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E�cient Simulation of Cell Loss Probability..., Freebersyser and Townsend 11 IntroductionThe forthcoming Broadband-Integrated Services Digital Network (B-ISDN) has provokedgreat interest in the modeling and performance analysis of Asynchronous Transfer Mode(ATM) switches and networks. One of the many problems that faces the designers of ATMnetworks is how to guarantee that each customer will receive the agreed upon Quality ofService (QoS). The purpose of Connection Admission Control (CAC) algorithms in ATMnetworks is to decide in real time whether a new connection can be admitted into the networkwithout violating QoS measures, such as the cell loss probability, for the new connection orthe existing connections. The decisions made by the CAC algorithm in implementing a givenCAC policy are speci�c to the ATM switch design, and are also used in the negotiation of theconnection tra�c descriptors and QoS measures that result in the tra�c contract betweenthe user and the network [1].Simple, approximate CAC algorithms must be used in actual ATM networks to perform,in real time, the negotiation and decision functions. However, some method of testingCAC algorithms is necessary to verify that the resulting CAC decisions are correct, or atleast conservative, since the network must guarantee the QoS. Closed form solutions forQoS measures such as the cell loss probability are often unavailable by analytical methodsfor realistic network conditions because of the high dimensionality that results from thecomplexity of the ATM switches and tra�c, in particular the large bu�er sizes and thevariety of multimedia tra�c expected in ATM networks.Monte Carlo (MC) simulation can be used to obtain accurate estimates of performancemeasures of complex ATM networks, but is too slow to be used for CAC in real time.Even in non-real time environments, such as CAC algorithm testing, MC simulation canbe too slow for estimating the rare events associated with QoS measures (for example, cellloss probabilities in the range of 10�6 to 10�12) because of the long run times required toobtain accurate estimates. Importance Sampling (IS) is a technique that, under the properconditions, can speed up simulations involving rare events of network (queueing) systems(see for example, [2]-[4]). By carefully choosing the modi�cation or bias of the underlyingprobability measures, large speed-up factors in simulation run time can be obtained.



E�cient Simulation of Cell Loss Probability..., Freebersyser and Townsend 2Most commonly, statistical tra�c models have been used in the analysis and simulationof ATM switches and networks. Several generations of statistical tra�c models have beendeveloped as more insight has been gained into the burstiness and correlation of ATM tra�c.These statistical tra�c models have become increasingly accurate, but they have also becomemore complicated and therefore less tractable to analysis. In addition, it is di�cult toestablish a relationship between the parameters of the statistical models of the ATM tra�cand the connection tra�c descriptors used by the CAC algorithm. [5]We overcome this problem by characterizing the tra�c entering the ATM network bythe connection tra�c descriptors standardized by the ATM Forum. Using tra�c descriptorsin the analysis of a performance measure was �rst described as the operational approach in[6]. Several studies have attempted to determine the cell loss probability based on varioustra�c descriptors [7]-[13]. All of the these analysis based studies for determining the cell lossprobability using the operational approach have drawbacks. Either low cell loss probabilitieswere not obtained, or restrictions on the system parameters were made in order to arrive atapproximations or upper bounds of the cell loss probability, and only [9] considered heteroge-neous connection tra�c descriptors. Jabbari et al in [14] present a simulation method basedon the operational approach, but did not provide any results for low cell loss probabilities.Previously in [15], we presented a simulation method using the ATM Forum standardizedconnection tra�c descriptors to characterize the tra�c entering the network. We used amultinomial formulation for the Monte Carlo simulation to remove the correlation associatedwith estimating bursty events, and showed how IS is applied, using the method of intervalreduction, to the problem of estimating the cell loss probability due to bu�er over
ow fortra�c sources described by homogeneous connection tra�c descriptors.In this paper, we examine tra�c sources described by heterogeneous connection tra�cdescriptors in order to examine the interaction between constant bit rate (CBR) connectionsand variable bit rate (VBR) connections, as well as the interaction between di�erent classesof VBR connections. We use MC simulation to estimate the cell loss probability of thecombined tra�c streams, as well as the cell loss probability of the individual classes, in bothrandom bu�er �lling and priority bu�er �lling schemes. IS is used to increase the e�ciency



