








































































































































































































































































































2.4. PRIMITWE CLASSIFIER OPERATION 123 

on and off periods. Define such source as PTc ( z, y) = 'P oo (Q ( z), 0, g (y)). The 

classification of a PT G (5, 5) source is shown in Figure 2.28, and its correspond­

ing classification histogram in Figure 2.29. As can be seen from the classification 

output, there are some very interesting features, but as the histogram shows. the 

excursions into CBR-RC classifications do not have a high probability mass. In 

this case, only 63% of the classifications are PT, whereas CBR and DG classifica­

tions occur 11% and 16% of the time, respectively. The mistakes occurred 5.7% 
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Figure 2.28: Source: PTc (5, 5). Classification Results using the 10-35-35-9 
Neural Network based Primitive Classifier 
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of the time. In addition, the excursion into the CBR-RC primitives is not as far 

as in the case of Figure 2.26. Thus, while the classification of this source as PT is 

not as accurate as with the PTu ( 5, 5} source, one could make the argument that 

a PTa (5, 5) has moved away somewhat from a true packet train source. Hence, 

perhaps it should not be classified as on-off in the first place. While plots for the 

larger traffic window size classifiers are not given, the preceding discussions help 

to develop some intuition. If the burst and silence lengths of a source are small 
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Figure 2.29: Source: PTa (5, 5). Histogram of Classification Results using 
the 10-35-35-9 Neural Network based Primitive Classifier 
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relative to the window size, then the larger sized windows do classify the source 

better, since they observe more of the stream and thus have a higher chance to 

make a more "accurate" classification. In particular, the DG and CBR classifica­

tions are eliminated, but fewer PT classifications are also made. Hence, the larger 

window size allows more of the stream to be observed, and also allows more diverse 

traffic characterization. However, if the relative burst and silence lengths are large, 

then the traffic window does not contain enough characteristics for a good classi­

fication to take place. Test results ( not included here) indicate that the window 

size should be on the same order as the sum of the mean burst and mean silence 

lengths expected. 

The PTG (5, 5) source resembles a PT stream much less than the PTu (5, 5} 

source. In the following section, a source type which does not resemble a packet 

train at all is presented to the primitive classifier. 

2.4.2 Geometric Traffic Sources 

This section shows the results of classifying two geometric sources, with fairly dif­

ferent mean arrival rates, in order to show that a high arrival rate geometric source 

appears to be behave as a PT source, whereas a low arrival rate geometric source 

appears more like a DG source. This could be of appeal to an analyst who must deal 

with PT sources, but wishes to apply the simplifying assumptions of a memoryless 

distribution. As defined in Section 1.6.6.4, define two geometric sources, one with 

mean interarrival time of two cells, (J (0.5), and the other with mean interarrival 

time of five cells, Q (0.2). In Figures 2.30 and 2.31, the classification output of the 
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Figure 2.30: Source: g (0.5). Classification Results using the 10-35-35-9 
Neural Network based Primitive Classifier 
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high rate geometric source is shown, along with the classification histogram. As 

can be seen, a geometric source of this rate appears to resemble a PT source and, 

in fact, about 30% of the time the classifier does make that judgement. On the 

other hand, Figures 2.32 and 2.33 show that the low rate source does not resemble 

a PT source at all, since almost half of the time it appears as a D G source. Of 

course, since the mean interarrival time is five cells, its "silence" period is starting 

to approach the size of the traffic window, as discussed previously, the classifier 
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Figure 2.31: Source: g {0.5). Histogram of Classification Results using the 
10-35-35-9 Neural Network based Primitive Classifier 
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may not be able to observe enough of the cell stream to make a good classification. 

The result of this section is that while the primitive classifier, as designed, is 

poorly suited for classifying memoryless sources, such as geometric, it may be useful 

to distinguish between two types of the same source, as will be discussed in Chapter 

3. 
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Figure 2.32: Source: g (0.2). Classification Results using the 10-35-35-9 
Neural Network based Primitive Classifier 

2.4.3 MMBP Traffic Sources 

As a last example of traffic classification, Figures 2.34 and 2.35 show the results of 

classifying an MMBP traffic source, with rate transition matrix 

[
o. 7 o.3] , 

0.5 0.5 
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Figure 2.33: Source: g (0.2). Histogram of Classification Results using the 
10-35-35-9 Neural Network based Primitive Classifier 

and arrival rate vector 

[
0.9 l 

0.01 
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As expected, the figures show that while this source has some properties of the 

geometric source, it behaves more like a PT source than the geometric does. About 

50% of the classifications are PT, compared with the 30% of the high rate geometric. 
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Figure 2.34: Source: MMBP. Classification Results using the 10-35-35-9 
Neural Network based Primitive Classifier 

This concludes the discussion of the operation of the traffic classifier on proba­

bilistic streams. It is shown that for sources that somewhat resemble a PT source. 

the classifier operates very well. However, for memoryless and other sources, it does 

not. Since the underlying assumption of the shaper is to observe a PT stream, this 

is not surprising. It is d.iflicult to classify a stream as PT if it does not have any 

characteristics of a PT stream. Nonetheless, the next chapter introduces a few ideas 
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Figure 2.35: Source: MMBP. Histogram of Classification Results using the 
10-35-35-9 Neural Network based Primitive Classifier 
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that can use the output of the traffic shaper to attempt to classify these streams. 



, 



Chapter 3 

Traffic Classifier Applications 

This chapter introduces two novel applications of traffic classification: Traffic Prim­

itive Histogram Identification (TPHI) and Stream Transition Tracking (STT}. Both 

of these stem from the observations made in Sections 2.3 and 2.4. TPfil is a methud 

by which traffic classifications are made, and stored in a histogram. In this way~ a 

source can be characterized, not by its cell statistics, but rather by its traffic prim­

itive statistics. The idea is that if the neural network of the primitive classifier is 

trained properly, then it is able to discern patterns in a traffic stream that would not 

be readily apparent to a more conventional method, or simply casual observation. 

Hence, allowing the neural network to detect features, which may correspond to 

high-order statistics which are difficult to calculate, and then keeping a histogram 

of these features allows the characterization of unknown sources. As mentioned in 

Sections 1.3 and 1.4, this is one of the key motivations in ATM networks. The 

TPID method is described in Section 3.1. 

In Section 3.2, the STT method is introduced. This is a direct result of training 

133 
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the neural network to recognize CBR-RC primitives. This method observes a cell 

stream and awaits changes that may occur. Depending on the type of change and 

its duration, certain actions can he taken. 

Both of these applications of traffic classification provide information about 

traffic streams. As such, they can be of use to the elements of the UNI, namely 

CAC, UPC and traffic shaping. 
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3.1 Traffic Primitive Histogram Identification 

There are two methods in which the TPHI scheme can operate: off-line and on­

line. Each has advantages and disadvantages. First, since both methods function 

in much the same way, the concept of traffic primitive histograms is introduced. 

Histograms of traffic primitives have already been presented in Section 2.4. The 

reader is encouraged to refer to the figures of that section, however, Figure 2.31 

is reproduced here as Figure 3.1. Recall that Figure 3.1 shows the histogram of 

0.35 

0.3 

0.25 

;;;;,.. 
0.2 -·--·-.J::J 

:s 
0 0.15 ... c.. 

0.1 

0.05 

0 
0 5 10 15 20 25 30 35 

Primitive Classifier Output 

Figure 3.1: Source: g (0.5). Histogram of Classification Results using the 
10-35-35-9 Neural Network based Primitive Classifier 
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primitive classifications of a source with interarrival times geometrically distributed, 

with mean 2 cells. In the last chapter, PT sources and sources which behave like 

packet trains are identified directly by the shaper. However, other sources like 

g {0.5) which are not encompassed in the traffic primitives require either additional 

classification, as mentioned in Section 2.1.6, or a method such as TPID to help 

identify them. 

Thus, with the ability to obtain traffic primitive histograms, this method is quite 

simple. As traffic classification is performed on a given cell stream, a histogram of 

these observations is kept. Then, from time to time, this histogram is compared 

with a "'library" of histograms that the network provider must develop. This li­

brary is built up from previously known sources, whose characteristics have been 

identified. For example, an MMBP source is well known. However, to characterize 

an unknown MMBP source is not trivial. Worse still is attempting to identify that 

the source is MMBP to begin with. However, with TPfil this problem is simplified. 

Two methods that can be used to decide whether the primitive histogram of 

a source in question matches one of the known sources in the library is to use a 

sectioning method, or a co1Telation method. Referring to Figure 3.1, it can be seen 

that the distribution of CBR-RC primitives observed takes on a definite periodic 

pattern. This can be observed in all the histograms of Section 2.4, and is most likely 

due to the priority assigned to individual traffic primitives as the training vectors 

are generated, as discussed in Section 2.2.1. Unfortunately, a direct relationship 

has proven to be elusive. Nevertheless, if each of these groupings of primitives is 

considered to be in a given section, then a simple method is to compare the total 
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probability in each section of an unknown source to the corresponding section of 

a known source. ff the values agree within some threshold, then the sources are 

considered to be of the same class or type. 

The correlation method entails simply multiplying the probability mass of each 

traffic primitive histogram observation of a known source with that of the source in 

question, and then summing these products to produce a measure. This measure 

is then compared to a benchmark measure obtained by performing the correlation 

of the library histogram with itself. If the correlation measure obtained is within 

some threshold value of the benchmark measure. then the source in qut::stiuu i~ 

considered to be of the same type as the library source. 

This method can he performed both off-line and on-line. In the off-line method, 

users or the network provider can run trials on new or poorly characterized sources, 

and compare the results with the library histograms. In this way, new sources can be 

identified, and the library of known source histograms can expand. The drawback, 

of course, is that a user may still violate a Traffic Contract even though source 

identification has taken place. 

In the on-line method, traffic streams are continuously or periodically charac­

terized, to ensure that they are still within the same traffic class. This has the 

ad vantage of providing timely and up-to-date information to the UNI, however at 

the cost of increased complexity. Since the primitive classification utilizes neural 

networks, at least the updating of the traffic primitive histogram can be considerecl 

to he negligible. It is the histogram comparison with library histograms at which 

a bottleneck can form. 
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At this point it should be noted that work has already been performed on 

another histogram-based method [SSD93). This scheme proposes a model for video 

traffic which is independent of video type and coding. A bit rate histogram is 

built, conditioned upon which video source in a given set is present at an ATM 

node. The assumption is also made that during any given frame of a video source. 

the cell arrival process is approximately Poisson. The main thrust of this paper 

is to use these histograms to model video traffic, which is then used to predict 

buffer occupancy and system performance at the ATM node. In addition, the 

video traffic studied is an aggregate of individual video sources. These two facts 

make comparison of the results given in the paper and the TPm method difficult. 

In addition, the goals of the cited work and TPHI differ in that the TPHI method 

is applicable to, ideally, all traffic sources, not just video sources. Nevertheless, it 

may be possible to improve on the results of this work if, instead of employing the 

histogram method cited, the TPID method based on traffic primitives is used. This 

could allow much of the node performance analysis to be applied to more general 

traffic sources. 

As a final note, since the Traffic Primitive Histogram. Identification method 

can be used to characterize sources, it can be used by every element of the UNI, 

including shaping. In fact, one of the shaping methods proposed in Chapter 4 relies 

on the fact that the source type is known and characterized. The next application 

of primitive classification does not characterize sources per se, instead it is more 

useful in monitoring their actions, and thus can be employed by UPC. 
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3.2 Stream Transition Tracking 

From the discussion of the design of the traffic primitives in Section 2.1.3, especially 

the CBR-RC primitives, and from their properties ~ shown in the validation of the 

CBR and CBR-RC primitives of Sections 2.3.1 and 2.3.2, it can be seen that they 

are well suited for observing when a cell stream changes its character. For example~ 

in Section 2.3.1, when a CBR source starts transmission after an initial thirty slots. 

it could be considered that the source changed its characteristics from an icile suurce. 

DG, to a CBR source. 

As described, a sequence of classifications, usually CBR-RC, are emitted by the 

primitive classifier during the transition period. The idea of the STT is to monitor 

the classification sequence of a cell stream, and if a particular pattern is observed, 

then take some action. For example, Table 3.1 contains an example of the primitive 

sequence that occurs when a CBR source changes its rate from ~ to ~' which in 

general would have a detrimental effect on other users, and hence source policing 

should be performed. Of course, more complicated transitions can be allowed, such 

as the transition from a CBR to PT source, or the transition that occurs when an 

MMBP source transmits above its average rate. 

However, due to the number of incorrect classifications observed in Sections 2.3 

and 2.4, the STT requires some hysteresis to avoid making incorrect decisions as 

to whether a transition has occurred. Unfortunately, the specification of this can 

only be accomplished through the experience gained in operating the system. 

One may wonder if a transition sequence is unique. Due to the way in which 

the training vectors are designed, after some thought the reader should rest assured 
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Table 3.1: CBR-RC Primitives Produced by a Rate Change from f to~ by 
a CBR Source 

II Slot Number f Primitive Classification IJ 

1 CBR 
2 CBR 
3 CBR 
4 RC£ ➔ £ 4 2 

5 RC£ ➔ £ 
" 2 

6 RC£ ➔ £ 
" 2 

7 RC¥ ➔ ~ 
8 RC j- ➔ ~ 
9 RC£ ➔ £ 3 '! 

10 CBR 

that the transition sequences are in fact unique. If they were not, then a one to 

many neural network training vector mapping would exist. However, the training 

vectors are designed so that this cannot happen, and thus all transitions are unique. 

Hence, the STT method could be employed by a smart policer to determine 

that a change has occurred in the traffic stream, and what that change implies. 

For example, if the source increases its rate by a small fraction, these cells can be 

tagged. However, if the rate increase is substantial, then these cells can be dropped. 

This concludes this short chapter on the applications of traffic shaping. The 

next chapter introduces two shapers in detail, the Minimi~ed Variance shaper which 

utilizes source characteristics in order to improve shaping, and the Burst-oriented 

shaper, which has the ability to unshape the shaped traffic stream at the destination 

UNI. 



Chapter 4 

Traffic Shaping 

This chapter presents two shaping algorithms. As discussed in Section 1.3, Call 

Admission Control and Usage Parameter Control which occur at the User-Network 

Interface can be simplified if traffic shaping is perform.ec!. In addition, it is expected 

that network efficiency will increase, since cell scheduling at the multiplexer of ATM 

switches in the network can also be simplified. 

First, the Variance Minimized shaper (MVS) is introduced in Section 4.1. This 

shaper attempts to minimize the interdeparture time variance of cells exiting the 

shaper, in an attempt to approximate the Ideal Shaper discussed in Section 1.3.2. 

If the interdeparture time variance is reduced to zero, then ideal shaping results. 

The approach taken to achieve this goal is to use knowledge specific to a given 

source. Therefore, the source type or traffic class must be known before shaping 

can proceed. Fortunately, Chapter 2 presented a method to accomplish this. The 

MVS could be thought of as another application of traffic classification and included 

with those presented in Chapter 3, however the importance of traffic shaping in 
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ATM networks warrants this special attention and hence this chapter. After the 

continuous and discrete time MVS models are presented in Sections 4.Ll and 4.1.2~ 

some results of shaping a few traffic classes are presented and discussed in Section 

4.1.3. Aspects of this work are reported in [LM94]. 

Second, the Burst-oriented shaper (BOS) is introduced in Section 4.2. Like 

the MVS, and as mentioned in Section 1.4, the goal of the BOS is to reduce the 

interdeparture time variance of cells leaving the shaper to zero. Unlike the MVS, the 

BOS does not require knowledge of the traffic type. In this way, it is similar to some 

of the shapers in the literature, cited in Section 1.2.3.3. However, the novel approach 

used here stems from the insights gained in the development of traffic classification 

of Chapter 2 which lead to the contribution of this shaper, the concept of Ideal 

Unshaping, as discussed in Section 1.3.2. In addition to attempting to generate 

a deterministic traffic stream at its output, the BOS also provides information 

embedded in the shaped cell stream to an unshaper at the destination UNI, as 

depicted in Figure 1.3. In this way, a stream with the exact same characteristics is 

presented to the end user as the one which entered the source UNI. This can be very 

important to certain sources which are sensitive to delays within their cell stream 

caused by either shaping or network congestion. This information could also be of 

value to intermediate network nodes, since it characterizes the traffic stream. The 

BOS model is presented in Section 4.2.1, and the shaping and unshaping algorithms 

in Sections 4.2.2 and 4.2.3, respectfully. Finally, the results of shaping a few traffic 

types are provided in Section 4.2.5. 

It should be reiterated at this point that unlike most shapers in the literature~ 
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the two to be discussed attempt to create deterministic traffic streams from prob­

abilistic streams. This, as mentioned, is beneficial at the UNI. In addition, if all 

traffic streams flowing through an ATM network were deterministic, deterministic 

scheduling and multiplexing at the switches would result, and so congestion would 

be avoided. It is acknowledged, however, that due to delay and other constraints. 

that some sources cannot be shaped. 
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4.1 Minimized Variance Shaper 

The proposed cell-space shaper is modeled M a FIF01 queue and server. The 

service time is dependent on the cell interarrival. times of the arrival process of 

a given traffic stream, and on whether the shaper system is empty upon a cell 

arrival. The service time is optimized, assuming the shaper is empty, so that the 

interdeparture time variance of cells leaving the shaper is minimized. In order to 

limit the size of the shaper queue, a heuristic is included in the optimization. 

The shaping algorithms of (Bro92, Cha91] are somewhat similar to that pre­

sented here; however, in this work it is assumed that the shaper has knowledge 

of the type of traffic presented to it, so that the shaping can be tailored to the 

characteristics of a particular cell stream. This information can be obtained via the 

traffic classification method of Chapter 2. Note that while the MVS is presented in 

the context of ATM networks, it is applicable to any packet switching network. 

