regardless of the number of channels. On the other hand, the number of retunings required byGLPTincreases almost linearly with C for all values of �; also, larger values of � result in a smaller numberof retunings, as expected. This result, combined with our previous observations, indicates that, forcertain values of parameter � (in this case, for 20 � � � 40), GLPT provides a scalable approachto recon�guring the network since (a) it achieves a guaranteed level of performance in terms ofload balancing, (b) its retuning requirements are low, and more importantly, (c) the number ofretunings scales with the number of channels, not the number of nodes in the network.17



The results plotted in Figures 4 { 7 were obtained by randomly selecting the initial tra�cmatrix T, and then randomly selecting the target matrix T0, independently of T. In practice, thenew tra�c matrix T0 will be closely related to the old matrix T, di�ering only by the changes inthe tra�c demands that have taken place. To study the relative performance of the two approachesunder a model that more closely captures the characteristics of a realistic tra�c scenario, we haverun a set of experiments in which we have used Brownian motion to model the change in thesource-destination tra�c demands.In the new model, the initial random matrix T was constructed as before. This matrix wasthen evolved through a series of steps to obtain the target matrix T0. The Brownian motion wasmodeled by using two asymmetric probabilities: the probability of moving towards the \wall" andthe probability of moving away from the \wall", the \wall" being either the lower or the upperlimit on the source-destination tra�c demand (to obtain results comparable to those in Figures 4- 7, we used 0 and 20, respectively, for the lower and upper limit on the tra�c demands). At everystep of the evolution process, each element of the demand matrix T is treated as a one-dimensionalBrownian particle. In our model, the probability of moving away from the wall (set to 0.5) washigher than the probability of moving towards the wall (set to 0.2) 1. Thus, a particle always hasa \direction of likely movement". Based on these probabilities, a newly generated random numberat each step determines whether the bandwidth demand for a certain source-destination pair willincrease by an amount �, decrease by �, or remain the same, independently of the other elements;in our experiments we let � = 1. If an element hits the upper or lower limit, its \direction of likelymovement" is reversed. After performing several steps (� 10 � 20) in this manner, the resultingmatrix was taken as the new tra�c matrix T0.The results from the Brownian model are shown in Figures 8 - 11. As we can see, the new modelhad little e�ect on the behavior of the various algorithms, con�rming our conclusions regarding therelative performance of the two approaches.5 Concluding RemarksWe considered the problem of updating the bandwidth allocation in single-hop WDM networks toaccommodate varying tra�c demands, by retuning a set of slowly tunable receivers. Our objectivewas to balance the tra�c load across all channels, while keeping the number of retunings to aminimum. We studied a straightforward approach to obtaining a new wavelength assignment, one1Note that these probabilities need not sum up to unity; if they do not, the di�erence represents the probabilitythat the particle will not change its position during a step.18
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that employs well-known algorithms to satisfy the two requirements independently of each other,and we have shown that it is not scalable. We then presented a new algorithm that attemptsto construct the new wavelength assignment in a way that simultaneously achieves the statedobjectives. The algorithm provides for tradeo� selection between the two requirements, and scaleswell with the size of the network. The main conclusion of our work is that it is possible to employrapidly tunable optical devices only at one end of the network without making sacri�ces in termsof performance, thus leading to lightwave architectures that can be realized cost e�ectively.
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