E�cient Simulation of Cell Loss Probability..., Freebersyser and Townsend 3of the MC simulation based on an adaptation of the method of interval reduction [15]. Theimprovement in simulation e�ciency is a result of dramatically increasing the number ofsamples drawn from the important region. Compared to the conventional MC simulationused to estimate the cell loss probability, the improvement in simulation e�ciency observedis inversely proportional to the estimate. Our method of e�cient simulation is applicable tothe design and testing of ATM switches, as well as the CAC algorithms planned for use inATM networks.2 System DescriptionWe �rst discuss the connection tra�c descriptors standardized by the ATM Forum that willbe used to characterize the tra�c entering the network. We then examine the ATM switchconsidered and the resulting simulation model.2.1 Connection Tra�c DescriptorsWe characterize a connection requesting admission into the ATM network by the followingconnection tra�c descriptors standardized by the ATM Forum UNI Speci�cation [1]:�̂, peak cell rate (PCR) in bits per second (bps) (1)��, sustained (average) cell rate (SCR) in bps (2)B̂, maximum burst length in cells at the peak cell rate (3)The ��̂; ��; B̂�-triplet contains optional connection tra�c descriptors which can be used to de-rive the remaining required connection tra�c descriptors, speci�cally the cell delay variationand burst tolerance, that de�ne the tra�c contract at the output of the Usage ParameterControl (UPC) device at the User-Network Interface (UNI) [1]. Each connection, whichmay be an individual source or multiplexed sources, negotiates with the CAC algorithm foradmission into the network using the ��̂; ��; B̂�-triplet to describe the connection tra�c.
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 ConnectionsFigure 2: Connection admission control block diagram.2.2 ATM SwitchThe ATM switch considered here is shown in Figure 1. The ATM switch has NP input ports,and each of the NC connections in the network routed by the non-blocking switch matrix tothe output cell bu�er of one of the NP output ports is described by a ��̂; ��; B̂�-triplet. Anexample of a non-blocking switch matrix is a shared bus architecture where the shared busoperates at a speed of NP �̂ so that all NP input ports are given access to the shared bus.The bu�ers use a �rst-in, �rst-out (FIFO) queueing discipline. Each bu�er has a �nite sizeof K cells and cells exit the bu�er at a service rate of �̂ bps.2.3 Simulation ModelAs shown in Figure 2, the CAC algorithm uses knowledge of the ��̂; ��; B̂�-triplets of the



E�cient Simulation of Cell Loss Probability..., Freebersyser and Townsend 5new connection and the existing NC connections, as well as the switch parameters (�̂;K) todecide if the new connection should be allowed into the network. Our goal is to determinethe cell loss probability due to output cell bu�er over
ow resulting from the worst-case UPCcompliant tra�c pattern for the combined tra�c stream, and for each class of connectiontra�c descriptors in both random bu�er �lling and priority bu�er �lling schemes as a functionof the number of classes and connections in the network and the switch parameters.The ��̂; ��; B̂�-triplet de�nes the worst-case tra�c that the source can input to the net-work. ATM policing measures such as the leaky-bucket algorithm will insure this is so. Theworst-case tra�c pattern which is still UPC compliant is when the tra�c enters the networkat the peak rate, �̂, such that the maximum burst length of B̂ cells is generated. The CACalgorithm must consider the worst-case tra�c pattern in determining whether or not a QoSmeasure for cell loss probability is violated by admitting a new connection into the network,and the switch designer must consider this pattern in order to properly dimension the bu�ersize in the switch. Of course, due to the statistical nature of the input tra�c, a source mayat times input tra�c to the network that is less than the worst-case. But the negotiated��̂; ��; B̂�-triplet is what the connection is \paying for" and therefore, the network mustguarantee the QoS assuming tra�c at the worst-case level. Thus, the key feature of thissystem model is that the tra�c source is derived from the standardized connection tra�cdescriptors planned for use in ATM networks [1], rather than a stochastic model for thetra�c source.In this paper, we examine tra�c sources described by one of two classes of connectiontra�c descriptors. Since peak cell rate allocation can be done for the case of multiple classesof CBR sources, the classes of tra�c will be either CBR/VBR or VBR/VBR.We also assumethat the VBR classes are su�ciently dissimilar so that the di�erent classes can not be lumpedtogether to form a single homogeneous class, a case which has already been analyzed in [15].We operate with a slotted-time simulation model where an arrival slot is the amount oftime that one cell takes to arrive at the maximum peak rate over all the connections routedthrough the same bu�er. Because of the discrete time nature of the simulation, the peak cellrates of the di�erent classes of tra�c source must be integer factors of the peak cell rate,
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B =2 cellsFigure 3: Examples of tra�c generated by CBR and VBR sources.thus we examine only combinations of connection tra�c descriptors such that the maximumpeak cell rate is an integer multiple of all of the peak cell rates, �̂max = n�̂l, where n is apositive integer and l indexes the class of tra�c.The period of the on/o� cycle of the l-th of the S classes of arriving tra�c, Tl, is thetime in arrival slots that the B̂l length cell burst at the peak rate �̂l must be averaged overso that the sustained rate, ��l, is not exceeded, thusTl = B̂l�̂l=��l, arrival slots (4)For CBR tra�c, where �̂l = ��l, the period is de�ned to be TCBR = 1. The overall period, orsuper-period, in the simulation model is TSP = lcm(T1; T2; : : : TS) where lcm is the lowestcommon multiplier operator.Tra�c examples of sources with three di�erent ��̂; ��; B̂�-triplets are shown in Figure 3.A VBR source with a burst of length B̂ = 4 cells is shown with the dark grey cells. Shownwith the light grey cells is another VBR source with the same average cell rate, but halfthe peak cell rate of the �rst VBR source. Since the arrival slot length is a result of themaximum peak cell rate, the cell bursts of the slower peak cell rate are not contiguous, thusthe cells in the burst of length B̂ = 2 cells of this source do not occupy adjacent slots. Inaddition, two periods of this source fall within the super-period de�ned by the �rst VBRsource. The plaid cells depict a CBR source with a peak cell rate one quarter of the �rstVBR source.We assume uniform tra�c routing through each of the NP bu�ers, so that by examiningone bu�er we obtain the performance characteristic of all of the NP bu�ers. We also assumethat the bu�er is initially empty, since the steady-state behavior is equivalent whether it