In order to shape sources where the cell arrival process is known and is analyt­

ically tractable, a continuous time shaper model is discussed in Section 4.1.1. On 

the other hand, for cases when the cell arrival process is intractable, or only a cell 

interarrival histogram is available, a discrete time version of the shaper model is 

cliscussed in Section 4.1.2. To complete the study of the MYS, some examples of 

its operation appear in Section 4.1.3. 

1 First in, first out. 



4.1. MINIMIZED VARIANCE SHAPER 145 

4.1.1 Continuous Time Shaper Model 

Consider a cell-space shaping device that delays a cell if its interarrival time, 2 

Ii E 1R+, is below a certain threshold, and allows the cell to pass if its interarrival 

time is above the threshold; call this threshold the shaping parameter K. Also. 

denote the interdeparture time3 of a cell leaving the shaper as Di. The problem is 

how to choose K such that the cell interdepartu.re time variance of a given traffic 

stream is minimized. 

The shaper can be represented as a queue and server, as shown in Figure 4.1. 

From the figure, it can be seen that Di = Ii + 1) (I;), where V (I.) represents the 

"service time" or delay as a cell passes through the shaper. In general, the traffic 

shaper implements the delay function 

(4.1) 

if Ii> K, 

where K is yet to be determined. Ideally, if a cell is delayed no further arrivals occur 

until that cell has left the server; in other words, no queueing talces place. But very 

few, if any, sources behave in this manner. Due to the fact that this service time is 

dependent on the cell interarrival time, methods utilizing embedded Markov chains 

cannot be applied [Kle75, Wol89J. Based on the short term arrival characteristics 

of the cell traffic, the shaping can be either "soft" or "hard," as described below. 

2The cell interarrival time is defined as the amount of time that has elapsed between the arrival 
time to the shaper of the cell in question and that of the previous cell arrival. 

3The cell interdeparture time is analogous to the cell interarrival time, except cells are leaving 
the shaper instead of arriving. 
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Figure 4.1: Continuous Time Shaper Model 

If cell interarrival ti.mes are large relative to the shaping parameter, that is 

Ii » K, little or no shaping takes place. In this case, the shaping can be described 

as being soft, that is the probability that the shaper delays a cell is low. In this 

case, V (Ii) = 0 'v ·i. At the other extreme, if cell interarrival times are small 

relative to the shaping parameter, that is Ii << K, hard shaping is said to take 

place. The probability that the shaper delays a cell is high, since K "'encompasses r. 

most interarrival times. In this case, 'D (Ii) = K Vi. This, unfortunately, implies 

an infinite shaper queue if cell arrivals occur while previously arrived cells are being 

delayed. 

Hence, 'D (Ii) can be thought of as an "asymptotic" value of delay as the shaper 

changes its characteristics between soft shaping and hard shaping. As shaping 

becomes soft, the "trivial" solution for the shaping parameter results in 1) (Ii) = 0, 

in which case shaping no longer occurs. The interdeparture time variance is the 

same as the interarrival time variance, with no queueing at the shaper. As the 

shaping becomes hard, the trivial solution is V (Ii) = oo. This has the effect of 

reducing the interdeparture time variance to zero, but it requires an infinite length 

queue. 
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4.1.1.1 The Continuous Time MVS Algorithm 

In order to bring these two conflicting solutions together, a compromise must be 

made between hard and soft shaping. Thus, if the shaper is empty, cells are delayed 

an amount of time equal to TJ (Ii) given in Equation ( 4.1). If a cell arrives at the 

shaper to find another cell being delayed, or cells queued, it is enqueued and its 

delay set to V (Ii) = K. The delay function now becomes 

if the shaper is empty, 
(4.2) 

K if the shaper is non-empty. 

As a result, when cells arrive with intervening gaps the shaper operates in the soft 

mode, attempting to make Di = K, and when cells arrive in bunches the shaper 

operates in the hard mode with Di = K. The underlying assumption is that cells 

which arrive during hard shaping are "spread" into areas of the cell stream which 

wo-uld have been shaped in the soft shaping mode. This may cause an increase in 

queue length, and so the reason for the compromise: it is necessary to develop a 

strategy to bound the queue growth. One such strategy is to introduce a heuristic 

to allow the user to specify a maximum allowable increase in mean interdeparture 

time. All that remains is to determine the value of K. 

4.1.1.2 Determination of K 

Consider a user traffic stream which can be characterized by a cell interarrival time 

process with probability density function (pelf) i ( t) and cumulative distribution 
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function (CDF)4 I (t). After passing through the shaper, the cell interdeparture 

time variance VD, is given by 

Vni = E [(Di - E [D.])2] 

= E [n:] -E[Di}2 

= rK K2i (t) dt + f
00 

t2i (t) dt - [1K Ki (t) dt + 1
00 

ti (t) dt] 
2 

lo JK o Ix (4.3) 

= K 2Pr{I ~ K} + l"° t2i(t) dt- [ KPr {I~ K} + l"° ti (t) dt] ,2 

assuming that cells always find the shaper empty; in other words, soft shaping mode. 

in which no queueing takes place. The implicit error of this assumption has to do 

with the J; ti ( t) dt and J; t2i ( t) dt terms in Equation ( 4.3). These terms deal 

with the interarrival times of cells such that Ii > K, but the shaper is operating in 

soft mode instead of hard mode, by the above assumption. Since some of these cells 

encounter a non-empty shaper queue, they are, in effect, hard shaped. Thus, these 

terms in Equation ( 4.3) are too large and the terms foK K 2i ( t) dt and J: Ki ( t) dt 

are too small. Hence, this expression for the interdeparture time variance from the 

shaper is an upper bound. 

Now consider an optimization problem wherein the cell interdeparture time 

variance Vn; of the stream leaving the shaper is to be miuiroiied, subject to the 

constraint that the mean interdeparture time, Di, is to be less than some multiple 

4 For definitions of the pelf and CDF, refer to (Pap84]. 
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; of the cell mean interarrival time,½- The optimization problem can be stated as 

- 1 such that D· < ,..,_ 
• - I A' (4.4) 

The solution of this problem is dependent upon the characterization of the traffic 

stream. In the following section, this is performed for a Poisson source. and for a 

on-off source in Section 4.1.1.4. 

4.1.1.3 Minimization of Vni for a Poisson Source 

If the traffic source is Poisson, then cell interarrival times are exponentially dis­

tributed with 

(pdf) 

(CDF), 

(4.5) 

(4.6) 

for O :5 t $ oo. After shaping, the interdeparture time variance VDi is given by 

the following equation, which is obtained by substituting Equations ( 4.5) ancl ( 4.6) 

into Equation ( 4.3), 

VD,= K2Pr{l < K} + L"" t2
).[~'dt- [KPr{l < K} + 1: ue-~'dtr 

2K 2 = K 2 (1-e-K) + K 2e->J{ + -e->.JC + -e->.JC 
.X ~2 

- [ K (1-e-K) + Ke->.K + : e->.K r (4.7) 
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In order to allow the specification of a maximum tolerable delay added by shaping, 

the mean interdeparture time Di of cells leaving the shaper can be bounded by, say 

,½, where 

D, = 1K Ki(t) dt + L"° ti (t) dt 

= KPr{l. ~ K} + L"" ti(t) dt 

1 -}J{ = K + Ie . 

(4.8) 

Therefore the problem of Equation (4.4) can be set up as a constraint optimization 

with objective function 

(4.9) 

where µ is an arbitrary Lagrangian multiplier. Taking the first order partial deriva­

tives gives 

Setting Equation (4.10) to zero yields 

( 4.10) 

( 4.11) 

(4.12) 
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which is the solution for the shaping parameter K. Bear in mind that Equation 

(4.12) requires a numerical solution. Setting Equation (4.11) to zero results in 

µ = fe-.u< and Ki= 0. Observe that the constraint will be active only ifµ > 0. 

which holds true for all K. Hence the constraint is always active and the solution 

of Equation (4.12) minimizes VDi· Notice that at K = oo, µ = 0, so the constraint 

becomes inactive. This solution is in agreement with the intuition developed under 

hard shaping. 

4.1.1.4 Minimization of Vo. for an On-off Source 

The on-off traffic source described here is the same as that presented in [SW86]. It 

can be characterized by5 

i (t) = (1 - all) 5 (t - ~) + all.{3e-.8Ct-ll.) U (t - ~) (pelf) ( 4.13) 

{

o 
I (t) = 

1 - aAe-.B<t-ll.) 

for O < t < l:l. 
(CDF) (4.14) 

for ll ~ t < 00 

where a is the mean length of the geometrically distributed on period, /3 is the mean 

length of the exponentially distributed off period, and /l is the (deterministic) time 

between cell arrivals in the on state. 

After shaping, the interdeparture time variance is given by 

5Note that d (·) represents the impulse function, and U (·) represents the unit step function. 
For definitions, refer to (Pap80]. 
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= LK K2i(t) dt + L"" t2i(t) dt- [LK Ki(t) dt + L"" ti(t) dtr. 

{4.15) 

The lower limit of the integrals is Ll since K < a implies that no shaping takes 

place. Evaluating, 

Vv, = K 2 Pr { I S:: K} + 1: t2 aAe -ll(t-4 1 dt 

and, as well, 

- [ KPr {IS:: K} + l"" taAe-11<•-4 > dtr 

= K' {1- o:Ae-ll(K-4)} + aAe-ll<K-4) { K• + 2: + ;. } 

- [ K {l -aAe-ll(K-4 l} + aAe-ll<K-4 1 { K + ~}] 
2 

ad -/j{K-6) (2 a -/j(K-6)) =-e -a e /3 , 

D, = LK Ki (t) dt + L"" ti (t) dt 

= K Pr { I S:: K} + a:A l"" t/je-11<•-4 1 dt 

= K {l - o:Ae-ll(K-4 )} + aAe-ll(K-4 ) { K + ~} 

= K + ade-a(K-6)_ 
/3 

(4.16) 

(4.17) 

Solving Equation (4.4), as in section 4.1.1.3 by taking derivatives of the objective 
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function, Equation ( 4.9), produces 

Setting Equations ( 4.18) and ( 4.19) to zero yields 

ad fJ(K A) 1 K+-e- - -"'V-=0 /3 I~ ' 
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( 4.18) 

(4.19) 

(4.20) 

which upon numerical solution, gives the optimum value for K. The constraint is 

active for A :5 K < oo. With an on-off source, recognize that ~ = A.:Q~. 
fJ 

4.1.2 Discrete Time Shaper Model 

The discrete time model is analogous to the continuous time model of Section 4. 1. 1. 

However, in this case the pelf of the cell interarrival distribution need not he con­

tinuous nor analytically tractable; in fact, the network provider can require only 

a cell interarrival histogram. This is useful for sources where the arrival distribu­

tions are either difficult to obtain or unknown, such as those anticipated for future 

applications. 

Consider a cell generating process in which cell interarrival time is the random 

variable, IN E IR+, where the subscript N emphasizes the fact that the interarrival 

time can take on only N discrete values. Thus, a given realization of an interarrival 
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time, Ii( N), is taken from the interarrival time set 

(4.21) 

Note that the interarrival times are ordered in increasing value, with I1(N) the 

smallest in value, and IN(N) the largest. If IN (IN) is taken to represent the CDF 

of the random variable IN, and if PN (Ii(N)) represents the probability that the 

interarrival time Ii( N) occurs, then 

PN ([i(N)) = Pr{IN = Ii(N)} 

= Pr {IN~ li(N)} - Pr {IN< Ii_i(N)} (4.22) 

= IN (Ii(N)) -IN Ui-1(N)) • 

Thus the PN (Ii(N)), i = 1, 2, 3, ... , N, specify the probability distribution6 of IN. 

Figures 4.2(a) and 4.2(b) illustrate this. In order to provide a point of comparison 

between the continuous time model of Section 4.1.1 and the discrete time model 

of this section, consider a source with exponential interarrival times, such as that 

of Equations ( 4.5) and ( 4.6). If the CDF of Equation ( 4.6) is partitioned into m 

·'sections," that is discretized as shown in Figure 4.3, this would give rise to m + 1 

interanival times, I1{N), l2(N) ... , Irn+1(N), where Im+1(N) = IN(N). 

The reader should note that most continuous interarrival distributions are de­

fined for all positive times, that is Ii E JR.+. However, from Equation (4.21), this 

6 See [Pap84]. 
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PN(ls(N)) 

PN(l2(N}) 

'PN(li(N)) 

(a) Probability Distribution, PN (ZN), of the Discrete Ran­
dom Variable IN 

• 

••~-o 

PN (It (N)} e--o 

• • • 

• 

_.....,. _ _.,__--4t---.,JIII--.... -- IN 

Ii (N)I:,(N) I,(N) He lN(N) 

(b) Cumulative Distribution Function (CDF), IN (IN) of the Dis­
crete Random Variable IN 

Figure 4.2: Probability Distribution and Cumulative Distribution Function 
(CDF) for the lnterarrival Time Random Variable IN. 
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PN (IN(N~; r-_______ . _______ . ___ . _ ... _ ... _ __ _ _ _ _ 

1 
E!=l PN (I;(N)) 

l;(N) 

Figure 4.3: A Discretized Exponential CDF 

discrete interarrival time distribution has a clearly defined maximum value, namely 

IN(N). Thus, in order to more accurately compare the results of the discrete model 

and continuous model shapers, the continuous exponential source needs to be "trun­

cated" at a suitable value. For example, if { is defined to be the truncation factor in 

terms of probability, then the maximum value of a truncated CDF is lN(N), that is 

Pr {IN ::; IN( N)} = 1 - {. If i ( t) represents the truncated version of the pdf i ( t), 

then in order to keep the total probability in a truncated distribution unity, that is 

J:N(N) i ( t) dt = 1, i ( t) must be scaled. Thus, the truncated versions of Equations 

( 4.5) and ( 4.6) are 

Ae-..\t 
i(t) = --

1-e 
(pdf) (4.23) 
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A 1-e-,\t 

I (t) = 1- { (CDF). ( 4.24) 

The untruncated CDF l(t) and maximum probability of 1-! can be employed to 

obtain an expression for the maximum value of the truncated distribution, 

Pr{t ~ lN(N)} = 1-{ 

and so 

( 4.25) 

Further, assume that the m sections of Figure 4.3 occur with equal probability, 

except for the last section which has { less probability, and so 

{ 

if for i = 1, 2, ... , N - 1, 
PNUi(N)) = 

t -e for i = N, 

(4.26) 

In general, given a truncation factor e, truncated pdf and CDF i ( t) and i ( t), and 

an underlying continuous distribution divided into m sections of equal probability 

PN (Ii(N)) = ! , except for PN UN(N)) = ! - e, then the N = m + I discrete 

interarrival times are given by Ii( N) = IN1 ( E~=l PN ( I;( N))) , i = 1~ 2, ... ~ N -1, 

and IN(N) = z-;,1 (1 - <), where IN1 represents the inverse of i (t). 
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The cell spacing model is almost exactly the same as that for the continuous 

time sources of section 4.1.1, as Figure 4.4 shows. The only difference comes in a 

slight change in notation due to the "sectioning" of the source interarrivals. Hence, 

the discussion of section 4.1.1 applies equally well here. As with the continuous 

time case, treating the shaper as a queue and server, the discrete time equivalent 

of Equation ( 4.2) is given by 

K(N,m) 

if i = 1, 2, ... , m - 1 if the shaper 

if • 1 N is empty, 
1. = m, m + , ... , 

if the shaper 

is non-empty. 

( 4.27) 

In this case, V ( Ii( N)) is the discrete time equivalent of V (Ii), and K ( N, m) is the 

shaping parameter yet to be determined. In addition, be aware that K ( N, m) is 

dependent not only on the total number of sections N, but it will lie within one 

particular section, m, as well. 

Arrivals ----.-► 
Ii(N) 

Buffer 

Figure 4.4: Discrete Time Shaper Model 
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4.1.2.1 Determination of K (N, m) 

With the discrete time source characterized, it can be seen that after the cells pass 

through the shaper, the interdeparture time variance VD.(N,m} is 

m-l N 

VD,(N,m) = LPi(N)K(N,m)2 + LPi(N)li(N)2 

[

m-l N ] 2 

- ttp.(N)K(N,m)+ ~p.(N)I,(N) , (4.28) 

assuming that cells always find the shaper empty, that is a soft shaper. In order to 

conveniently write these equations, define 

and 

Then 

m-l 

a(N,m) 6 LPi(N), 
i=l 
N 

a' (N, m) 6 :E Pi(N), 
i=m 

m-1 

b(N,m) A LPi(N)Ii(N), 

N 

b' (N, m) ~ Lp;(N)l;(N), 
i=m 

N 

c' (N, m) a LPi(N)li(N)2
. 

i==m 

VD.CN,m) = a (N, m) a' (N, m) K (N, m)2 
- 2a (N, m) b(N, m) K (N, m) 

+ c' (N, m) - b' (N, m)2
• ( 4.29) 

Keeping in mind the same optimization problem as in the continuous time case. 
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where the mean interdeparture time Di ( N, m) is bound by ,½, produces 

min {VD,(N,m)} such that 
K(N,m)~o lm-i(N) < K (N, m) < Im(N) 

2 $; m ~ N, 
( 4.30) 

which gives the optimum K (N, m) for a given N, for all m. In addition. it can also 

be shown that 

Di (N, m) = a (N,m) K {N,m) - b(N,m) + b' (N,m). (4.31) 

Forming the Lagrange equation results in 

L = Vn,(N,m) + 1'1 ( D, (N, m) -")' !) + 

µ2 Um-1(N) - K (N, m)) + µ3 (K (N, m) - Im(N)), {4.32) 

where µ. 1 , µ. 2 , µ. 3 are arbitrary Lagrangian multipliers. Talcing the partial deriva­

ti ves results in 

8L --- 1 
aµi = Di (N, m) - 'YA (4.33) 

8L 
-
8 

= lm-i(N) - K(N,m) (4.34) 
µ2 

aaL = K(N,m)-Im-1(N) (4.35) 
P,2 

l)Kf !, m) = 2a(N,m) a' (N,m) -2a(N,m) b' (N,m) 
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(4.36) 

Setting these four equations to zero and evaluating the cases which arise from the 

possible combinations of activity and inactivity of the three constraints results in 

the general solution for K ( N, m) as follows: 

K(N,m) = 

lm-i(N) 

b(N,tn)-b'(N,m)+-r½ 
a(N,m) 

b'(N,m) 
a'(N,rn) 

if a (N, m) (a' (N, m) lm-1(N) - b' (N, m)) > 0, 

if a (N, m) (b' (N, m) - a' (N, m) Im(N)) ~ 0, 

if b' (N m) _ a'(N,m.)(b(N,rn)tt½) > O 
' (l(N,m) - ' (4.37) 

otherwise. 

The conditions must be checked in the order given for the constraints to be satisfied. 

Unlike the continuous time case, this is as far as the derivation can proceed for 

the discrete time model without being given the Pi(N) and li(N). The following 

section presents results of shaping a few example sources. 

4.1.3 Results 

This section gives the results of the Continuous Time MVS {CT-MVS) in some 

detail, since it is analytically tractable. In Section 4.1.3.1, sources that can be 

characterized by the exponential distribution are studied, however some comments 

are made about the on-off source introduced in Section 4.1.1.4 as well. Section 

4.1.3.2 begins by comparing the results of the Discrete Time MVS (DT-MVS) 

operating on a discretized version of an exponential source presented in Section 
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4.1.3.l. Then, the more interesting cases of an MMBP, and PT sources follow. 

A software suite, written in C, is utilized to calculate the optimum value of 

K and K ( N, m). Then, cell arrivals of the appropriate distribution are generated 

ancl the operation of the shaper is simulated. In all the following, ten runs are 

performed in order to obtain confidence intervals. However, in only the worst cases 

are the intervals as large as five percent of the value in question. In addition, the 

intervals do not increase. Hence, for clarity, confidence intervals are not included 

on the graphs that follow. In addition, there are 10, 000 arrivals per simulation run. 

The arrival rates are measured in cells per unit time. Since both MYS algorithms 

are concerned with interarrival time distributions and not actual interarrival times, 

any time scale suffices. Thus, an arrival rate of½ = 1.0 can be interpreted as, on 

average, one cell arrives during a "normalized" unit of time. An example unit could 

be one hundred ATM slots. 

4.1.3.1 Continuous Time MVS 

Figures 4.5-4. 7 show how the shaper can effectively shape sources with exponen­

tially distributed interarrival times. In Figure 4.5, the increase in mean delay is 

constrained to be one percent of the mean interarrival time, that is "Yi = 1.01, since 

½ = 1.0. This does not leave much room in which the shaper can operate~ ancl as 

can be seen, only about 17% of the cell arrivals are shaped to the optimum value of 

the shaping parameter, K = 0.145 (time units). For the case where the mean delay 

is allowed to increase to fifteen percent shown in Figure 4.6, the shaper operates 

much better, with over 45% of the cell arrivals shaped. This means that almost half 

of the time this stream resembles a deterministic stream, with a constant interval 
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0.18 -----------------------

0.16 

0.14 
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0.08 
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Interarrival Time pdf .....­
Interdeparture Time Histogram -

0.5 l 1.5 2 2.5 3 3.5 4 
Normalized Interarrival and lnterdepanure Time 

Figure 4.5: Poisson Source: ½=LO, 7 = 1.01, K = 0.145 
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of K = 0 .602. As can be seen from the figure, approximately 0.1 % of the cell 

interdeparture ti.mes are less that K. These represent cells at the tail end of a long 

interarrival time in the cell stream which arrive at the shaper K time units or less 

after the shaper has become idle. 

When cells are queued in the shaper during one of these long interarrival times, 

they depart spaced equally with interval K. This has the effect of spreading cells 

which arrive in bunches into the long interarrival. times. However, for this small 

percentage, the interarrival time is just long enough so that the queue empties, and 

the shaper becomes idle. The cell arrival "just misses" encountering a non-empty 

shaper by an amount of time less than K. Since a cell that encounters an empty 
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0.50 

0.45 
lnterarrival rune pdf -+-

Interdepartu.re rune Histogram -
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0.05 
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Normalized Interanival and Interdepanure rune 

Figure 4.6: Poisson Source: .A = 1.0, 'Y = 1.15, K = 0.602 

shaper with Ii > K is not shaped, as Equation ( 4.2) dictates, the interdeparture 

time is this value less than K. 

On the other hand, for the approximately 50% of the remaining interarrival 

times, the interarrival time is so long that it is much greater than K. Nonetheless. 

as shown by the interarrival times just to the right of Kin Figure 4.6, since the 

interdeparture time histogram. values are less than the unshaped interarrival time 

pdf values, some of the long interarrival times are shortened by the cell spreading 

mentioned above. In fact, the area between the interarrival time pelf and the 

interdeparture time histogram is a measure of the cell spreading. 

Finally, Figure 4.7 shows the case where the mean delay is allowed to increase 
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by thirty percent. In this case, almost 80% of the stream has an inter-cell spacing 

of K = 0.888, and so perhaps this stream could be called pseudo-determin·ist-ic. 

0.80 
Interarrival Time pdf .....,_ 

0.70 Interdepanure Tune Histogram -

0.60 

>. 0.50 

= :c 0.40 = .0 e 
0.. 

0.30 

0.20 

0.10 

0.00 
0.5 1 1.5 2 2.5 3 3.5 4 

Normalized Interarrival and Interdepanure Time 

Figure 4.7: Poisson Source: .A= LO, 'Y = 1.3, K = 0.888 

Hence, for sufficiently large 7, the shaper behaves as designed, and approximates 

the Ideal Shaper. Additional information is summarized in Table 4.1 for each of 

the three figures. Included is the shaping parameter K calculated, the squared 

coefficient of variation 7 of the unshaped and shaped arrival stream, CV2 and CV~ 

respectively, the decrease in the interdeparture time variance VDi and increase in 

the mean interdeparture time Di of cells leaving the shaper and the overall increase 

in length of the cell stream that passes through the shaper. Also, various sim.u-

;-CV2 (x) = ~- See [Pap84]. 
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lation results pertaining to the shaper queue are tabulated, and ~ stated above, 

all of these entries are over ten simulation runs. The table shows that for higher 

Table 4.1: Summary of Simulation Results for Poisson Source, A = LO 

II 0 bservation I ,., = 1.01 I ,., = 1.1s I , = 1.30 11 
K 0.145 0.602 0.888 
cv:2 0.993 0.993 0.993 
CV5 0.995 0.699 0.291 
Decrease in cv~ (%) 1.940 29.540 70.700 
Decrease in VDi (%) 1.941 29.535 70.696 
Increase in Di(%) 0.000 0.001 0.011 
Increase in Stream Length(%) 0.000 0.001 0.006 
Mean Queuing Time 0.001 0.143 2.435 
Maximum Queuing Time 0.690 7.401 33.753 
Mean Queue Size 0.060 0.653 3.762 
Mean Maximum. Queue Size 3.100 10.500 32.600 
Maximum Queue Size 5.000 13.000 38.000 

values of allowable mean clelay increase, '11, the shaper very effectively reduces 

the interdeparture time variance of the cell stream at an almost negligible cost of 

increase in the mean interdeparture time. In fact, the length of the traffic stream 

hardly increases. This shows that the shaper is acting as planned, in that cells that 

arrive in bunches are spread into areas of the stream that have long interarrival 

times. Hence, for exponential interarrival times, the shaper is very effective. The 

cost does show up, however, in queuing time and queue size. While the cell stream, 

as a whole, does not increase in length, individual cells can be delayed as much as 

34 time units for the case of 7 = 1.30. Nonetheless, for a corresponding shaper 

buffer of maximum size 38 cells, this is not very large. 
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The reader should note that as anticipated in Equation (4.3) of Section 4.1.1.2~ 

the two integral terms mentioned are overestimated, and thus the allowable mean 

delay increase specified by 'Y is overly pessimistic. This is caused by the assumptions 

made when designing the MVS. 

In considering implementation issues, a look-up table of ½, 'Y and their corre­

sponding value of K can be calculated off-line and accessed as the shaper operates. 

This has the added advantage of allowing the network provider some flexibility as 

experience is gained over time as the network (UNI) operates. 

To complete the discussion of exponential interarrival times, refer to Figures 

4.8-4.10. The first shows how the interdeparture time variance VDi decreases with 

~ 
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Figure 4.8: Poisson Source: ,\=LO 
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increasing allowable delay, ,½- The corresponding increase in mean interarrival 

time is also plotted, but is almost zero throughout. As can be seen, for even 

modest increases in allowable delay, VD. can be decreased 3o-40%, which could be 

very beneficial in certain ATM network situations. Figure 4.9 shows the cost of 

this variance reduction in terms of the mean maximum queue length observed at 

35.0 

30.0 
qJ 
N rn ... 25.0 ce 

lo,,. 

= CCI 
e 20.0 e 
-~ 
:E lS.O a 

CL) 

:E 
10.0 

5.0 --------------------_,J 
LOS 1.10 1.15 1.20 1.25 130 

Allowable Increase in Mean Delay 

Figure 4.9: Poisson Source: ,\ = 1.0 

the shaper over the ten simulation runs. Finally, Figure 4.10 plots the decrease 

in VD, versus the mean maximum buffer size, showing that it is an approximately 

linear function. For a unit increase in maximum buffer size, the interdeparture time 

variance is decreased about two and a half percent. 

Moving on to the case of the on-off voice source given by Equations ( 4.13) and 
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Figure 4.10: Poisson Source: ,\=LO, 1 = 1.01-1.30 

( 4.14), refer to Figures 4.11-4.14. The on-off source used corresponds to that in 

[SW86], and so the parameters used are (aA)-1 = 22.0, .6. = 16 ms and 13-1 = 
650 ms. Figure 4.11 shows the interarrival time pelf to consist mainly of an impulse 

of probability at .6., which is the output of a voice burst from the codec discussed in 

the reference. The silence period between the bursts is exponentially distributed, 

hut of such a low probability that it does not show up on the graph. Nonetheless~ 

it represents an area in the cell stream into which the cells can be spread. After 

K = 0.032 ms is calculated, the interdeparture time histogram is as shown in the 

figure. Only a few more percentage points are gained, so the shaped cell stream 

is somewhat more deterministic. While the mean queueing time and maximum 
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Figure 4.11: On-off Source: (al\)-1 = 22.0, Ll = 0.016, 13-1 = 0.65,, ~ 1.3 

queueing time are only 0. 724 ms and 6.924 ms, respectively, the mean queue size 

is 23.347, the mean maximum queue size is 173 and the maxim.nm queue size is 

217. Thus this seemingly minor increase in the deterministic nature of the stream is 

coming at a high cost in queue sizes, and queueing time. In fact, the mean queueing 

time represents about two times the average length of the burst period, a-1 = 
352 ms, and the maximum. queueing time approximately twenty times. Hence, this 

source most likely will not react well to being shaped. Nevertheless, eJrarnining 

Figure 4.12 indicates that the VDi is greatly reduced even for a small increase in 

the allowable mean delay, whereas the Di increases negligibly. This shows that the 

shaper is operating as expected. However, as Figure 4.13 shows, this comes at high 
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cost in buffer size, especially for larger decreases in the variance. Lastly, Figure 

4.14 indicates that the decrease in variance diminishes past 7 = 1.58. This is not 

surprising, since the mean queuing time is 9.41 seconds, which represents many 

multiples of the burst and silence periods. There is no doubt that this would cause 

the voice decoder at the destination to fail in reproducing the analog voice signal. 

Hence, this particular on-off voice source is a good example of those sources which 

are not amenable to shaping. 

This completes the presentation of results for the CT-MVS. Next, results of the 

DT-MVS are presented. Since the DT-MVS shaper sources are nonparametric in 

nature, a complete study as performed for the CT-MVS shaper and the exponential 
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Figure 4.13: On-of£ Source: (ad)-1 = 22.0, d = 0.016, p-1 = 0.65 

and on-off source is not possible. Hence., only a few interesting examples are given, 

since in a simulation study, there are an infinite possibilities to be considered. 

4.1.3.2 Discrete Time MVS 

Before the main DT-MVS source examples are presented and in order to give an 

example of truncating and discretizing a continuous time case, shaping results are 

shown in Figure 4.15 which correspond to the discrete time case of Figure 4.6. As 

with the continuous time case, A = 1.01 the interarrival and the interdeparture times 

are given by a histogram. in Figure 4.15. While the interarrival. time histogram line 

does not resemble the corresponding one in Figure 4.6, rest assured that it is a 
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valid distribution, that is the probability sums to one. The difference arises from 

the fact that in the continuous case, the pelf is plotted as a function, while in the 

discrete case it is plotted as a histogram, and thus the factor of the sampling rate 

must be taken into account. In addition, the pelf is truncated at a normalized 

interarrival time of approximately 9.210, which represents 99.99% of the original 

pdf. As expected, the results are nearly identical. In fact, the corresponding entry 

in Table 4.1 for "'f = 1.15 is accurate to at least one decimal place. While the 

CT-MVS calculates K = 0.602, the DT-MVS calculates K (5000, 2264) = 0.603. 

Recalling the notation of Section 4.1.2, this indicates that the optimum shaping 

parameter value of 0.603 is obtained in section 2,264 of the discretized CDF that is 
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Figure 4.15: Discretized Poisson Source: ,\ = 1.0, 'Y = 1.15, K (N, m) -
0.603, e = 0.0001 

divided into 5,000 sections. As intuition implies, the larger the number of sections 

N into which the CDF is divided, the more accurate the calculation of K ( N, m). 

To close this section, two more shaping examples are briefly presented. The first 

is an MMBP source, with two states. The mean arrival rate of cells in states one 

and two are ,\1 == 0.01 and ,\2 = 20.8, respectfully. The normalized holding times 

are H1 = 1.0 and H2 = 0.05. This gives an overall mean arrival rate of A = 1.0. 

The interarrival. and interdeparture time histograms are shown in Figure 4.16. The 

optimum value of the shaping parameter is calculated to be (1000, 22) = 0.603. 

Since MMBP sources are similar in nature to poisson sources, it is not surprising 

to see the DT-MVS shaper perform as well as in the case of the poisson source of 
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Figure 4.7, which also has A= 1.0 and 7 = 1.3. However, since the MMBP source is 

burs tier, the shaping algorithm takes this into account by observing the interarrival 

time histogram, and reduces the optimum value from K = 0 .888 as calculated in 

the continuous time case. Summarizing the simulation results, the interdeparture 

time variance is reduced 46. 11 % with an increase in the mean interdeparture time 

of 0.003%. This comes at a cost of mean and maximum queuing times of 1.143 and 

23.455, with mean queue size, mean maximum. queue size and maximum queue sizes 

of 2.806, 30.8 and 41, respectively. Again, note that over 70% of the cell arrivals 

now leave the shaper with a deterministic cell spacing. Also, the increase in stream 

length is a negligible 0.001%. Hence, the MMBP source with widely different arrival 
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rates and holding times of its two states is shaped to a near deterministic source. 

The final results presented are those pertaining to a packet train source, in par­

ticular one with geometrically distributed on and off periods. Using the notation 

of Section 1.6.6.4, define PTa (z,y) = 'lioo (Q (z),0,Q (y)). In particular. the in­

terarrival time and interdeparture ti.me distributions of a PT c (2, 2) cell stream is 

shown in Figure 4.17. For this source, the maximum interarrival time is seventeen 
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Figure 4.17: PTa (2, 2) Source: Mean burst size 2, mean silence size 2, 'Y = 
1.3, K (N, m) = 0.451 

cells, which implies eighteen sections in the optimization of K (N, m). As a result, 

(18, 2) = 0.451, which as can be seen increases the amount of deterministic cell 

spacing from just over 65% to about 80%, corresponding to a 62.62% decrease in 

the interdeparture time variance with just a 0.5% increase in the mean. The cost 
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is a mean and maximum queueing times of 1.685 and 15.104, and a mean, mean 

maximum and maximum buffer size of 4.589, 23.5 and 34, respectively. Thus, since 

this source is hurstier still than the MMBP the interdeparture time variance is 

reduced more, with similar results at the shaper buffer. 

Summarizing the results, then, of the MinirnizP.d Variance shaper, it can be 

said that it is an effective tool in attempting to create a deterministic cell stream 

from a probabilistic one. In particular, poisson, MMBP and PT sources are likely 

candidates for this shaping scheme. In all three cases the original source is shaped 

into a nearly deterministic source with interarrival times Kor K (N .. m). Of course. 

the shaping has come at a price of the size of the buffer of the shaper, and the 

slight increase in interarrival times. Both these can be increased or reduced by 

varying 'Y. On the other hand, the voice source did not fair well when shaped, and 

thus this method should not be employed in these cases. One interesting side-bar 

that arises from the shaping of the on-off voice source is that shaping a near­

deterministic stream results in another near-deterministic stream. This intuitive 

statement implies that after a point, further shaping results in diminishing returns, 

especially with respect to the increased costs of queueing delays and buffer sizes at 

the shaper. 

4.1.3.3 Comparison with Other Shapers 

For completeness, an attempt is made to compare the results of the MVS to other 

methods found in the literature. However the comparisons made are necessarily 

relative, since as previously stated, the goal of the MVS is to reduce the inter-cell 

variance in a traffic stream to zero, whereas often the goal of shaping in the literature 
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is to limit Cell Delay Variation (CDV). Other difficulties in comparison arise due 

to the fact that no standard traffic stream is used as a point of comparison. ancl so 

the recreation of the exact cell streams other methods employ is usually impossible. 