E�cient Simulation of Cell Loss Probability..., Freebersyser and Townsend 7is reached by starting N + 1 connections with an empty bu�er, or by adding an additionalconnection to the existing N connections and a non-empty bu�er.We let the number of ports on the ATM switch be equal to the number of connectionsrouted through the bu�er, NP = NC , since this condition results in an upper bound of thecell loss probability for any size switch, in terms of the number of input and output ports. Inthe example of the shared bus architecture, the data rate of the shared bus is then NC cellsper arrival slot, so that all NC input ports have access to the shared bus in each arrival slot,which results in NC service slots per arrival slot. When N < NC input ports are active, wemake the worst-case assumption that the cells of the active ports occupy the �rst N of NCservice slots. In the random bu�er �lling scheme, we assume that each connection occupiesevery service slot position with equal probability for each bu�er. In the priority bu�er �llingscheme, the cells of one class enter the bu�er before the cells of other classes in each arrivalslot.The e�ective service rate, �, of the server is� = �̂=�̂max, cells/arrival slot (5)In each service slot, one cell can be loaded into the bu�er if there are arriving cells and �=NCcells can be removed from the bu�er if the bu�er contains greater than �=NC cells. If thebu�er contains less than �=NC cells, the remaining cells in the bu�er are serviced. Cells inthe bu�er are removed according to this policy even if there are no cell arrivals. Cell lossesoccur when there is no space in the bu�er for the arriving cells.The randomness in the simulation model is found in the connection starting-slot position.A connection can start in any arrival slot within the Tl length period, so we describe theconnection starting-slot position with a uniform probability density. Once the connectionstarting-slot positions of the NC connections are known, the systemmodel behaves determin-istically. We need only observe the bu�er size for three super-periods to determine whetheror not a cell loss occurs. The onset of the steady-state in the system occurs when the bu�erbehavior is repeated over consecutive super-periods.



E�cient Simulation of Cell Loss Probability..., Freebersyser and Townsend 82.4 Deterministic ResultsThe maximum number of cell losses in a period, Lmax, corresponds to the case where all theNC = PSl=1NCl connections start in the same arrival slot. We de�ne this case as the alignedat zero (AAZ) case. An upper bound for the maximum number of cell losses that can occurin a steady-state super-period, Lmax, is thenLmax (NC) = d  SXl=1d NClB̂l�̂max=�̂l e!� B̂ ��̂max�� �K e+ 1 (6)where dxe is the ceiling operation that rounds x up to the next highest integer if x is not aninteger. The exact value of Lmax must be obtained by simulation of the AAZ case.Since the AAZ case results in the maximum number of cell losses, the minimum numberof connections, NC0 = PSl=1NCl, that result in a cell loss requires thatSXl=1d NClB̂l�̂max=�̂l e > K + B̂ ��̂max�� (7)For sets of connections that do not meet this condition, cell losses at the bu�er can neveroccur.A cell loss is guaranteed to occur at the bu�er a priori for a number of connections,NCg =PSl=1NCl, such that the sum of the average cell rates exceeds the service rateSXl=1NCl��l > �̂ (8)The performance region we are interested in is over the set of connections such thatNC0 � NC � NCg . There are combinations of system parameters where NC0 � NCg , suchas when K >> TSP , but such combinations result in high cell loss probability and thereforeare not of interest.3 Closed-Form AnalysisConsider the set V 0 of all unique connection starting-slot vectors v0. A connection starting-slot vector v0 is composed of NC elements, where the j-th element in the vector represents