Considering the results given in [Bro92], it can be seen that a direct comparison 

is impossible due to the fact that the results are normalized by the shaping param­

eter used. This is reasonable in the context of this work, since no optimization on 

the shaping parameter is performed. In addition, the traffic stream shaped is an ag­

gregrate of on-off voice sources and data sources with cell arrivals obeying a Poisson 

distribution. Unfortunately, a cell interarrival time histogram is not given. Hence, 

the results of the MVS with respect to the shaping of a Poisson source are most 

likely similar. Therefore, refer to the results given in Table 4.1. Considering the 

best results of [Bro92J, CV2 is reduced by approximately 85% at a cost of increas­

ing the stream length by about 7%. This seems to arise from the fact that there 

is an increase in mean interdeparture time of about 5 % , and the mean queueing 

time is just under 1 ms, which represents 365 cells at CL= 155 Mbps. Therefore, 

it appears that the MVS compares quite favourably to this shaping method, since 

CV2 is reduced only 15% less at no cost with respect to the increase in stream 

length. 

Comparison to the results of [BGSC92] is somewhat easier, since interarrival and 

interdeparture time histograms are given (Figures 9 and 10). In this case seven CBR 

traffic streams are perturbed by other arrival processes at a series of five nodes, and 

then the aggregate of these processes is shaped at a sixth common node. Since the 

perturbation is Bernoulli which results in an interarrival time histogram which has 
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the characteristics of a Normal distribution, the Poisson source results of the MVS 

are somewhat comparable. Because a Normal distribution can be considered to be a 

"two sided" exponential distribution, there is a larger proportion of long interarrival 

times in the case of the MYS results of, for example, Figure 4. 7. Since a reduction 

of long interarrival times and an increase in short interaoival times implies a move 

from hard shaping to soft shaping, the MVS results for a Poisson source can be 

considered to be a lower bound to the results for a Normal source. Figure 10 of 

(BGSC92} shows that this shaping method is able to produce a deterministic source 

just over 70% of the time, as compared to almost 80% of Figure 4. 7 for the MVS. 

Thus the MVS again compares very favourably, especially considering, as discussed 

above, that the MVS results are even better when shaping the type of source used 

in the citation. U nfortuantely, no other performance results are given. Therefore, 

it can be stated with some confidence that the results of the MVS compare quite 

favourably with some of the more established methods of the literature. 

The following section presents the algorithm of a shaper which has the same goal 

as the MVS, namely to create as deterministic a cell stream as possible. However, 

its method for achieving this goal is quite dissimilar from that discussed in the 

preceding sections. In addition, the Burst-oriented shaper has the ability to unshape 

cell streams. 
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4.2 The Burst-Oriented Shaper 

There are two main goals of the Burst-Oriented Shaper (BOS). The first is to take 

an arbitrary on-off cell stream and shape it to as near a deterministic cell stream 

as possible. If traffic streams presented to the network are near deterministic, the 

provisioning of downstream network devices is simplified, ~ mentioned in Section 

1.3.2, since the inputs to these devices are well defined. As mentioned, this should 

ease network management, since CAC, UPC and cell scheduling at ATM switches 

is also simpli:fi.ed. 

The second goal of the BOS is to provide the user with a network connection 

which is as transparent as possible. Thus, the BOS presents the destination UNl's 

AAL with. ideally, the same bursty on-off traffic stream created by the segmentation 

at the AAL of the source UNI. In other words, the BOS algorithm is designed to 

both shape and unshape the stream. By doing so, the problems encountered due 

to Cell Delay Variation (CDV) are reduced. That is, since the destination AAL 

presents higher network layers the same bursty stream that is shaped, any delays 

caused by contention at ATM switches or shaping itself may be alleviated. 

It should be noted that since the BOS is designed to operate after cellization of 

the traffic stream at the AAL, as described in Section 1.6.4, it will most surely op­

erate only on on-off or packet train cell streams. This idea is basic to the operation 

of the BOS, since it is based on a simple premise: if every burst can be uniformly 

spread into the silence which follows it, then the traffic stream will be completely 

deterministic, and so the BOS will behave like the Ideal Shaper. 
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4.2.1 The Shaper Model 

In order to achieve the first goal mentioned in the previous section, the BOS at­

tempts to maintain the shaped traffic stream at a target rate, RT cells per unit time, 

for as long as possible. This is accomplished by "spreading out" a burst into the 

silence period which immediately follows it. Since the traffic stream to the shaper 

is unknown, in order to determine where a burst starts and ends, a reference point 

is required. This reference is implemented in the form of a "'window" superimposed 

on the traffic stream, as shown in Figure 4.18. Note that this is completely analo­

gous to the traffic window used in traffic classification, introduced in Section 2.1.4. 

···············--·················· 

.... , .. ,___ Window Size, W------•~I 

Figure 4.18: The Burst-oriented Shape.c Window 

As mentioned at the beginning of this chapter, the experience gained with traffic 

classification is directly applied to the BOS. In fact, since the idea of spreading 

a burst into the following silence is based on an implied PT traffic primitive~ one 

could say that the BOS has traffic classification "built in." This is the reason the 

BOS does not require information about the type of traffic class it is operating 

on: there is only one class, namely on-off. The window is "parsed" to locate the 

first burst and the silence which immediately follows it. Of course, in order for the 

window to be parsed, the cells contained in the window must have already arrived 
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to the shaper; these cells are stored in the shaper's queue. 

To achieve the second goal, the BOS embeds unshaping information into the 

shaped traffic stream. This takes the form of an unshaping parameter, A. Thus, the 

transmission of the unshaping parameter is overhead to the data transmission inside 

the network. Figure 4.19 zooms in on the shaping window of Figure 4.18 in order 

Figure 4.19: Burst-oriented Shaper Parameters 

to depict the parameters that are employed by the BOS shaping and unshaping 

algorithms. The parameters are defined as follows. 

B: The size of the first burst of the window, where the burst is defined to start at 

the left-hand-side (LHS) of the window. 

S: The size of the first silence period of the window, where the silence period is 

defined to start immediately after the first burst, B. 

K: The shaping period, usually K = B + S $ W. 

S*: The size of the first silence period of the window, when the silence period starts 

at the LHS of the window; that is, before the first burst. Note that S* < W. 

W: The size of the shaping window. 
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A: The unshaping parameter. For shaping period i, A. = (Bi, Si) is a doublet 

representing the size of the burst and silence period of the unshaped ( original) 

traffic stream. This is utilized by the unshaping algorithm to restore the traffic 

stream. 

RT: The target rate at which to shape the traffic stream, in cells per unit time. 

Q: The number of cells queued at the shaper. 

If the payload field of an ATM cell is used to represent A, and assuming eight bytes 

are reserved for internal use by the BOS, then evenly dividing the remaining 40 

bytes between the representation of B and S will allow a maxim.um window size 

of W = 22oxs = l, 048, 576, which is greater than any window sized envisioned. If 

CL = 150 Mbps, this represents a maximum burst length of about 2.68 seconds, 

which is a very long time - even for a low rate voice source. Additionally, one of 

these unshaping parameter cells is required approximately every W cells, since in 

general K ~ W. Thus, the larger the shaping window size, the lower the overhead 

of the algorithm, which can be approximated by w~i. 

4.2.2 The Shaping Algorithm 

Algorithm 4.2.1 states the Burst-oriented shaping method. Initially, the shaper 

stores cells in its queue as it fills the shaping window, W, as shown in Figure 4.19. 

As bursts and silence periods are parsed and the traffic stream shaped, and as new 

cells arrive to the shaper as described in Step 2 of Algorithm 4.2.1, the shaping 

window is updated to reflect these changes. In other words, the shaper keeps a 
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"'sliding window snapshot" of the traffic stream. 

Algorithm 4.2.1 The BOS Shaping Algorithm. 

1. Shaper setup. 

(a) Determine the rate at which the traffic stream is to be shaped! RT, from 
UPC. 

(b) Delay the traffic stream a minimum of K and a maximum of W cells, 
storing the cells in the shaper queue, Q. 

( c) Initialize the shaping period counter, i = 1. 

(d) Parse the shaper window to determine the shaper state, and thus the 
unshaping parameter for the first shaping period, A1 == ( B1, S1). 

2. Shaper operation. 

(a) Output the ·unshaping parameter for this shaping period,~= (Bi, Si)­

(b} Output que·ued cells at rate RT for K cell times, while Q > 0. When 
Q = 0, generate slots until time K cell times have elapsed. Store any 
newly arrived cells in the shaper queue. 

(c} Shift the shaper window along the traffic stream by K cells. 

( d) Increment the shaping period, i = i + 1. 

(e} Parse the shaper window to determine the shaper state, and thus the 
unshaping parameter, A; = (Bi, Si). 

3. Repeat step 2. until the traffic stream ends. 

4. Output cells at rate RT until Q = 0, if necessary. 

5. Transmit the end-of-shaping marker. 

The action of the shaper is to wait until a burst starts at the LHS of the shaping 

window, and then compute B, S, and K. It then outputs the unshaping parameter 

A before outputting the shaped burst. In order to better describe the operation of 

the basic shaper, there are five states in which the shaper can be, enumerated below 
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and depicted in State Diagram 4.2.L Assume W = 10 in the following, and the 

usual "1 n and "0" notation introduced in Section 1.6.4. In each state, the shaper 

outputs cells at the target shaping rate RT until Q = 0, at which point the shaping 

"breaks." That is, since no new cells have arrived and the shaper has exhausted 

its supply of cells stored in the queue, the BOS has no choice but to allow a long 

interdeparture time result. 

State 1: Burst B and silence S clefined. This is the "normal" or planned state uf 

operation of the shaper. The shaper outputs at rate RT for K = B +S < W 

cell times. Q may increase or decrease. Example window: 1111000110. 

The unshaping parameter is A = ( B, S). 

State 2: B defined~ S undefined. In this case the silence period is set to S = W - B, 

and K = W. Q may increase or decrease. Example window: 1111000000. 

A= (B, W-B). 

State 3: B undefined, S defined. Here B = Wand S = 0. In order to ensure 

that the next shaping period starts with a burst, K = W - 1 (instead 

of K = W, as one might expect from the preceding two states}. Q will 

increase. Example window: 1111111111. A= (W - 1, 0). 

State 4: B undefined, S undefined. In this case B = 0 and S = W, and so K = W. 

Q will decrease. Example window: 0000000000. A= (0, W). 

State 5: Due to the actions of States 2 and 4, the window may not start with a 

burst, as required, and so this state simply corrects the situation. K is 
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set to S*, the time required for the next burst to start at the LHS of the 

window. Q will decrease. Example window: 0001111000. A= (0, S•). 

State Diagram 4.2.1 State Diagram for the BOS 

Once the traffic stream comes to an end, the shaper maintains the transmission of 

cells stored in its queue at the target rate RT, until the queue is empty. Then it 

transmit an "end of shaping" marker in order to inform the destination unshaper 

that the stream has ended. 

4.2.3 The Unshaping Algorithm 

The operation of the unshaper is quite simple, as Algorithm 4.2.2 shows. Once the 

unshaping parameter A;, is received, the unshaper waits until Bi cells are queued ancl 
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then presents them to the AAL, followed by Si slots. ff cells start to arrive before the 

unshaping parameter, then the unshaping parameter has been lost. 8 In this case, 

the best course of action is for the unshaper to presents cells to the destination 

AAL as they are received. While a multitude of methods could be devised, such as 

repeating the last A until the a new one is received, the reasoning here is that if 

the correct source information is lost, it is better not to make assumptions about 

the source characteristics. Also, note that in W slot times~ another unshaping 

parameter should arrive, and so this situation will not continue indefinitely. Hence. 

the unshaping algorithm. is quite robust in the face of lost unshaping parameter 

cells, since each A applies to at most only W cells. 

Algorithm 4.2.2 The BOS Unshaping Algorithm. 

1. Unshaper setup. 

(a) Initialize the unshaping period counter, i = 1. 

2. Unshaper operation. 

( a} Receive the unshaping parameter for this unshaping period, A;, = ( Bi, Si). 
If cells arrive instead of A, then the A has been lost. Present the cell 
stream "as is" to the AAL, until a A arrives. Call this }i.. 

(b) Wait until Bi cells have been queued. 

(c) Present a burst of size Bi cells followed by Si slots to the AAL. 

( d) Increment the shaping period, i = i + 1. 

S. Repeat step 2. until the end of shaping marker has been received. 

The unshaping period i allows the use of sequence numbers for A, but this is not 

8The cells cannot arrive out of order, since ATM offers connection-oriented service. 
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necessary. As can be seen from Algorithm 4.2.2, after the loss of a A the method is 

self-correcting. In addition, it is assumed that the transmission media in an ATM 

network provides virtually error free transmission, as is the usual practice in the 

literature, and so the only way that the unshaping parameters can be lost is due 

to congestion at network nodes. In order to avoid this occurrence, the eight bytes 

of the unshaping parameter cell reserved, as stated in Section 4.2.1, could be used 

to identify the A cell as a high priority traffic management cell. The following 

section discusses how the shaping window size W can be determined, and proposes 

an algorithm based on traffic characteristics at the AAL to do so. 

4.2.4 Determination of Window Size, W 

As stated in Section 4.2.1, since the BOS is developed from the insights gained in 

traffic classification, many of the factors determining the size of the traffic window 

of the primitive classifier hold. Thus, recall the discussions of Sections 2.1.1 and 

2.1.4, which state, in the ~e of the BOS, that the shaping window size represents 

a trade-off between the ability to shape and the delay introduced into the traffic 

stream. One major difference, however, is the consideration of training time. Since 

the BOS does not use neural networks, W can be much larger than is the case with 

the primitive classifier. Ultimately, an upper bound on the length of the shaping 

window is the desire to store the unshaping parameter A ( B, S) within one cell, 

as mentioned at the close of Section 4.2.L Perhaps a more telling bound is the 

amount of computational power required to parse the shaping window. While it is 

not in the scope of this thesis to make accurate judgements about the feasibility 
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of implementing the BOS on a Very Large Scale Integration (VLSI) chip, it does 

seem reasonable that very large shaping windows can be supported. Since the 

BOS is divided into five states, separate modules could be implemented for each 

state, with a sixth module for controlling logic, which determines the current state. 

For example, to determine the length of the burst which starts at the LHS of the 

shaping window, the module can be implemented with a cascade of AND gates. In 

fact, all the parameters of the BOS can be determined in this way. Therefore. it 

may well be that implementation issues do not limit the size of W. Thus, another 

limit is required. 

One such limit results from the fact that as long as W contains a complete burst 

and silence period, as a consequence of the shaping algorithm, it need be no larger. 

Thus it is possible, given knowledge of the source, to limit W in a statistical sense, 

as follows. Given a mean burst length and mean silence length, this information 

can be converted into a mean number of ATM cells in a burst and slots in a silence 

period, after cellization at the AAL. With this information, the shaping window 

can be dimensioned so that a property such as the following holds true, 

Pr {burstlength + silencelength > W} < 0.01. (4.38) 

In other words, this equation states the desire of the network provider to capture 

99% of all burst and silence periods within the shaping window W. 

To evaluate Equation ( 4.38) requires intimate experience with the AAL, since 

burst and silence length distributions or at least histograms are required. Nonethe­

less, keeping these values variable, a method which can estimate the upper bound 



190 CHAPTER 4. TRAFFIC SHAPING 

is given next, based on a burst and silence length histogram being available. Now, 

Pr {burst length + silence length > W} 

= 1 - Pr {burst length+ silence length ~ W} 
W-2 

= 1- (W-1) • L Pr{burst length= i} -Pr{silence length= W-i-1} 
i=l 

+ W ( t. Pr { silence length = j} • Pr {burst length = W - j} 

W-2 W-k-1 

L L [Pr { silence length = k} • Pr {burst length = i} 
k=l i=l 

+ 
( 4.39) 

• Pr {silence length= W - k -i}]). 

which accounts for all three cases of a burst starting a window followed by a silence 

period, a silence period starting the window followed by a burst, and a silence period 

starting the window followed by a burst and yet another silence period. After some 

thought, the reader should realize that these three situations are a result of the 

states of State Diagram 4.2.1. Completing the method, begin with W = 3, or some 

other suitably small number, based on the expected size of the shaping window. 

Iterate Equation (4.39) until it evaluates to less than 0.01, incrementing W after 

each iteration. 

The following section discusses some of the results of shaping various sources 

using the BOS. 
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4.2.5 Results 

This chapter concludes with a discussion of the results of the BOS. A software suite 

written in C++ is used to implement the BOS shaping algorithm. As in Section 

4.1.3, confidence intervals are omitted for clarity. For each simulation run, there are 

1,000,000 cell arrivals. The BOS unshaping algorithm is not implemented, for two 

reasons. Firstly, if the network does not drop any A, then the algorithm will operate 

as designed. Thus, the shaped and unshaped cell streams are the same. One way 

of measuring this could be by using the cross-correlation function. 9 Secondly. if 

the network delays or drops A, or delays the cells of the shaped stream itself, then 

obviously the unshaped cell stream will differ from the original. However, this is 

an external effect on shaping, which all shapers must contend with, and thus is not 

germane to this discussion. 

Since the BOS is designed to shape on-off traffic streams, those with on and off 

distributions which are geometrically distributed are presented. The general on-off 

sources chosen are of the type PT G ( x, y) = '1i oo ( g ( x ), 0, Q (y)), using the notation 

of Section 1.6.6.4. The results appear in Figures 4.20-4.23. For these results. the 

shaping window size is W = 10 and the target shaping rate is RT = 0.5. that is a 

cell followed by a space, or "'101010101," using the notation of Section 1.6.4. In ad­

dition, for the four figures mentioned, the mean on burst length and mean off burst 

length, or mean silence length, of the on-off sources is increased equally, so that 

the mean arrival rate is kept constant. In particular, the PTc (5,5), PTG (10, 10), 

PT G ( 15, 15), PT G (20, 20 ), PT G (25, 25) and PT G (30, 30) on-off sources are stud-

9The cross-correlation function, Cxy (::c, y}, measures the "sameness" of two stochastic pro­
cesses, X and Y. Refer to [Hay88] for a definition. 
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Figure 4.20: Effect of Increasing Unshaped Burst and Silence Lengths on 
CV2 and Maximum Shaped Silence Length, W = 10. RT = 0.5 

ied. Figure 4.20 shows the effect on the squared coefficient of variation, 1° CV2
, 

when the mean on burst length and mean off silence period of the sources to be 

shaped are increased. Note that when the mean is low relative to the shaping win­

dow size, as with the PTG (5, 5), almost ideal shaping occurs. The value of CV2 is 

reduced to almost zero. Also shown in the figure, the mean off burst length is de­

creased by 70%. Since the goal of the BOS is to spread bursts into silence periods, 

the decrease in the mean silence length that results after shaping is a good mea­

sure of performance. Figure 4.21 shows the effect of the BOS on the burst length 

10See Section 4.1.3 for the definition of CV2. Note that CV2 is denoted as SCV in Figure 4.20. 
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distribution of the original.11 and shaped cell streams. As can be seen from the 

figure, the results indicate that 99.98% of the silence periods are shaped to a value 

of one, which indicates that the target shaping rate is satisfied. Thus~ the shaped 

cell stream is almost one hundred percent deterministic, with intercell spacing of 

one slot. Note that this result holds true for the other sources as well; in no cases 

do the shaped silence length distributions have less than 99.9% of the probability. 

This, however, must come at some cost. Figure 4.22 shows the effect of increasing 

the mean on burst length and mean silence length on the overall cell stream length. 

11 In this context, original is used instead of the usual unshaped, since nnshaping has a particular 
meaning with respect to the BOS. 
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Figure 4.22: Effect of Increasing Unshaped Burst and Silence Lengths on Cell 
Stream Length, W = 10, RT = 0.5 

As can be seen, the cell stream length is virtually unaffected by shaping, increas­

ing a modest 0.15% at most. Thus, the cost of shaping must appear elsewhere in 

the BOS system. Finally, Figure 4.23 shows that fairly heavy queuing occurs at 

the BOS, in terms of the maximum queue length, Q. The higher values may be 

prohibitive for some applications. 

Referring again to Figure 4.20, it is interesting to see the dimini!,hing returns in 

terms of CV2 and maximum silence length, as the mean burst and silence lengths 

of the original cell streams increase. This is counterintuitive, because as stated 

above, the silence length distributions of the sources have almost all of their prob­

ability mass at one. Nonetheless, the discussion of the sizing of Win Section 4.2.4 
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anticipates this result. The explanation is as follows, comparing the PT G (5, 5) and 

PTG (30, 30) source results. As the mean burst and silence lengths of cell stream 

entering the shaper increase with respect to the shaping window size W, the shaper 

tends not to operate in State I, as described in Section 4.2.2, but rather in States 

3, 4 and 5. This implies that the shaper is no longer operating as intended. During 

the long bursts, the queue increases quickly, and during long silences, the queue 

empties quickly - this is the heart of the problem. Notwithstanding the fact that 

the queue is larger in the case of the PTG (30, 30) source than in the case of the 

PT G ( 5, 5) source, since the mean silence length is six times larger for PT G ( 30, 30) 

source, there is a much higher chance of the queue emptying during a very long 
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silence period; the mean maximum silence length of the PT G ( 30, 30) source is 179 ~ 

or almost eighteen times W, whereas for the PTc (5, 5) source, it is only 20. or 

two times W. And herein lies the reason for the increase in shaped silence length 

variance as the original silence length increases relative to W. In other words, the 

variance in shaped silence length increases, even though the maximum queue size 

is very large. The results bear this out. For the PTc (5, 5) source, the mean shaped 

silence length is 1.00097 as expected, and the variance is low, at 0.00776. However, 

for the PTc (30, 30) source, the mean is also 1.00417 as expected but the variance 

has increased to 0.271835, a thirty-five fold increase. The conclusion is this: for 

best operation of the BOS, the shaper window size W must be at least on the same 

order as the original mean burst length plus the original mean silence length, as 

Equation ( 4.38) implies. 

To verify this, additional simulation runs are performed in which only one source 

type is used, PTa (5, 5), but the shaping window is varied in the fashion of W = 
5. 10, 15, 20, 50, 100, 200. The results can be summarized as follows; no figure is 

necessary, since the output from the different cases is virtually identical. Increasing 

the window size from W = 5, 10, 15 caused an increase in maximum queue length 

of Q = 268, 270, 272, after which further increases in W have no more effect on Q. 

This is an expected result, since as explained above, as long as the shaping window 

can capture a burst and silence period of the cell stream, the shaper operates in 

State 1. Therefore, all else being equal, an increase in the shaping window size 

should have no effect on the shaped cell stream, as the results show. There is only 

the minor variation in maximum shaper queue size, which occurs due to the fact 
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that larger windows have the ability to shape larger bursts, since they now occur 

during State 1, whereas with a smaller window they would have occurred during 

State 3. 

4.2.5.1 Comparison with Other Shapers 

Due to the fact that the BOS is designed to shape specifically PT sources, it is not 

possible to compare the results here with any cited in the literature. 

This section concludes the discussion and presentation of the Burst-oriented 

shaper. as well as this chapter pertaining to traffic shaping. The next and final 

chapter of this thesis reiterates the contributions of this work, as well as pointing 

the reader in a few directions along which the contributions can be extended. 





Chapter 5 

Contributions and Future Work 

The integration of services is the driving force behind the design of the high speed 

data networks of today and tomorrow. These networks must be able to deliver a 

broad range of services and be capable of carrying diverse classes of traffic with 

very different source characteristics. In the case of ATM networks, the solution of 

these conflicting requirements is to negotiate a Traffic Contract at the UNI, which 

specifies a QoS level and the characteristics of the source. These characteristics are 

used by CAC and UPC to protect existing connections. 

Unfortunately, the determination of source characteristics by either the user 

or network provider is difficult, or impossible in some situations. One method to 

characterize sources it to employ traffic shapers, which have the benefit of creating 

a more easily definable traffic stream at the cost of injecting delay into said stream. 

Thus, there is a need for a method that can accurately provide a description of 

traffic streams in a timely manner. Three contributions have been presented in this 

thesis in order a satisfy these needs. 

199 
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The proposed traffic primitive classifier can be used to classify unknown traffic 

streams. This is accomplished by defining characteristics traffic streams, assuming 

they have undergone cellization at the AAL. The characteristics of the streams 

identified are collectively called traffic primitives, and are used to define training 

vectors in order for a neural network to learn the classification problem. The justifi­

cation for using neural networks over conventional methods is due to their ability to 

generalize and their speed. Their generalization ability allows the training vectors 

to be simple and deterministic, and still allow the classification of probabilistic traf­

fic streams. Their speed allows the classifications of the traffic primitive classifier 

to be useful at the control points of high speed networks, such as ATM. 

The traffic classification results presented show that the neural networks not 

only can classify deterministic sources from which they are trained, that is DG~ 

CBR, CBR-RC and PT sources, but also they can classify a wide range of ran­

dom sources, such as the class of on-off sources. With the additional functionality 

of Traffic Primitive Histogram Identification and Stream Transition Tracking, the 

primitive classifier can be applied to characterize sources which are not on-off in 

nature. As well, the primitive classifier can be integrated into a policer to perform 

more complex policing actions, and to monitor traffic streams for a given set of 

occurrences. These contributions make the primitive classifier and its application 

useful at the source UNI, for CAC, UPC and shaping. 

In addition to the traffic primitive classifier, two more contributions come in the 

form of two traffic shapers, the Minimized Variance shaper and the Burst-oriented 

shaper. Both shapers have the ability to produce near deterministic streams, given 
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appropriate sources are shaped, at fairly low costs in delay and buffer size at the 

shapers. In the case of the MVS, source information is utilized in order to find 

an optimal shaping parameter that has the effect of minimizing the interdeparture 

time variance of the shaped stream. In addition, two versions of the MVS are 

proposed, one that operates on traffic sources with known and analytic pelfs. and 

another which requires only an interarrival time histogram of the source. 

On the other hand, the BOS does not require source information, since it as­

sumes that bursts and silences emerge from the AAL, and so it attempts to spread 

a burst into the immediately following silence period. By doing so, it has the 

ability to define an unshaping parameter, which when embedded into the traffic 

stream, can be used to unshape the source at the destination UNI. This has the 

dual benefits of offering the network provider an ability to characterize sources and 

also improve network efficiency, but also to allow users to treat the network as a 

transparent connection. This is of importance to traffic sources which do not react 

well to shaping delays within their cell stream. 

As far as future work is concerned, there are a multitude of directions in which 

this work can be extended and improved. In the case of primitive classification, 

it would be interesting to define a different set of traffic primitives, perhaps based 

on the requirements of an operating ATM network. It may be discovered that 

certain of the existing primitives are useful, but others should be deleted. As well, 

as noted from the results, while a underlying traffic pattern is valid, it should be 

included in another primitive class in order to improve the sensibility of a sequence 

of classifications. For the engine of the primitive classifier, the Backpropagation 
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neural network, more speed-up methods should be investigated in order to allow the 

training of larger networks. This would allow primitive classifiers with larger traffic 

windows to be implemented. In addition, the neural networks could be pruned, 

or be recurrent, or other methods could be employed to improve convergence and 

thus reduce training time. The functionality of the UNI can be combined into 

one control scheme, using neural networks, and thus the idea of Figure L6 in 

Section 1.4.1 should be explored. As for the applications of traffic classifi.cation, the 

two stated could be studied in more detail, and perhaps their feasibility studied. 

especially the primitive histogram comparing method. Also, other applications 

could be developed. 

The MVS algorithm should be modified in order to take into account the overly 

pessimistic estimation of the maximum allowable increase in interdeparture time 

delay. Thus, the variance equation requires modification to take into account the 

cell arrivals that encounter the shaper with a non-empty queue. 

In the c~e of the BOS, its robustness in terms of its unshaping parameter should 

be studied. It would be interesting to see how much the original and shaped cell 

stream differ when affected by loss or delay of the unshaping parameter, as well 

as delays of the cells of the shaped stream, that is cell delay variation. Additional 

goals of the BOS can be studied. For example, instead of shaping to a target cell 

spacing rate, the BOS could space cells so that tlte instantaneous rate of the stream 

observed in the shaping window is maintained. Also, heuristics should be added to 

bound the growth of the shaper queue, for example defining multiple shaping rates. 

In any case, further investigation should be performed to obtain an optimal size of 
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the shaping window over a wide range of traffic types. 

With this, this thesis comes to a close. The author would like to thank the 

reader for the time taken to examine the results of many years of original research. 





Appendix A 

Neural Network & 

Backpropagation Primer 

This appendix begins with a brief overview of multilayer feed.forward neural net­

works. The advantages of neural networks over classical control schemes is sketched 

in Section A.LL Section A.1.2 introduces the basic building block of any neural 

network, the neuron, and Section A.1.3 describes the result of interconnecting many 

neurons, namely a neural network. Finally, the Appendix closes with the presenta­

tion of the Backpropagation algorithm in Section A.2. 

A.1 Multilayer Feedforward Neural Networks 

Neural networks, as their name implies, are a collection of entities called neurons, 

which are connected in a highly parallel manner. Both the neuron units and their 

interconnections, biologically referred to as synapses, are loosely based on their 

205 
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counterparts in the human brain. The term "loosely" is used here, not because the 

neural connections in the brain are too simple, but rather because those connections 

are too complex! It is thought that the human brain contains on the order of 1011 

neurons with 1015 synapses interconnecting them [Was89]. In fact, most of the 

neural network paradigms use only the simplest, most basic models of the neurons 

in the brain. 

Despite the simplicity of the neuron model employed in the neural network field, 

some very impressive results have been achieved. Applications include speech and 

pattern recognition, weather forecasting, adaptive control, adaptive signal process­

ing, expert systems, system identification, decision making, and many others. An 

extensive list of references can be found in [Hay94, Lip87, WL90]. These results are 

made possible due to the fact that neural networks consist of computational units 

which are connected in a massively parallel manner. 

A.1.1 Classical and Neural Network Controllers 

Neural networks have a number of important advantages over classical control 

schemes. Both perform an input mapping function, however the classical controller 

specifies the input-output relationship whereas the neural network learns it. 

A.1.1.1 The Classical Controller 

In classical control problems, where the mapping function may be very complicated 

and computationally expensive, especially when the number of inputs is large, a 

real time controller may not be realizable. In order to overcome the problems of real 
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time input mapping, classical controllers can calculate a look-up table. A look-up 

table consists of the set of input-output relationships that the controller maps. By 

calculating the required output for a given input off-line, computationally expensive 

control functions can be performed. This is best suited for binary inputs to the 

controller. However, if the number of inputs are large, or the inputs are real, then 

the look-up table will be prohibitively large. Therefore in many situations classical 

controllers are unsuitable. 

A.1.1.2 A Neural Network as a Controller 

A neural network is essentially an input transformation device. Figure A. l shows 

a neural network as a ~black box" that accepts a number of inputs and maps them 

Network 
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• 
• 

--
- Neural 

Network 

--

• 
• 
• 

--
---

-... 

Network 
Outputs 

Figure A.l: The Neural Network Control Device 

into a number of outputs. There is no theoretical constraint on the number of inputs 

that can map into a number of outputs. Inputs presented to the network are fed 

forward from one layer of neurons to the next. As the inputs traverse the network, 

they are transformed into the desired output mapping. This transformation is the 
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topic of Section A.1.3. However, before a neural network can map a given input into 

a desired output, it must learn the mapping function; when the network has learnt 

the mapping function, it is said to be trained. How a neural network is trained is 

the topic of Section A.2. 

A.1.1.3 The Neural Network Advantage 

There are two major reasons for choosing a neural network controller over a classical 

controller: parallelism and generalization. Neural networks, as mentioned earlier, 

are a collection of neurons connected in a massively parallel manner. They can 

perform the same computation for different inputs simultaneously. Due to their 

layered structure, these many computations are made available at the same time 

from one layer to the next. For conventional von Neumann computers, which 

compute sequentially, this type of problem is computationally expensive. As a 

result, the neural network structure can be much more efficient for some problems. 

In addition to their parallelism, neural networks have the ability to generalize. 

Consider a situation in which a mapping function has been learnt by a neural 

network. If an input is presented to the network for which no output has been 

specified, the neural network acts to generalize the input to the nearest learnt 

input, and produces a well behaved interpolated or extrapolated output. On the 

other hand, while a classical controller may have this ability, it is more likely that 

some random, "uneducated" output will be produced. In addition, if the classical 

controller is implemented in software, then any unexpected inputs will most likely 

be treated the same way, or may cause the controller to fail. With this brief 

discussion of the advantages of neural networks over classical controllers complete, 
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the next section will describe the basic building block of a neural network. 

A.1.2 The Neuron Model 

The neuron is the basic building block of a neural network. Consider the neuron 

model of Figure A.2. It consists of a summation unit and a nonlinearity. The 

Wo 

W1 

W2 

• 
net Nonlinearity out F i----+--~ 

• 
WN • 

Figure A.2: A Simple Neuron Model 

summation unit is the terminus for a number of network connections. The connec­

tions represent synapses, and each has an associated weight Wi- 1 The origin of each 

connection is a network input Zi-

The weights are variable, which allows neural networks to learn, or adapt. Ac­

cordingly, the summation block of Figure A.2 is sometimes referred to as an adaptive 

linear combiner. It is adaptive, since the weights are variable, and it is linear, since 

1Note also that there is a bias "weight," wo, which is considered to be a connection as well. 
Imagine it is connected to an input that is always 44on." 
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it performs a sum. The sum that the neuron model performs is given by 

N 

net = L WiZi + wo, 
i=l 

where it is assumed that there are N inputs to the combiner. Hence net represents 

the weighted sum of the network inputs to this particular neuron. This sum also 

can be represented very compactly in vector notation. If the inputs are given by 

the row vector2 

xT = [:c1 z 2 • • • zn} and the weights are given by the row vector wT -

[w1 w2 • • • wn}, then the output of the combiner is 

The neuron model of Figure A.2 also contains a nonlinearity, denoted by the func­

tion F. This function is usually referred to as an activation function. Figure 

A.3 depicts two popular activation functions, a threshold function and a sigmoidal 

function. The threshold function performs 

out = sgn( net), 

whereas the sigmoidal function performs 

1 
out=---. 

1 +e-nee 

2 A vector a is assumed to be a column vector. Therefore, a'Z' is a row vector. 

(A.l) 
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Figure A.3: Two Activation Functions 
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net 

The form that the activation function takes, for the most part, determines the 

nature of the neuron. For example, if the activation function is a threshold. then 

the neuron is referred to as a perceptron. 

Perceptron neural networks were studied as early as the 1940's. The networks 

consisted of just a single perceptron or just one layer of perceptrons. Initially, it 

was thought that perceptron networks would have a wide range of applicability, 

however as research continued they were found to be unsuitable for solving some 

very simple problems (MP88]. The major problem is that of linear separability. 

Since the perceptron performs a threshold on the weighted sum of its inputs, it is 

in fact separating its inputs with a straight line. ff the inputs cannot be separated 

with a straight line, then the perceptron will not be able to learn the input-output 

relationships presented to it. Much work has been performed to overcome the 
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linear separability problem, such as mapping the inputs through nonlinearities and 

combining the output of two separate perceptrons (with the same inputs) [Was89, 

WL90J, but this work leads to multilayered networks. Nonetheless, perceptrons are 

still an important topic in neural network research, and have laid the foundations 

for multilayered feedforward networks. 