E�cient Simulation of Cell Loss Probability..., Freebersyser and Townsend 9the arrival slot position, from 1 to Tl arrival slots in a period for the l-th of S classes, wherethe j-th connection starts its B̂l length cell burst. Each connection starting-slot vectorcorresponds to the loss of i cells in a steady-state super-period. Let nCLi be the total numberof connection starting-slot vectors that map to i cell losses in a steady-state super-period,where jV 0j = PLmaxi=0 nCLi and Lmax is the maximum number of cell losses that occurs in asteady-state super-period. The probability of i cell losses in a steady-state super-period ispi = nCLi=jV 0j (9)where PLmaxi=0 pi = 1. Since each of the NCl connections generates a burst of length B̂l cells,the average number of arrivals per steady-state super-period is�nCA = SXl=1NClB̂l �TSPTl � (10)De�ne the cell loss ratio (CLR) or cell loss probability, PCL, due to bu�er over
ow asPCL = Total Number of Cell LossesTotal Number of Arriving Cells = NCLNCA = PLmaxi=1 inCLijV 0j�nCA = �nCL�nCA = LmaxXi=1 � i�nCA� pi (11)Thus, PCL is a weighted sum of probabilities from the multinomial distribution of cell loss.De�ne V as the set of connection starting-slot vectors v such that the �rst connection ofthe class with the maximumperiod, Tlmax, is �xed to start at the beginning of a super-period.Each connection starting-slot vector in V is translationally invariant to Tlmax� 1 connectionstarting-slot vectors in V 0. The exhaustive method of determining PCL sums the cell lossesover every connection starting-slot vector in V 0 in every arrival slot in a steady-state super-period for each connection.However, for even small values of Tl and NC = PSl=1NCl, the exponential order of com-plexity of the exhaustive method, O �NCTSPTlmax QSl=1 TNCll �, quickly becomes unmanageable. Sofar, this high dimensionality, as well as the non-linearity of the cell loss mechanism, hasmade this problem intractable to analysis for realistic system parameters without the use ofsimplifying assumptions. Therefore, we are interested in using MC simulation to estimatePCL.



E�cient Simulation of Cell Loss Probability..., Freebersyser and Townsend 104 Multinomial Formulation for MC SimulationConventional MC simulation estimates the numerator in (11), the average number of celllosses per steady-state period, �nCL. By estimating �nCL and thus PCL we are implicitly estimat-ing the pi of the multinomial distribution of cell loss. We use the multinomial formulationfrom [15] where the multinomial indicator function of a cell loss, IL, maps each of the NDstarting-slot vectors drawn independently from V to L cell losses in a steady-state periodfor all NC connectionsIL = ( 1, if L cell losses occur for 1 � L � Lmax0, if a cell loss does not occur (12)as P̂CL = 1ND NDXk=1 LmaxXi=1 � i�nCA� Ii(v(k)) = LmaxXi=1 � i�nCA� p̂i (13)The multinomial formulation used here reduces to the more familiar binomial formulationwhen Lmax = 1.Since the p̂0 term dominates the other p̂i terms but is not included in the summation,each p̂i is e�ectively independent, which was veri�ed experimentally for known systems. Thevariance of the p̂i in (13) is then closely approximated by�2 (p̂i) = pi (1� pi)ND (14)and the variance of P̂CL is closely approximated by�2 �P̂CL� = LmaxXi=1 � i�nCA�2 �2 (p̂i) = 1ND  LmaxXi=1 � i�nCA�2 (pi (1� pi))! (15)The estimate of the variance of p̂i is the sample variance�̂2 (p̂i) = 1ND (ND � 1) NDXk=1(Ii (v (k))� p̂i)2 (16)and the estimate of the variance of P̂CL is�̂2 �P̂CL� = LmaxXi=1 � i�nCA�2 �̂2 (p̂i) (17)



E�cient Simulation of Cell Loss Probability..., Freebersyser and Townsend 11In [16], it was determined that the con�dence interval of a weighted sum of a multinomialdistribution follows a �2 distribution. We state the theorem from [16] with the originalnotation slightly altered for our application:Theorem [16]: As ND !1, the lower limit of the probability that PCL satis�esP̂CL � Z�̂ �P̂CL� � PCL � P̂CL + Z�̂ �P̂CL� (18)is at least 1�� where Z is the positive square root of the upper (1 � �)-th percentage pointof the �2 distribution with Lmax degrees of freedom.5 E�cient Simulation Using Importance SamplingThe basic notion behind IS is to modify or bias the original joint probability density function(pdf) for the connection starting-slot vectors, fv(v), to a new joint pdf, f�v(v), such that thevariance of the estimate of PCL is reduced. Each cell loss event is weighted so that P̂ �CLremains an unbiased estimate of PCL. The only required condition on the joint pdf f�v(v) isthat f�v(v) > 0 when IL (v 2 VCL) > 0, where VCL � V is the subset of connections starting-slot vectors which cause a cell loss. Hence, the set VCL is the important region. The jointpdf fv(v) we consider here is the product of i.i.d. uniform probability density functions.The key to using IS is knowing how to bias the pdf fv(v). A necessary condition for agood bias scheme is that the number of cell losses that occur must be increased under thebiased distribution. The connection starting-slot has a uniform probability distribution overa period Tl. We use a priori information about how cell losses occur to arrive at the biasedjoint pdf by reducing the support of the unbiased joint pdf. The method used is an exampleof the analytical form of biasing called splitting [17], which takes its name from how thebiased pdf is obtained by splitting the original pdf into two regions, one of which containsthe important region. We have previously presented how this is done for homogeneousconnections tra�c descriptors [15].



E�cient Simulation of Cell Loss Probability..., Freebersyser and Townsend 125.1 TheoryThe important region VCL includes every connection starting-slot vector that causes one ormore cell losses, so we can write PCL asPCL = 1jV j LmaxXi=1 � i�nCA� jVCL (i) j (19)where VCL (i) is the subset of connection starting-slot vectors in VCL that cause i cell lossessuch that VCL = [Lmaxi=1 VCL (i).As presented in [15], IS is applied by reducing the sampled set of connection starting-slotvectors from jV j to jV �j < jV j such that VCL � V � � V . By maintaining all the connectionstarting-slot vectors that cause cell losses in V �, we do not violate the condition necessary toapply IS that f�v(v) > 0 when IL (v 2 VCL) > 0. Ideally we would like V � = VCL, but as longas jV �j � jV j and VCL � V �, the e�ciency of the simulation can be increased. Furthermore,we de�ne the set V (k)CL = [Lmaxi=k VCL (i) which contains all the connection starting slot vectorsthat cause k or more cell losses and V �(k) such that V (k)CL � V �(k). This further partioning ofVCL allows speci�c cell loss cases to be targeted by sampling from the set V �(k).The MC simulation estimates the probabilities pi and forms the overall estimate of PCLin (13). Each pi can be written aspi = jVCL(i)jjV j = jVCL(i)jXk=1 pV (20)where pV = 1jV j is the probability of each connection starting slot vector in V and thus VCL.Our IS algorithm biases the probability pV to a probability p�(v(k)) which is dependenton the connection starting-slot vector v(k). The simulation using IS estimates each p̂�i byindependently drawing ND (i) connection starting-slot vectors out of the set V �(i)p̂�i = 1ND (i) ND(i)Xk=1 Ii (v (k))w (v (k)) (21)where each cell loss event is weighted by an amount w(v(k)) = pV =p�(v(k)) so that p̂�i remainsan unbiased estimate of pi, as shown in the following:E� fp̂�i g = 1ND (i) ND(i)Xk=1 E� fIi(v(k))w(v(k))g



E�cient Simulation of Cell Loss Probability..., Freebersyser and Townsend 13= jVCL(i)jXk=1 w(v(k))p�(v(k)) = jVCL(i)jXk=1 pV = pi (22)The estimate of PCL using IS is P̂ �CL = LmaxXi=1 � i�nCA� p̂�i (23)and the variance of P̂ �CL is�2 �P̂ �CL� = LmaxXi=1 � i�nCA�2 �2 (p̂�i )= LmaxXi=1 � i�nCA�2 pV PjVCL(i)jk=1 wi(v(k))� p2iND (i) (24)Since we are able to target the simulation for a speci�c number of cell losses, di�erent biaseddistributions can be used in the simulation of each case, resulting in a more accurate estimateof the variance than the method in [18]. In (24), we see that the number of draws ND (i) isnow dependent on i, rather than being equal for all i as with the Monte Carlo experimentin (15).While this development applies speci�cally to the cell loss probability of the combinedtra�c stream, the same IS simulation can be used to estimate the cell loss probability of theindividual classes with random bu�er �lling and priority bu�er �lling. Consider the set ofvectors VCLl that result in cell losses of class l for the random bu�er �lling scheme. We knowthat VCLl � VCL. If during our IS simulation we obtain estimates of �nCLl (i) in each VCL (i),the average number of cell losses for class l is�nCLl = LmaxXi=1 �nCLl (i) (25)The estimate of the cell loss probability of the l-th class of tra�c is thenP (l)CL = LmaxXi=1 �nCLlNClB̂lTSP =Tl (26)The average cell loss of the combined tra�c stream is composed of the average cell lossof the individual classes �nCL = SXl=1 �nCLl (27)



E�cient Simulation of Cell Loss Probability..., Freebersyser and Townsend 14Since cell losses of the individual classes are positively correlated (more cell losses of one classimplies more cell losses of another class), the variance of the average number of cell lossesof the combined tra�c stream is an upper bound for the variance of the average number ofcell losses for an individual class �2 (�nCL) � �2 (�nCLl) (28)and �̂2 (�nCL) can be used to upper bound the con�dence intervals of the cell loss probabilityfor the individual classes. A similar analysis can also be applied to the case of priority bu�er�lling.5.2 ApplicationAs in [15], with the system model we consider, cell losses occur when the connections startclose enough together, over a number of slots less than Tlmax, that all the arriving cellscan not be served and a bu�er over
ow results in a cell loss. For the minimum number ofconnections that causes a cell loss, NC0 , we can determine an interval of c�0 arrival slots inwhich all the connections must start for a cell loss to result. If any connection starts morethan c�0 arrival slots away from the beginning of another connection, then a cell loss can neverresult. The multinomial indicator function IL (�) is always zero outside this c�0 length arrivalslot interval and the support of the uniform pdf that originally covered the entire interval Tlcan be reduced, hence in [15], we named this technique the method of interval reduction.De�ne c�r, where r = NC �NC0, as the distance in arrival slots between connections thatstill cause a cell loss involving the interaction of NC0 + r connections. Interaction betweenconnections is de�ned to be when the bu�er is non-empty between the start of each adjacentconnection.Previously in [15], we presented the equations used to determine c distances and describedthe method of interval reduction for the case of homogeneous connection tra�c descriptors.As shown in Table 1, the equations used to determine c distances are a function of theconnection tra�c descriptors, the number of connections and the switch parameters. For the