The sigmoidal.3 , activation function of Figure A.3 has more utility than the 

threshold function for two reasons: it acts to scale the inputs, and it is continu­

ously differentiable. If inputs to the network are both very small and very large. the 

very large inputs will "swamp" the very small. To overcome this problem a gain is 

required for the small inputs whereas no gain is required for the large inputs; the 

sigmoidal function provides this. Small inputs pass through the linear portion of 

the sigmoidal, while very large inputs are "clipped." The second reason for the sig­

moidal activation function's utility is the fact that it is continuously differentiable. 

The derivative of the threshold function, on the other hand, contains an impulse. 

The importance of this observation will be made clear in Section A.2, where the 

Backpropagation method of neural network learning will be discussed. 

A.1.3 The Neural Network 

While a single neuron can perform some astonishing tasks, such as pattern recog­

nition, the neuron model's real potential can be observed when many neurons are 

connected into networks. Once again, the motivation for multilayered networks 

is based on observations of their biological counterparts, the human brain. Until 

3The sigmoidal function is also known as the logistic or squashing function in the literature. 
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recently, these networks were limited to a single layer of neurons because methods 

needed to train multilayered networks did not exist. 

Consider the neural network of Figure A.4. This network is made up of one input 

layer and two layers of neurons, and can be referred to as a two layer network. 4 

Input Layer 

(Layer0) 

Neuton 1 

Hidden Layer 

(Layer 1) 

Figure A.4: A Two Layer Neural Network 

Neuron 1 

Output Layer 

(Layer2) 

The first layer, or input layer, contains three input units to which the inputs to 

the network are applied. The second layer, because it is "sandwiched" between 

the first and third layers, is called a hidden layer. In the network of Figure A.4, 

there is only one hidden layer containing three neurons. The third layer, or output 

4 Much of the literature would refer to the network of Figure A.4 as a three layer network. This 
would seem intuitively pleasing at first glance, however it does not correctly describe the network. 
The first layer does not contain any neurons at all, and so should not be considered in the naming 
convention. If the first layer is to be considered, it would be more correct to count the "layers of 
connections," which would still result in a two layer network. 
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layer, contains three output neurons. It is possible for a neural network to contain 

any number of hidden layers, however there is only one input layer and one output 

layer. Naturally, there is no constraint on the number of neurons in any layer or 

inputs to the network, nor are there constraints on the number of connections a 

neuron can terminate or initiate. 

The input units are not really neurons. They are used to distribute the inputs 

to the network to various neurons in the network; they do not perform any neural 

computation, as described in Section A.1.2, of their own. Note also that the output 

neurons, while they do perform computation, do not initiate any connections to any 

neurons in the network. 5 Each layer in Figure A.4, except for the input layer, has a 

connection from every unit in the preceding layer. For example, output layer neuron 

one has a connection from each of hidden layer neurons one, two, and three. This 

special type of network has been aptly named a fully connected network. Due to the 

fact that there is very little theory on the number of connections required from one 

layer to another, or for that matter on the number of layers required or the number 

of neurons required in each layer, the fully connected network is widely used. 6 Each 

neuron in Figure A.4 has the exact same structure as the basic neural building block 

of Figure A.2, namely a summing unit with a bias value and a sigmoidal activation 

function. The net and out values are calculated in the same manner. However. 

since the weights can connect to more than one neuron, and since there is more 

5H they did have connections back: into the network, this would be called a recurrent neural 
network. If they had connections between each other, or any other neurons for that matter, then 
this network would contain competition. 

6It turns out that, after training, connections between neurons that are not required will 
usually have a very low weight Wi, and so they could be deleted. The network resulting after the 
connection deletions must then be retrained. 
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than one set (layer) of weights, a new naming scheme must be developed. Label 

a general connection weight wi;, where i represents the neuron at the origin of 

the connection, j represents the neuron at the terminus of the connection, and L 

represents the layer of the neuron at the terminus of the connection. As an example. 

the weight connecting neuron one in the hidden layer to neuron two in the output 

layer is denoted as wf 2 • In a similar manner, the quantities net and out are named 

according to their network layer and their specific neuron. However, since net and 

out also depend on the input vector x, and since any useful network has more than 

one input vector, the naming scheme should be augmented to allow different input 

vectors. Assume a possible network input vector x is chosen from a finite set of 

P vectors. A particular input vector is denoted by x,,, where p = 1, 2, ... , P. 

Therefore net}P and outf P denote the net and out values, respectively, for neuron ·i 

in layer l when the input vector Xp is presented to the network. The net and aut 

values for the third neuron in the output layer when input vector x,, is presented. 

for example, are denoted as net;P and out;p, respectively. Some of these quantities 

are shown in Figure A.4. 

A.1.3.1 An Example: A 3-3-3 Network 

Figure A.4 is an example of a 3-3-3 neural network. The shorthand notation "3-3-

3" indicates that this neural network has three input units, one hidden layer with 

three neurons, and three output neurons. It is understood that the network is fully 

connected. H a fully connected network under consideration had two hidden layers 

with six and four neurons, respectively, and with the same number of input units as 

above but only one output neuron, then its shorthand notation would be 3-6-4-1. 
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With the naming terminology completed, expressions for the output of the net­

work can be obtained. Observing Figure A.4, the values net and out for the bidden 

layer are 

3 

netip - L 1 1 
wi1Xip +wo1 

i=l 

out~P - F(net~p) 
3 

netiv - L 1 l 
Wi2Zip + Wo2 

i=l 

out~P - F(net~p) 
3 

11.etip - L 1 1 
Wi3Xip + Wo3 

i=l 

out~P - F(net;p), 

and the net and out values for the output layer are 

3 

neti11 - L 1 tl 2 
wil OU ip + Wo1 

i=l 

outip - F(netip) 
3 

net;P - L l tl 2 
Wi20U ip + Wo2 

i=l 

out;P - F(net;p) 
3 

11.et;P - L l tl 2 
WiaOU ip + Wo3 

i=l 

out;P - F(net;p), 

where w~i represents the bias value for neuron j of layer l, p ranges over all possible 

input vectors, and Fis the sigmoidal. activation function given in Section A.1.2. 
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Again, as in Section A.L2, these sums can be conveniently written in vector 

notation. Referring to Figure A.4, the row vectors of the weights that terminate 

on neurons one, two and three in the hidden layer are 

1T 
[ 1 1 1 ] 

W1 - Wu W21 W31 

1T 
[ l 1 1 ] 

W2 - W12 W22 W32 

1T 
[ 1 l l ] 

W3 - W13 W23 W33, 

respectively. A weight matrix of these three weight vectors can be constructed by 

T T 
1T 

W1 
l 

Wu 
l 

W21 
1 

W31 

wi= W1T -2 
1 1 l 

Wu W22 W32 

1T 
W3 

1 l Wl W13 W23 33 

l 
Wu 

1 
W12 

l 
W13 

1 
Wu 

l 
W22 

l 
W23 

1 
W31 

l 
W32 

l 
W33 

Using a similar construction, the weight matrix for the output layer neurons is 

2 2 2 
Wu Wu W13 

w2= 2 2 2 
Wu W22 1023 
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The neuron biases can also be written in vector notation as 

91= 

Finally, the net and out vectors for each layer of neurons in Figure A.4, and 

for each input vector Xp, can be written 

net1T - [net~P net;P net;,,] p 

out1T - [ outtP out~P out~P] p 

net2T p - [net~P net;P net;,,] 

out2T - [ out~P out;P out:,,], p 

where 

net1 - W1TXp + 91 
p 

out1 - F(net;) p 

net2 - W 2Tout1 + 9 2 
p p 

out2 - F(net;). p 

A.1.3.2 The General Network: .N°-((Nj,._1))-NM 

The expressions for net and out of Section A.1.3.1 can be applied to any general 

neural network. Consider a network that has M layers of neurons, where the 
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input layer is layer l = 0, there are M - 1 hidden layers, and the output layer is 

layer l = M. Each layer consists of NL neurons, where N° denotes the number 

of ·inputs to the network, not neurons. Thus, the shorthand notation for a fully 

connected general network is N°-((Nl£_1))-NM, where N° represents the number 

of input units, ((Nic_1)) represents the number of neurons in each of the M - 1 

hidden layers, and NM represents the number of output layer neurons. Now, if the 

network inputs Zip are renamed out~P' then general net and out equations can be 

stated as 

N'-1 l 1, 2, M 
L l tl-1 l - . . . ' 

net}P - wi;ou ip + Wo; 
i=l 1 - 1, 2, ... ' Nl (A.2) 

out'- - F(net}p) 1, 2, P. 1P p - ... ' 

In general, the weight matrix wi for layer l is of the order N 1- 1 x N 1
• the net~~ 

out~ and 8' vectors are of the order Nl. The following iterative matrix equations 

represent the operation of the neural network: 

netl - WtT outl-l + 0 1 {; - 1, 2, ... 'M p p (A.3) 
outl - F(net~) - 1, 2, ... ' P, p 
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where 

and 

net'= p 

W'= 

out~= 

l 
Wu 

l 
W12 

l 
W21 

l 
W22 

l 
WNr-11 

l 
WNt-12 

0 bserving the set of matrix Equations A.3, it can be seen that the output of neurons 

in a given layer l can be calculated only after the output of neurons in layer l -1 has 

been determined. 7 In this sense, the output of the previous layer feeds the inputs 

of the current layer, and hence the term feedforward neural network. 

This concludes the discussion of how inputs are transformed into outputs in 

a fully connected feedforward neural network. Equation ( A.3) gives the iterative 

matrix equations to perform the required mapping function. The next section 

clest.Tibes how the connection weights wi; can be varied so that the neural network 

learns the required input-output relationships. 
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A.2 The Backpropagation Algorithm 

Section A.1.3 described how inputs propagate from one layer of neurons to the next! 

and finally arrive as outputs. The connection weights of the various layers in the 

network perform the transformations required to map a given input into a desired 

output, as was discussed in Section A.LL In this section, the Backpropagation 

algorithm required to "teach" the mapping function to the neural network is pre­

sented. The Backpropagation algorithm for multilayered feedforward networks with 

sigmoidal activation functions is a relatively new development [RHW86]. It involves 

presenting an input to the network, observing the output the network produces, 

comparing this output to the desired output, and then modifying the connection 

weights w~i in such a way as to minimize the squared difference between the network 

output and the desired output. The following presentation of the Backpropagation 

algorithm follows that given in [Hay94, RHW86J. 

A.2.1 Statement of the Algorithm 

The Backpropagation learning rnle is a generalization of the Delta Rule or the 

Widrow-Hoff Rule [WL90]. The delta rule is a simplification of the classical Hebbian 

learning rnle. Using the same notation and definitions as in Section A.1.3, the 
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Backpropagation learning rule can be stated as 

' - 0, 1, ... , Nl-1 

1 - 1, 2, ... , N' 

dpwi;(n) = 17<i"}p(n) [1 + (1- E:(i)) (out!;1 (n) - 1)] l - 1, 2, ... , M 

p - 1, 2, ... , p (A.4) 

n - 1, 2, . . . , 

{ 

1 i = 0 
S(·i) = 

0 otherwise, 

where dpwf;(n} is the change in connection weight from neuron i in the previous 

layer to neuron j in layer l, 11 is the learning rate, <51, ( n) is the instantaneous square 

error derivative of the network output error with respect to the net value of neuron 

j in layer l, and out~;1 (n) is the output of neuron i in layer l - 1. The index n 

represents the iteration step of the algorithm; after all the network weights have 

been updated, n is incremented. 

The learning rate TJ is simply a constant coefficient which determines how fast 

the neural network will learn the input-output relationships presented. If q is large, 

then the network will learn quickly, hut there will be a higher chance that the weight 

changes oscillate. If q is small, the chance of weight oscillations will be decreased, 

however the training time will increase. Typically, 0.1 < 17 < 1.0. The squared 

error derivative, <i, is calculated differently depending on whether the neuron in 

question is an output layer neuron or a hidden layer neuron. For an output layer 
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neuron, l = M, 

J - 1, 2, ... 'NM 

p - 1, 2, ... ' p 

n - 1, 2, . . . , (A.5) 

and for a hidden layer l neuron, 

J - 1, 2, ... , N1 

N'+l l M-1, M -2, ... , 2, 1 
c5}p(n) = E c5~1 (n)w~!1(n)F' (net}i,(n)) 

-
1, 2, ... , P k=l p -

(A.6) 
n - 1, 2, .... 

In Equation (A.5) for the output layer, f;p represents the desired network output of 

neuron j in the output layer when the input to the network is Xp- In both Equations 

(A.5) and (A.6), F' denotes the derivative of the activation function F with respect 

to the appropriate net value. Also note that the quantities net}P ( n) and out1, ( n) 

are calculated with the same method given by Equation ( A.2); their dependency 

on n simply reflects the fact that they are calculated using weights w!;( n) which 

are updated after every iteration. 

The bounds on l in Equation ( A.6) stress the fact that the weight changes 

specified by the Backpropagation algorithm start from the output layer and back­

propagate through the network to the first hidden layer. In fact, this was the major 

breakthrough that allowed m.ultilayered feedforward neural networks to be trained. 

The error observed at the output layer is used to train not only the weights ter-
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minating on the output layer, but also all other weights in the network.. This is 

accomplished by propagating the squared error derivatives calculated at each output 

neuron back through the connection weights to all neurons in the network. 

With the learning rule defined, which specifies the changes to the weights, the 

Backpropagation algorithm can be stated 

i - 0, 1, ... , N'-1 

J - 1, 2, ••• r N' 

w!;(n + 1) = wi,(n) + ~pw~;(n) l - 1, 2, .... , M 

p - 1, 2, ... ' p (A.7) 

n - 1, 2, . .. . . 

In the above, the iteration step n is incremented after all weights wf, in the network 

have been updated. Two methods of updating network weights are generally used 

in the literature. The first method simply updates all the network weights after 

a given input vector Xp has been presented to the network. This is the method 

that Equation ( A. 7) describes. A second method involves s1Jmroing all the weight 

updates calculated for each input vector, and then applying a single update to the 

network weights after the entire training set has been presented. In this case, the 

Backpropagation algorithm is modified to be 

i - 0, 1, ... , N'-1 

p j 1, 2, ... , N' 
wt(n + 1) = w!;{n) + ~ Apwi;{n) 

-

l 1, 2, ... , M p=l -
(A.8) 

n - 1, 2, .... 
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While Equation (A.8) is closer to the true gradient descent method. it is seldom 

used in practice, especially if the training set P is large. The assumption that the 

error surface E in weight space is linear in the area of wi; is justified if the learning 

rate T/ is small. As a result, Equation (A. 7) is preferred over Equation (A.8). The 

following section verifies that the Backpropagation of the squared error derivatives, 

through the connection weights1 minimizP. the output error in a sum square sense. 

A.2.2 Derivation of the Algorithm 

The Backpropagation algorithm is essentially a gradient descent method in connec­

tion weight space. It acts to minimize the overall network output error, E, which 

is defined over all input vectors Xp as 

p 

E(n) = L Ep(n). 
p=l 

The output error of the network for a given input vector x,, is defined as 

(A.9) 

for all p = I, 2, ... , P and n = I, 2, .... The quantity t;p represents the desired 

output of neuron j in the output layer when the input to the network is x,,. If 

the values of t;p for all output neurons are assembled into a vector, this vector is 

referred to as the training vector tp, where tp = [t1p t2p • • • tNMp]T. Hence, a given 

input vector x,, has a corresponding training vector tp. Together, these two vectors 

make up a training pair. As a result, to train a network to learn P input-output 
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relationships requires P training pairs, which are called the training set. 8 Therefore, 

Ep( n) represents the S'lf,ffl square error of the output of the network with respect to 

a particular training pair p, whereas E( n) represents the sum square error of the 

output of the network over all training pairs. The following two sections will show 

that the Backpropagation algorithm performs a gradient descent in E(n); that is 

the overall network output error will be mjnjmized with respect to the weights in 

the network. 

In order to show that the Backpropagation algorithm (generalized delta rule) 

minimizP;s the output error of the network with respect to the network weights in 

a sum square sense, it must be shown that the derivative of the overall network 

error E ( n) is proportional to the weight changes specified by the Backpropagation 

algorithm of Equation (A.4), with a negative coefficient of proportionality. Since 

minjmj~ing Ep(n) minimizes L==l Ep(n) which is equivalent to minimizing E(n). 

Therefore, it must be shown that 

8Ep(n) 
awf;(n), 

8In fact, more than P training pairs are required. After the network has learnt the P input­
output relationships, the training is usually validated using another set of V training pairs, iv 
and vv, v = 1, 2, ... , V, which is referred to as the validation &et. 
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for all p = 1, 2, ... , P. Due to the fact that hidden layer neurons do not 

obtain direct feedback of the output error Ep( n), two measures of the instantaneous 

squared error derivative 5 result: one for the output layer neurons, and one for the 

hidden layer neurons. 

A.2.2.1 5 for an Output Layer Neuron 

To show9 that the Backpropagation algorithm. rninimizP.s the network output error 

with respect to the weights that terminate on the output layer neurons, that is 

l = M, we note that when attempting to calculate J!!, the error Ep does not ., 
depend directly on the weights wff. Invoking the chain rule results in 

This gives an expression for the change in network error with respect to changes 

in the weights terminating on neurons in the output layer, in terms of the change 

in network error with respect to changes in the output of neurons in the output 

layer and the change of the output of neurons in the output layer with respect to 

changes in the weights terminating on neurons in the output layer. Unfortunately, 

out:; does not depend directly on wt[, hut it does depend directly on net~. Using 

the chain rule once more gives 

9 For clarity, in this and the following section the dependence of the variables on the iteration 
step n will be suppressed. Since the form of the Backpropagation learning rule does not depend 
on the iteration step n, there is no loss of generality. 
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and so 

'& - 0, 1, ... ' N14- 1 

8Ep 8Ep 8ou~ one~ 
1, 2, ... , N 14 

owff = 8outf: 8netf: owtf J -
p - 1, 2, ... , P. (A.10) 

Using Equation ( A.9) the first partial derivative on the right hand side of Equation 

( A. 10) can be calculated as 

- aa:t1: ( ½ ~ (t;p - ou~)2) 

1 - 2(2)(-l}(t;p - ou~) 

- -(tjp - 011,t¾), 

for j = 1, 2, ... , NM and p = I, 2, ... , P. Using Equation (A.I) and the ex­

pression for outt; in Equation (A.2) the second partial derivative can be calculated 

as 

8out¾ 
8nett; -

= 

- ( 1 + e-~) 2 

- out1'; ( 1 - out:!) 