E�cient Simulation of Cell Loss Probability..., Freebersyser and Townsend 15Type I II III� � 1:0 and NC0 � 1 < � � � 1:0 and NC0 � 1 � � � < 1:0b B̂ � KNC0�� c+ 1 unless bB̂ (NC0 � �)�Kc+ 1 unlessc0 B̂ � KNC0�� = 0 B̂ (NC0 � �)�K = 0 b B̂=�� B̂ c + 1then c0 = 0 then c0 = 0cr rB̂ + c0 rB̂ + c0 b (r+ 1) B̂=�� B̂ c+ 1Table 1: Calculation of c distances as a function of the dominant VBR connection tra�cdescriptors and the switch parameters.case of tra�c sources described by heterogeneous connection tra�c descriptors, we considercases with only 2 classes. We call the VBR class with the highest peak cell rate the dominantVBR class. We assume that the super-period is the period of the dominant VBR class.The c� distances for the CBR/VBR case are increased over the c distances from Table 1,which are generated using the dominant VBR connection tra�c descriptors and the numberof dominant VBR connections, according to the amount of CBR cells included in the cdistancesc�r (CBR/VBR) = cr+ dNCBR �cr + d � B̂VBR + 1� = �TVBR�̂VBR=�̂CBR� e� = (min(�; 1)) e (29)The starting slots of the dominant VBR connections are then selected using the method ofinterval reduction. The CBR connections are chosen randomly over [0; TCBR), because thereis little to be gained, in terms of the improvement in simulation e�ciency, by restricting thestarting slot of the CBR sources since CBR periods are short relative to the dominant VBRperiod. For the CBR/VBR case, the number of CBR connections is limited to the conditionthat PSl=1NCl��l < �̂.For the VBR/VBR case where � < 1, the c� distances arec�r = b B̂ ��̂max� =� + rB̂ ��̂min�� B̂ ��̂max� c+ 1 (30)For this case, the number of non-dominant VBR connections is limited to the conditionNC ��̂min� B̂ ��̂min� � B̂ ��̂max�. For the VBR/VBR case where � � 1, the c� distances aredetermined using the dominant VBR connection tra�c descriptors and the total number of



E�cient Simulation of Cell Loss Probability..., Freebersyser and Townsend 16connections. The starting slots of both classes of VBR connections are then selected usingthe method of interval reduction.Examples of the method of interval reduction are given in [15]. The algorithm in Figure4 uses the method of interval reduction to cause a threshold number of cell losses for each ofthe Lmax cell loss cases of the combined tra�c stream for both the CBR/VBR and VBR/VBRcases. The simulation is able to target all i cell losses or greater by reducing the c� distancesusing (31). c�r (i) = c�r � b (i� 1) =min (�; 1)e c (31)The method of interval reduction is limited to a range of connections NC such that NC0 �NC � 2NC0 � 1 or until c�r � min (T (VBR)) =2 because improvement results only when therestriction of the support is less than the minimum period, and when NC < 2NC0 , sincewhen this occurs there can be two separate cases of cell losses caused by NC0 connections, acondition which is not yet accounted for by this method.The improvement in simulation e�ciency is a result of reducing the support interval overwhich the next connection is randomly drawn. The method of interval reduction guides theselection of the connection starting slots so that a cell loss occurs while reducing the supportover which the next connection starting-slot can be randomly drawn. For each v, the pdff�v(v) changes conditionally as each connection starting-slot is randomly drawn.5.3 Improvement In Simulation E�ciency Using ISThe improvement in simulation e�ciency for the cell loss probability of the combined tra�cstream, Rnet, that results from using IS describes the factor by which the variance of an ISestimator is reduced when compared to the variance of the conventional MC estimator for a�xed sample size, or, equivalently, how many fewer steady-state periods must be simulatedto obtain a given accuracy. The value of Rnet is found analytically by taking the ratio of thevariances �2 �P̂CL� and �2 �P̂ �CL� from (15) and (24), respectively.Rnet = �2 �P̂CL��2 �P̂ �CL� = 1NMC �PLmaxi=1 i2 (pi � p2i )�PLmaxi=1 i2�pV PjVCL(i)jk=1 wi(v(k))�p2iND(i) � (32)