- F'(netf;), 
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for j = 1, 2, ... , NM and p = 1, 2, ... , P, and where the following relationships 

were used 

OU~ - F(net1;) 1P 

1 -
l+e-~' 

(out1;)-2 - (1 + e-ndf:f1
, 

1-out¥ -1"1.dM 1P 

oot¥ - e ;p_ 

1P 

As mentioned in Section A.1.2, it can be seen that for F' to exist, F must be 

continuously differentiable. This contributed to the reasons why the Backpropaga­

tion algorithm was not developed earlier. In the 1960's, almost all neural network 

research dealt with neurons with the threshold activation function of Figure A.3. 

which is not continuously differentiable. 

Lastly, using the expression for nett: in Equation ( A.2), and the definitions of 

Equation (A.3), the third partial derivative of Equation (A.10) can be calculated 

as 

8net¾ 
owM ,, 

for i = 0, 1, ... , NM-1, j = 1, 2, ... , NM, and p = 1, 2, ... , P. Bringing 

the expressions for the partial derivatives of the right hand side of Equation ( A.10) 
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together gives 

!,,1; = -(t;p -oot!)F'(net!) [1 + (1-E:(i)) (ootf:-1 -1)] 
-i:, 

1. 

1 

p 

Now .. for convenience, define 

which is equivalent to 

- 0, 1, ... , NM-1 

- 1, 2, ... , NM 

- 1, 2, ... ' P. 

lJEp 8au.t-:! 
8ou~ 8nef¾ == 

and is called the instantaneous squared error derivative, for neurons in the output 

layer, as was introduced in Section A.2. L This gives 

or 
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for i = 0, 1, ... , NM-t _ Therefore, this shows that 

and so finally 

i - 0, l, ... 'NM-l 

j - 1, 2, ... , NM 

p - 1, 2, ... , P, 

where q is a constant coefficient of proportionality. 

This completes the verification of the Backpropagation algorithm for the neu­

rons in the output layer, that is l = M. The next section will briefly repeat this 

verification for the remainder of the neurons in the network, namely those in hidden 

layers l = l, 2, ... , M - 1. 

A.2.2.2 d for a ffidden Layer Neuron 

The verification of the Backpropagation algorithm for the hidden layer neurons is 

similar to that for the output layer neurons. Reconsider the equation 

8Ep BE,, Bout:: 
a M=8 tMFJM' W·· OU • W•• 11 1P ,, 

which gives an expression for the change in network error with respect to changes 

in the weights terminating on the neurons in the output layer. Also, refer to neuron 

one in the hidden layer of Figure A.4. That is, consider the second to last layer in 
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the network, the last hidden layer, layer l = M - 1. The error Ep does not depend 

directly on wff-1 (w;; in Figure AA) since the weights wtf-1 that terminate on 

the hidden layer are not connected to the output layer. However, Ep does depend 

directly on out:;-1
, j = 1, 2, ... , NM-1, since the outputs of the hidden layer 

neurons affect the outputs of the network, namely ou~~ k = 1, 2, , ... , NM. 

Rewriting the above partial differential equation for weights in the last hidden 

layer gives 

fJE,, 
f) M-1 

W•• ,, 
fJEp 8out}: 

- {)()11,t¥ aw~-l 
JP ,, 

8Ep 8ou~ 8011,tZ',-1 

- 8uu.t¥ 8()1/,t-¥-1 awM-1 
JP JP 1.3 

8Ep 8outt;-1 
- 8aut:;-1 awtJ-1 • 

The partial derivative 8 
8t _1 represents the change in error given by a change in 

aut;,, 

the output of neuron j in the hidden layer, and this output is affected by changes to 

the weights that neuron j terminates. That is, changes in wf'f-1 will affect out,:;-1
. 

But since 011,tt{,-1 affects the net values to, and thus the out values from, every 

neuron in the output layer through the weights wtf, it can be seen that a~-l 
JP 

must take into consideration all of the neurons in the output layer. Expressing this 

mathematically, 
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Substituting this into the above equation gives 

8Ep 
a M-1 

W·· ,, 

233 

where i = 0, I, ... , NM-2 , and where some relations of Section A.2.2.1 were used 

to arrive at the last line. 

Now notice that the outputs out:-1 of the hidden layer depend directly on the 

output of the previous hidden layer out~ - 2 through the weights wtJ-1
. Therefore. 

through the weights a recursive relationship can be formed. In the general case, for 

hidden layer l 

N'+i 

aEP = ~ oEp w'.+1 F'(net'- ) [1 + (1 - '="(i)) (out~-l - I)] 
awL LJ 8net1+1 1" n, - ,p 

'3 k=l 1cp 

i - 0, 1, ... , Nl-1 

J - 1, 2, ... ' N' (A.11) 

l - M-1, M-2, ... , 2, 1 

p - 1, 2, . - . 'P, 

In Section A.2.2.1, the definition for the instantaneous squared error derivative 

of neurons in the output layer, '5ft = - a'::?!!. , was made. In a similar vein1 c5~P' 
JP 
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the instantaneous squared error derivative for neurons in the hidden layers can be 

defined as 

Thus, Equation (A.11) becomes 

for i = 1, 2, ... , Nl-l. Notice that 

8 Ep 8ou.t}i, 
8011,f!-;P 8net';p' 

so that a recursive equation in d can be formed by 

0 bserving this last equation, it can be seen that the instantaneous squared 

error derivatives for neurons in a hidden layer depend on the instantaneous squared 

error derivative for neurons in subsequent hidden layers, and ultimately of the 

instantaneous squared error derivatives for neurons in the output layer. To conclude 

the verification, as in Section A.2.2.1, 

;:r_ = -8},, [1 + (1- S(i)) (out;1 -1)], 
,, 
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or 

6},. [1 + (1 - S(i)) (out;1 -1)] = -!:!. .. , 
for i = 1, 2, ... , N'-1 , and including a constant coefficient of proportionality, TJ, 

completes the verification, 

i - 0, 1, ... ' Nl-1 

1 - 1, 2, ... ' N' 

l - M-l, M-2, .... , 2, 1 

p - 1, 2. ... ! P. 





Appendix B 

Neural Network Training 

Methodology 

This appendix summarizes the methodology used to train the three neural networks 

that implement the primitive classifier of Chapter 2. The method used to determine 

the number of hidden layers and the number of neutons in each hidden layer is 

heuristic, and strongly based on experience gained from training smaller sized neural 

networks than those eventually used. However, some guidance is provided in the 

literature, for example [Guy91]. The reason for starting with relatively small neural 

networks is that, besides the obvious reason of requiring less time to train, it is 

desirable in order to avoid problems of overtraining. Hence, the smaller the neural 

network the better. 

Unlike the usual neural network training methods where the training vectors can 

be divided into a training set and a validation set, this cannot be performed here. 

Once the neural network is trained so that it has a sufficiently low classification 

237 
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error rate on its training vectors, it cannot be presented with more PT vectors, 

for example, since all the possible PT training vectors are specified in the training 

set. This is due to the fact the the primitive classifier is designed to detect traffic 

primitives of traffic streams from the probabilistic partition, as discussed in Section 

2.1.2. Hence, for the three neural networks introduced in Section 2.2, they are 

verified using the training set in Section 2.3, but the real test is how they perform 

with unknown, probabilistic sources in Section 2.4. 

The following section gives some results of attempting to train a few neural 

networks, from which experience is gained with the training problem at hand. The 

results of training neural networks of various sizes is provided in Table B.1. Section 

B.2 develops a heuristic based on this experience which can be used to estimate the 

number of neurons required for convergence in the larger neural networks which are 

required to learn the traffic classification problem. Finally, Section B.3 concludes 

this append.ix with Table B.2, which shows the computer time involved in training 

the three neural networks of Chapter 2. 

B.1 Some Training Examples 

In the following examples, the number of inputs and outputs of the neural network 

are ten and nine, respectively, and the training vectors given in Tables C.1-C.4 

of Appendix C are used. In addition, one of the criterion for deciding if a neural 

network is trained sufficiently is the value of the Mean Squared Error (MSE) over 

its training set. The expression for calculating the MSE in Backpropagation neural 

networks is given by Equation (A.9) in Section A.2.2 of Appendix A. Another test 
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of convergence is the number of incorrect classification that the neural network 

makes over its training and validation sets. 

First, a small neural network is trained, with one hidden layer. As can be seen 

from Figure B.1, this 10-10-9 neural network does not even begin to converge. 

After 5000 presentations of the training set, the neural network misclassifies 71 % of 
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Figure B.1: Mean Squared Error for the 10-10-9 Neural Network 

its training vectors. In order to increase the ability of the neural network to learn, 

more neurons are added to the hidden layer. One training result in this process. 

Figure B.2, shows the MSE of training a 10-50-9 neural network. In this case the 

MSE has been reduced from its initial level, but as in Figure B .1 the training bogs 

down. However, after 5000 presentations the error rate is reduced to 11 % , with 

approximately the same level of MSE. This shows the reasoning of adding more 
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Figure B.2: Mean Squared Enor for the 10-50-9 Neural Network 

neurons to a neural network in order to increase its learning ability. Nonetheless. 

this error rate is still too high. 

After further experimentation, it is discovered that an additional hidden layer 

is required for the neural network to converge. For example, Figure B.3 shows the 

training performance of the 10-10-10-9 neural network. As can be seen, the same 

training point is reached as with the two previous cases. As well, the classification 

error has increased to 39%. However, this is not surprising when compared to 

the 10-50-9 neural network, for it is considerably larger. Finally, if the number 

of neurons are increased drastically, as with the 10-100-100-9 neural network, the 

training results of which are shown in Figure B.4, the MSE breaks through the 

barrier and the neural network trains successfully, that is 0% classification error of 



B.1. SOME TRAINING EXAMPLES 

l .. 
V 
> 
0 

g 
Ul 
-g 
Iii 
::I 
C"' 

C'2 

a 
V 

:E 

1.70 

l.60 

150 

1.40 

130 

l.20 

uo .____._ _ __._ ________ _.._ __________ __ 
0 500 lOCXl 1500 2000 2500 3000 3500 4000 4500 5000 

Number of presentations of 435 Training Vectors 
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the training set. As the figure shows, this occurs in five times fewer presentations 

of the training vectors than in the three previous cases. 

These results and others are summarized in Table B .1. It tabulates the total 

number synapse weights and biases in a neural network of the given size, the ratio 

of this number to the number of training vectors in the training set, and finally the 

classification error after training is thought to be complete. For the first portion 

of the table giving the results for ten input neural networks. there is 435 training 

vectors. For the second and last portions, for fifteen and twenty input neural 

networks, there are 2,004 and 5,996 training vectors, respectively. It is from the 

first third of data in the table that a heuristic is developed to help determine the 

number of hidden layer neurons for larger neural networks. 
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Table B.l: Training Results for Various Sizes of Neural Network 

Neural Number of Weights Weights and Biases Clusification 

Network and Biases per Training Vector Error(%) 

10-3-9 69 0.16 71.00 

10-5-9 109 0.25 83.00 

10-10-9 209 0.48 58.00 

10-20-9 409 0.94 73.00 

10-25-9 509 1.17 25.00 

10-30-9 609 1.40 18.00 

10-40-9 809 1.86 13.00 

10-50-9 1009 2.32 11.00 

10-80-9 1609 3.70 27.00 

10-5-5-9 139 0.32 59.00 

10-5-10-9 214 0.49 87.00 

10-5-15-9 289 0.66 64.00 

10-5-20-9 364 0.84 64.00 

10-10-5-9 219 0.50 48.00 

10-10-10-9 319 0.73 39.00 

10-10-15-9 419 0.96 43.00 

10-10-20-9 519 1.19 41.00 

10-15-5-9 299 0.69 50.00 

10-15-10-9 424 0.97 52.00 

10-15-15-9 549 1.26 32.00 

continued on next page 
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continued from previous page 

Neural Number of Weights Weights and Biases Classification 

Network and Biases per Training Vector Error(%) 

10-15-20-9 674 1.55 18.00 

10-18-15-9 627 1.44 12.00 

10-20-5-9 379 0.87 39.00 

10-20-10-9 529 1.22 21.00 

10-20-15-9 679 1.56 12.00 

10-20-20-9 829 1.91 12.00 

10-22-22-9 955 2.19 2.53 

10-35-35-9 1969 4.53 0.23 

10-40-40-9 2449 5.63 0.23 

10-50-50-9 3559 8.18 0.23 

10-100-100-9 12109 27.84 0.00 

15-50-50-10 3860 1.93 5.64 

15-80-80-10 8570 4.28 0.00 

15-100-100-10 12710 6.34 0.00 

20-145-145-11 25821 4.26 0.63 

20-200-200-11 46611 7.77 0.17 

B.2 A Neuron Estimating Heuristic 

Since much of the literature, for example [BH89, Hay94], attempts to relate the 

size of the neural network to the number of training vectors required to a specified 
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classification error level, 1 the same type of reasoning is used in the heuristic pre­

sented next. Consider the entry for the 10-35-35-9 neural network. This is the 

first ten input two hidden layer neural network in which training is successful. The 

ratio of the number of synapse weights and biases in the neural network (its size) 

to the number of training vectors is enumerated, simply, by counting the weights 

and biases and dividing by the number of training vectors. Progressing from input 

layer to output layer, 

10 • 35 + 35 + 35
2 + 35 + 35 • 9 + 9 ~ 4 53 

435 • ' (B.I) 

with units of "weights and biases per training vector." Now, since this size neural 

network converges with an acceptable classification error, if this ratio of network 

size to training vectors is maintained, it stands to reason that larger neural networks 

should also converge. Thus, the following quadratic equation is formed in estimat­

ing the number of neurons required in a fifteen input, two hidden layer and ten 

output neural network with 2, 004 training vectors, where :c represents the number 

of neurons sought. 

15:c + X + :c2 + X + 10:c + 10 ~ 4.53 • 2, 004 

x2 + 27:c - 9,060.98 ~ 0 

(B.2) 

(B.3) 

1Unfortunately, these "rules of thumb" do not help in this particular situation, due to assump­
tions which do not hold. 
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resulting in the solutions, 

X1 = 82.64 and X2 = -109.64 (B.4) 

This leads one to expect that a 15-80-80-10 neural network presented with 2,004 

training vectors based on t.he traffic primitives of Section 2.1.3 will converge, and 

as show by the second portion of Table B.l, it does. Two other training results are 

shown in the table for fifteen input neural networks. 

Using a similar strategy for estimating the number of neurons required in a 

twenty input, two hidden layer and eleven output neural network, with 5,996 train­

ing vectors gives 

20x + x + x2 + x + llx + 11 ~ 4.53 • 5, 996 

x2 + 33x - 27,129.51 ~ 0 

resulting in the solutions, 

Z3 = 149.03 and X4. = -182.03 

(B.5) 

(B.6) 

(B.7) 

This leads one to expected that a 20-180-180-11 neural network would converge. 

However, from experience with the fifteen input neural networks, and considering 

the vast amount of time required to train a neural network of this size, the 20-145-

145-11 neural network is trained. The results for this and a 20-200-200-11 neural 

network are stated in the third portion of Table B.l. 
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One may ask why the number of neurons in each hidden layer is the same. As 

can be seen in Table B.l, for the smaller networks some experimentation on varying 

this number is performed. However, the first two hidden layer neural network to 

converge contained the same number of neurons in each layer, and since this allows 

the quadratic expressions above, the convention was adopted. As will be seen in the 

next section, experiments in varying the number of neurons in the hidden layers of 

larger sized neural networks becomes extremely costly in terms of computer time. 

B.3 The Training Times 

The training times of only the three neural networks studied are given in Table B .2. 

The computer time is measured on a lightly loaded2 Sun Spare 20 /71, operating 

in multi-user mode. These times are based on 3, 000 presentations of the training 

vectors to their respective neural network. As can be seen for the two smaller neural 

Table B.2: Training Times for the Three Neural Networks Studied 

Neural Network Computer Time 
Seconds Hours Days 

10-35-35-9 8,757 2.43 0.10 
15-80-80-10 209,460 58.18 2.42 
20-200-200-11 3,312,660 920.18 38.34 

networks, the training times are tolerable. However, for the larger neural network, 

2Lightly loaded should be taken to mean that the SunOS 4.1.3 command rup returns a load 
average of LO for most of the training session. The training jobs run with a nice level of 19. 
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due to the exponential increase of weights with size, the training times prohibit 

much study of the 20 input case. 

As a matter of interest, if a twenty-five input neural network is to be trained, the 

corresponding W = 25 would define 14, 122 training vectors, which would require 

fourteen neural network outputs. Using the heuristic of the previous section, this 

implies that approximately 233 neurons are required. ff this information is used to 

layout a 25-230-230-14 neural network, then the training time can be estimated 

to be a minimum of 9, 480, 205 seconds, or 109. 72 days if the training converges 

within 3, 000 training epochs. 



Appendix C 

Training Vectors and Primitive 

Classification Numbers 

This appendix contains the training vectors for the 10-35-35-9 neural network. 

Tables C.1-C.4 show the training vectors for theDG, CBR, PT and CBR-RC traffic 

primitives, respectfully. Table C.5 summarizes the classifications performed by this 

primitive classifier, which is a useful reference when considering the output of the 

neural network. In addition, Tables C.6 and C.7 gives the primitive classification 

numbers for the primitive classifier based on the 15-80-80-10 and 20-200-200-11 

neural networks, respectively. 