E�cient Simulation of Cell Loss Probability..., Freebersyser and Townsend 17i = 1 /* Initialize cell loss target */while (i � Lmax) fwhile ( lost count[i] < maximum lost count ) f< Compute c�r [i] values using c�r >< If c�r [i] < 0, then c�r [i] = c�r+1[i] >delay [1] = 0 /* Fix �rst connection starting slot at the beginning of a period */j = 2 /* Initialize connection counter */while (j � NC (VBR)� NC0 + 1) fdelay [j] = int (rand [0; TVBR) ) /* Choose connection starting slot over [0; TVBR) */j = j + 1 /* Increment connection counter */g< Create `valid' intervals around each connection >while ( ( a `natural' cell loss can still occur ) and (j � NC (VBR) ) ) fdelay [j] = int (rand [0; TVBR) ) /* Choose connection starting slot over [0; TVBR) */if (delay [j] is within an existing interval ) f< If possible, reduce the size of the existing intervals >gelse f< Create `valid' intervals around connection j >gj = j + 1 /* Increment connection counter */gwhile (j � NC (VBR) ) f< Compute vT , the number of valid slots >delay [j] = int (rand [0; vT ) ) /* Choose connection starting slot over [0; vT ) */< Map delay [j] into int ([0; TVBR) ) >< Retain only those intervals which contain delay [j] >< If possible, reduce the size of the remaining intervals >j = j + 1 /* Increment connection counter */gfor (k = 0; k < NC (CBR); k ++) fdelay [j] = int (rand [0; TCBR) ) /* Choose connection starting slot over [0; TCBR) */j = j + 1 /* Increment connection counter */g< Run network simulation >gwhile (lost count[i] � minimum lost count) f< Collect statistics >i = i+ 1 /* Increment cell loss target */gg< Compute P̂CL, P̂ (l)CL, P̂ (lP )CL , R̂net, and con�dence intervals >Figure 4: Pseudo-code describing the method of interval reduction for tra�c sources de-scribed by heterogeneous connection tra�c descriptors.



E�cient Simulation of Cell Loss Probability..., Freebersyser and Townsend 18Connection �̂, Mbps ��, Mbps B̂, cells T, a.s.CBR-1 10 10 1 1VBR-1 50 5 25 250VBR-2 500 2 50 12,500Table 2: Connection tra�c descriptors for the experimental examples (a.s. = arrival slots).We see from (32) that the simulation e�ciency is improved when �2 �P̂ �CL� < �2 �P̂CL� whichresults when wi(v(k)) < 1. Using the method of interval reduction, we are guaranteed thatwi(v(k)) � 1. In fact, when wi(v(k)) = 1, Rnet = 1 for an equal number of draws as expected.The method for estimating the improvement R̂net uses the estimate of the variance ofthe estimate, �̂2IS �P̂ �CL� from (17), and the total number of random draws, NIS, used in theimportance sampling experiment. The number of random draws required to obtain a givenaccuracy using conventional Monte Carlo simulation is closely approximated byNMC = PLmaxi=1 � i�nCA �2 pi (1� pi)�2 �P̂CL� (33)By substituting �̂2IS �P̂ �CL� for �2 �P̂CL� and p̂�i for pi, the estimated improvement R̂net is thenclosely approximated by R̂net = NMCNIS = PLmaxi=1 � i�nCA �2 p̂�i (1 � p̂�i )�̂2IS �P̂ �CL�NIS (34)In using IS, the pdf must be modi�ed to increase the e�ciency of the simulation associatedwith a particular estimator, in this case the cell loss probability of the combined tra�cstream. However, the simulation e�ciency for the estimates of the cell loss probabilityfor the individual classes with random bu�er �lling and priority bu�er �lling will also beimproved, although we are not able to quantify this improvement exactly.6 Experimental ExamplesWe considered the experimental examples with the connection tra�c descriptors shown inTable 2 in the combinations shown in Table 3. We selected the peak cell rate of the CBRclass to be comparable to that required by video tra�c. The peak cell rate of the dominant



E�cient Simulation of Cell Loss Probability..., Freebersyser and Townsend 19System �̂, Mbps K, c. TSP , a.s. �, c./a.s. NC0 VBR-2 c0, a.s. c1, a.s. c2, a.s. Lmax �NC0�, c.CBR-1 vs. VBR-2 120 100 12,500 0.24 5 159 184 217 40VBR-1 vs. VBR-2 120 200 12,500 0.24 5 159 264 369 45Table 3: Switch parameters and derived simulation parameters for the experimental examples(a.s. = arrival slots, c. = cells).
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E�cient Simulation of Cell Loss Probability..., Freebersyser and Townsend 21accordingly. However, the cell loss probabilities of the individual classes continue to increasemonotonically. In contrast to the performance curves in [15] which are concave down, theperformance curves here are concave up in the CBR/VBR case and nearly linear in theVBR/VBR case, at least until the point is approached where cell losses are guaranteed tooccur. This di�erence in shape is a result of the CBR-1 and VBR-1 classes being less burstythan the VBR-2 class. The di�erence in burstiness for the CBR/VBR case results in thecell loss probability of the CBR-1 tra�c in Figure 5 being one or two orders of magnitudebelow the cell loss probability of the VBR-2 tra�c. In the VBR/VBR case in Figure 6, thecell loss probability of the VBR-1 tra�c is roughly one order of magnitude below the cellloss probability of the VBR-2 tra�c. For both the CBR/VBR and VBR/VBR cases, thereis little di�erence in the cell loss probability between the random bu�er �lling scheme andthe priority bu�er �lling scheme.A `gap' between the points found by simulation using IS and the points found by con-ventional MC simulation can occur because of the restrictions on the number of connectionsthat can be simulated using IS (See Section 5.2). For most cases, this gap can be bridgedusing cubic spline interpolation, since we expect a smooth curve in the gap region.For the experimental examples, the con�dence intervals for the estimates of PCL areobtained by running a total of NIS steady-state periods shown in Table 4 and applying themethod from [16] given in (18). In Table 4, we give the estimates and con�dence intervalsof the cell loss probability of the combined tra�c stream and the individual classes, withrandom bu�er �lling and priority bu�er �lling, for the NC0 and NC0 + 1 points. The lowercon�dence interval of the CBR-1 estimates is zero, which is a result of using the upper boundfor the estimate of the variance in (28). The estimate of the improvement in e�ciency overconventional MC simulation obtained by simulation using IS, R̂net, for the experimentalexamples is also shown in Table 4, along with the simulation time required for ND = 100steady-state periods using MC simulation for NC0 connections on a DECStation 5000/25.The improvement that we observed in the simulation using IS is inversely proportional tothe estimate, �nCL. The use of importance sampling added less than 0.1% overhead to thee�ort required for conventional Monte Carlo simulation.



E�cient Simulation of Cell Loss Probability..., Freebersyser and Townsend 22System NC NIS �nCL P̂CL 95% CI R̂net tND=100 (NC), secs.VBR-2 5 9,434 250 4:28� 10�9 (3:49� 10�9; 5:08� 10�5) 2:1� 106 61.12CBR-1/VBR-2 1/5 6,739 250/250 3:44� 10�9 (2:51� 10�9; 4:39� 10�5) 8:7� 105 66.63CBR-1 1:42� 10�10 (0; 2:02� 10�9)VBR-2 6:76� 10�9 (4:88� 10�9; 8:63� 10�9)CBR-1 P 1:17� 10�10 (0; 1:99� 10�9)VBR-2 P 6:73� 10�9 (4:86� 10�9; 8:61� 10�9)VBR-1/VBR-2 1/5 412,448 125/250 2:32� 10�10 (5:62� 10�11; 4:07� 10�10) 1:8� 105 65.98VBR-1 5:63� 10�11 (0:0;5:83� 10�10)VBR-2 3:13� 10�11 (4:99� 10�11; 5:76� 10�10)VBR-1 P 4:38� 10�11 (0:0;5:70� 10�10)VBR-2 P 3:07� 10�11 (4:37� 10�11; 5:70� 10�10)Table 4: Estimates of the cell loss probability, con�dence intervals and the estimate of theimprovement factor obtained by simulation using IS, and the simulation time required forNR = 100 steady-state periods using MC simulation on a DECStation 5000/25 for theexperimental examples.7 ConclusionIn contrast to previous system models which used stochastic models to describe the tra�centering the network, we have utilized a system model with a tra�c source derived from theATM Forum standardized connection tra�c descriptors which are also used by the connec-tion admission control algorithms. This system model takes advantage of the deterministicbehavior that occurs after the connections starting-slot vector has been randomly drawn tospeed-up the simulation without the use of IS. In this paper, we examined tra�c sourcesdescribed by heterogeneous connection tra�c descriptors in order to analyze CBR sourcesversus VBR sources, as well as di�erent classes of VBR sources. We used Monte Carlo sim-ulation to estimate the cell loss probability of the combined tra�c stream, as well as theindividual classes using both random bu�er �lling and priority bu�er �lling schemes, andpresented how an adaptation of the method of interval reduction can be used to apply IS.For the experimental examples considered here, the improvement in simulation e�ciencycompared to conventional Monte Carlo simulation is inversely proportional to the estimate.Utilizing the tra�c source derived from the standardized connection tra�c descriptors alongwith the multinomial formulation and an adaptation of the method of interval reductionresults in e�cient simulation suitable to the design and testing of the switches and CACalgorithms planned for use in ATM networks.
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