The training vectors for the DG, CBR and PT traffic primitives are fairly 

straight forward, since they result in only one traffic classification each. In the 

case of DG primitives, the output desired from the neural network is the vector 

"000000000," using the notation introduced in Section 1.6.4. 

249 
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Table C.l: Degenerate Training Vectors (11) for the 10-35-35-9 Neural Network 

II Primitive j Input Output I Primitive I Input Output II 
DG 1000000000 000000000 DG 0100000000 000000000 

DG 0010000000 000000000 DG 0001000000 000000000 

DG 0000100000 000000000 DG 0000010000 000000000 

DG 0000001000 000000000 DG 0000000100 000000000 

DG 0000000010 000000000 DG 0000000001 000000000 

DG 0000000000 000000000 

The classification desired for the CBR primitives is "010000000." 

Table C.2: Constant Bit Rate Training Vectors (25) for the 10-35-35-9 Neural 

Network 

II Primitive I Input Output Primitive I Input Output II 
CBR llllllllll 010000000 CBR 1010101010 010000000 

CBR 0101010101 010000000 CBR. 1001001001 010000000 

CBR 0100100100 010000000 CBR 0010010010 010000000 

CBR 1000100010 010000000 CBR 0100010001 010000000 

CBR 0010001000 010000000 CBR 0001000100 010000000 

CBR 1000010000 010000000 CBR 0100001000 010000000 

CBR 0010000100 010000000 CBR 0001000010 010000000 

CBR 0000100001 010000000 CBR 1000001000 010000000 

CBR 0100000100 010000000 CBR 0010000010 010000000 

CBR 0001000001 010000000 CBR 1000000100 010000000 

CBR 0100000010 010000000 CBR 0010000001 010000000 

CBR 1000000010 010000000 CBR 0100000001 010000000 

CBR 1000000001 010000000 
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The classification desired for the PT primitives is "100000000." 

Table C.3: Packet Train Training Vectors (156) for the 10-35-35-9 Neural Network 

II Primitive I Input Output I Primitive I Input Output II 
PT 1101101101 100000000 PT 1011011011 100000000 

PT 0110110110 100000000 PT 1100110011 100000000 

PT 1001100110 100000000 PT 0011001100 100000000 

PT 0110011001 100000000 PT 1100011000 100000000 

PT 1000110001 100000000 PT 0001100011 lOOOOOUUU 

PT 0011000110 100000000 PT 0110001100 100000000 

PT 1100001100 100000000 PT 1000011000 100000000 

PT 0000110000 100000000 PT 0001100001 100000000 

PT 0011000011 100000000 PT 0110000110 100000000 

PT 1100000110 100000000 PT 1000001100 100000000 

PT 0000011000 100000000 PT 0001100000 100000000 

PT 0011000001 100000000 PT 0110000011 100000000 

PT 1100000011 100000000 PT 1000000110 100000000 

PT 0000001100 100000000 PT 0011000000 100000000 

PT 0110000001 100000000 PT 1100000001 100000000 

PT 1000000011 100000000 PT 0000000110 100000000 

PT 0110000000 100000000 PT 1100000000 100000000 

PT 0000000011 100000000 PT l 1 1 0 1 1 1 0 l l 100000000 

PT 1101110111 100000000 PT 1011101110 100000000 

PT 0111011101 100000000 PT 1110011100 100000000 

PT 1100111001 100000000 PT 1001110011 100000000 

PT 0011100111 100000000 PT 0111001110 100000000 

PT 1110001110 100000000 PT 1100011100 100000000 

PT 1000111000 100000000 PT 0001110001 100000000 

PT 0011100011 100000000 PT 0111000111 100000000 

PT 1110000111 100000000 PT 1100001110 100000000 

PT 1000011100 100000000 PT 0000111000 100000000 

PT 0001110000 100000000 PT 0011100001 100000000 

continued on next page 
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continued from previous page 

Primitive Input Output Primitive Input Output 

PT 0111000011 100000000 PT 1110000011 100000000 

PT 1100000111 100000000 PT 1000001110 100000000 

PT 0000011100 100000000 PT 0011100000 100000000 

PT 0111000001 100000000 PT 1110000001 100000000 

PT 1000000111 100000000 PT 0000001110 100000000 

PT 0111000000 100000000 PT 1110000000 100000000 

PT 0000000111 100000000 PT 1111011110 100000000 

PT 1110111101 100000000 PT 1101111011 100000000 

PT 1011110111 100000000 PT 0111101111 100000000 

PT 1111001111 100000000 PT 1110011110 100000000 

PT 1100111100 100000000 PT 1001111001 100000000 

PT 0011110011 100000000 PT 0111100111 100000000 

PT 1111000111 100000000 PT 1110001111 100000000 

PT 1100011110 100000000 PT 1000111100 100000000 

PT 0001111000 100000000 PT 0011110001 100000000 

PT 0111100011 100000000 PT 1111000011 100000000 

PT 1100001111 100000000 PT 1000011110 100000000 

PT 0000111100 100000000 PT 0011110000 100000000 

PT 0111100001 100000000 PT 1111000001 100000000 

PT 1000001111 100000000 PT 0000011110 100000000 

PT 0111100000 100000000 PT 1111000000 100000000 

PT 0000001111 100000000 PT 1111101111 100000000 

PT 1111011111 100000000 PT 1110111110 100000000 

PT 1101111101 100000000 PT 1011111011 100000000 

PT 0111110111 100000000 PT 1111100111 100000000 

PT 1110011111 100000000 PT 1100111110 100000000 

PT 1001111100 100000000 PT 0011111001 100000000 

PT 0111110011 100000000 PT 1111100011 100000000 

PT 1100011111 100000000 PT 1000111110 100000000 

PT 0001111100 100000000 PT 0011111000 100000000 

continued on next page 
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continued from previous page 
Primitive Input Output Priuutive Input Output 

PT 0111110001 100000000 PT 1111100001 100000000 

PT 1000011111 100000000 PT 0000111110 100000000 

PT 0111110000 100000000 PT 1111100000 100000000 

PT 0000011111 100000000 PT 1111110111 100000000 

PT 1110111111 100000000 PT 1101111110 100000000 

PT 1011111101 100000000 PT 0111111011 100000000 

PT 1111110011 100000000 PT 1100111111 100000000 

PT 1001111110 100000000 PT 0011111100 100000000 

PT 0111111001 100000000 PT 1111110001 100000000 

PT 1000111111 100000000 PT 0001111110 100000000 

PT 0111111000 100000000 PT 1111110000 100000000 

PT 0000111111 100000000 PT 1111111011 100000000 

PT 1 l O l 1 1 1 1 1 1 100000000 PT 1011111110 100000000 

PT 0 1 1 1 1 1 l 1 0 1 100000000 PT 1111111001 100000000 

PT 1 0 0 1 1 1 l 1 1 1 100000000 PT 0011111110 100000000 

PT 0111111100 100000000 PT 1111111000 100000000 

PT 0001111111 100000000 PT 1111111101 100000000 

PT 1 0 1 1 1 l l 1 1 1 100000000 PT 0111111110 100000000 

PT 1111111100 100000000 PT 0011111111 100000000 

PT l 1 l l l l l l l 0 100000000 PT 0111111111 100000000 

For the case of CBR-RC traffic primitives, instead of all the training vectors 

returning the same classification, a group of CBR-RC morphisms return individual 

classifications. For example, the first three rows of Table C.4 show six inputs to 

the neural network which correspond to the situation which occurs when a source 

transmitting at the full link rate C begins to transmit at half the link rate, t. This 

transition is represented by the RC C ➔ ~ traffic primitive, and given by a neural 

network output of "110000001.,, 
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Table C.4: CBR Rate Change Training Vectors (243) for the 10-35-35-9 Neural 

Network 

II Primitive Input Output Primitive Input Output II 
RCC ➔ f 1111111010 110000001 RC C ➔ f 1111110101 110000001 

RCC ➔ f 1111101010 110000001 RC C ➔ f 1111010101 110000001 

RCC ➔ f 1110101010 110000001 RCC➔ f 1101010101 110000001 

RCC➔ f 1111110010 110000010 RCC ➔ f 1111100100 110000010 

RC C ➔ -f 1111001001 110000010 RCC ➔ f 1110010010 110000010 

RCC ➔ f 1100100100 110000010 RCC ➔ f 1111110100 110000010 

RCC ➔ f 1111101001 110000010 RCC ➔ f 1111010010 110000010 

RCC ➔ f 1110100100 110000010 RCC ➔ f 1101001001 110000010 

RCC ➔ f 1010010010 110000010 RCC ➔ f 1111100010 110000011 

RCC ➔ f 1111000100 110000011 RC C ➔ f 1110001000 110000011 

RCC ➔ f 1100010001 110000011 RCC ➔ f 1111101000 110000011 

RCC ➔ f 1111010001 110000011 RC C ➔ f 1110100010 110000011 

RCC ➔ f 1101000100 110000011 RCC ➔ f 1010001000 110000011 

RCC ➔ f 1111001000 110000011 RCC ➔ f 1110010001 110000011 

RCC ➔ f 1100100010 110000011 RC C ➔ f lOOlOOOi.00 110000011 

RCC ➔ f 1111000010 110000100 RC C ➔ f 1110000100 110000100 

RCC ➔ f 1100001000 110000100 RC C ➔ f 1111010000 110000100 

RCC ➔ f 1110100001 110000100 RCC ➔ f 1101000010 110000100 

RCC ➔ f 1010000100 110000100 RCC ➔ f 1110010000 110000100 

RCC ➔ f 1100100001 110000100 RC C ➔ f 1001000010 110000100 

RCC ➔ f 1100010000 110000100 RC C ➔ f 1000100001 110000100 

RCC ➔ f 1110000010 110000101 RC C ➔ -t 1100000100 110000101 

RCC ➔ f 1110100000 110000101 RCC ➔ f 1101000001 110000101 

RCC ➔ f 1010000010 110000101 RCC ➔ f 1100100000 110000101 

RCC ➔ f 1001000001 110000101 RCC ➔ f 1000100000 110000101 

RCC ➔ f 1100000010 110000110 RC C ➔ f 1101000000 110000110 

RC C ➔ f 1010000001 110000110 RCC ➔ f 1001000000 110000110 

RCC ➔ f 1010000000 110000111 RC f ➔ C 1010101011 110001010 

RCf ➔ C 0101010111 110001010 RC f ➔ C 1010101111 110001010 

continued on next page 
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continued from previous page 

Primitive Input Output PriminYe Input Output 

RC f ➔ C 0101011111 110001010 RC f ➔ C 1010111111 110001010 

RC °t ➔ C 0101111111 110001010 RCf ➔ f 0101010100 110001011 

RC t ➔ f 1010101001 110001011 RCf ➔ f 0101010010 110001011 

RC f ➔ f 1010100100 110001011 RC!I. ➔ Q 
2 3 0101001001 110001011 

RCf ➔ f 1010101000 110001011 RC f ➔ f 0101010001 110001011 

RC t ➔ f 1010100010 110001011 RC f ➔ j- 0101000100 110001011 

RC f ➔ f 1010001001 110001011 RC t ➔ 't 0100010010 110001011 

RC f ➔ j 1000100100 110001011 RC t ➔ f 0001001001 110001011 

RC f ➔ j 0101010110 110001011 RC f ➔ f 1010101100 110001011 

RC f ➔ j 0101011001 110001011 RCf ➔ f 1010110010 110001011 

RC f ➔ j 0101100100 110001011 RC f ➔ f 1011001001 110001011 

RC f ➔ f 0110010010 110001011 RC f ➔ f 0101001000 110001100 

RC f ➔ f 1010010001 110001100 RC f ➔ f 0100100010 110001100 

RC Q. ➔ £ 
2 • 0101010000 110001100 RCf ➔ f 1010100001 110001100 

RC f ➔ t 0101000010 110001100 RCf ➔ f 1000010001 110001100 

RC f ➔ t 0000100010 110001100 RCf ➔ f 0101011000 110001100 

RC f ➔ f 1010110001 110001100 RC f ➔ f 0101100010 110001100 

RC f ➔ f 1011000100 110001100 RC t ➔ f 0110001000 110001100 

RC f ➔ f 1010010000 110001101 RC f ➔ f 0100100001 110001101 

RC f ➔ f 0100010000 110001101 RC f ➔ f 1010100000 110001101 

RC f ➔ f 0101000001 110001101 RC t ➔ f 1010110000 110001101 

RC f ➔ f 0101100001 110001101 RC j- ➔ f 1011000010 110001101 

RC f ➔ f 0110000100 110001101 RC -t ➔ t 01001oooou 110001110 

RC t ➔ t 0101100000 110001110 RCf ➔ t 1011000001 110001110 

RC t ➔ f 0110000010 110001110 RC 't ➔ f 0101000000 110001111 

RC t ➔ t 1011000000 110001111 RC f ➔ °t 0010010011 110010011 

RC f ➔ f 0100100110 110010011 RCf ➔ f 1001001101 110010011 

RC f ➔ f 0010011010 110010011 RCf ➔ f 0100110101 110010011 

RC f ➔ t 1001101010 110010011 RC .f: ➔ Q 
3 'J 0011010101 110010011 

RC !I. ➔ £ 
3 2 0110101010 110010011 RCQ ➔ Q 

3 2 0100100101 110010011 

continued on next page 
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continued .from previous page 

Primitive Input Output Primitive Input Output 

RC f ➔ f 1001001010 110010011 RCf ➔ f 0010010101 110010011 

RC f ➔ f 0100101010 110010011 RC f ➔ f 1001010101 110010011 

RC f ➔ f 0010101010 110010011 RCf ➔ f 1001001000 110010011 

RCf ➔ f 0010010001 110010011 RCf ➔ f 1001000101 110010011 

RCf ➔ f 0010001010 110010011 RCf ➔ f 0100010101 110010011 

RC f ➔ f 1000101010 110010011 RCf ➔ f 0001010101 110010011 

RC t ➔ C 0100100111 110010100 RC f ➔ C 1001001111 110010100 

RC t ➔ C 0010011111 110010100 RCf ➔ C 0100111111 110010100 

RC t ➔ C 1001001011 110010100 RC f ➔ C 0010010111 110010100 

RC t ➔ C 0100101111 110010100 RC f ➔ C 1001011111 110010100 

RC f ➔ C 0010111111 110010100 RC f ➔ t 1001001100 110010101 

RC t ➔ f 0010011000 110010101 RC£ ➔ £ 
3 4 0100110001 110010101 

RC t ➔ f 1001100010 110010101 RC f ➔ f 0011000100 110010101 

RC t ➔ f 0010010100 110010101 RC f ➔ f 0100101000 110010101 

RC t ➔ f 1001010001 110010101 RCf ➔ f 0010100010 1 1 0 0 1 0 1 0 1 

RC t ➔ f 0010010000 1 1 0 0 1 0 1 0 1 RC f ➔ f 0000010001 l l O O l O l O l 

RC t ➔ f 0100110000 l 1 0 0 1 0 1 l 0 RC f ➔ f 1001100001 110010110 

RC t ➔ f 0011000010 l l O O 1 0 l l 0 RCf ➔ f 1001010000 110010110 

RC t ➔ f 0010100001 110010110 RC f ➔ t 1001100000 l l O O l O l l 1 

RC f ➔ f 0010100000 1 l O O 1 0 l 1 1 RC f ➔ t 0001000101 110011100 

RC f ➔ t 0100010100 110011100 RCf ➔ f 1000101001 110011100 

RC f ➔ t 0001010010 110011100 RC f ➔ t 0010100100 110011100 

RC f ➔ t 0010001001 110011100 RC f ➔ f 1000100011 110011100 

RC f ➔ t 0001000110 110011100 RCf ➔ t 0010001100 110011100 

RC t ➔ t 0100011001 110011100 RCf ➔ f 1000110010 110011100 

RC t ➔ t 0001100100 110011100 RCf ➔ f 0011001001 110011100 

RC t ➔ t 0100001001 110011100 RC f ➔ f 1000010010 110011100 

RC t ➔ t 0000100100 110011100 RCf ➔ t 1000001001 110011100 

RC t ➔ t 0000010010 110011100 RC f ➔ f 1000100101 1 1 0 0 1 1 1 0 1 

RC t ➔ f 0001001010 1 1 0 0 1 1 1 0 1 RC f ➔ f 0010001101 1 1 0 0 1 1 1 0 1 

continued on next page 
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continued ti-om previous page 

Primitive Input Output Primitive Input Output 

RC f ➔ f 0100011010 110011101 RC t ➔ t 1000110101 110011101 

RC t ➔ f 0001101010 110011101 RC t ➔ f 0010000101 110011101 

RC f ➔ f 0100001010 110011101 RCf ➔ f 1000010101 110011101 

RC f ➔ f 0000101010 110011101 RC-f ➔ C 0010001011 110011110 

RC -f ➔ C 0100010111 110011110 RC f ➔ C 1000101111 110011110 

RC f ➔ C 0001011111 110011110 RC f ➔ C 0001000111 110011110 

RC f ➔ C 0010001111 110011110 RC f ➔ C 0100011111 110011110 

RC -f ➔ C 0100010011 110011110 RCf ➔ C 1000100111 110011110 

RC f ➔ C 0001001111 110011110 RCf ➔ f 1000101000 110011111 

RC t ➔ f 0001010000 110011111 RC f ➔ f 0001001000 110011111 

RCf ➔ f 0100011000 110011111 RC f ➔ f 1000110000 110011111 

RC f ➔ f 1000010100 110100101 RC f ➔ f 0000101000 110100101 

RC t ➔ 'f 0001010001 110100101 RC f ➔ t 0001000011 110100101 

RC t ➔ 'f 0010000110 110100101 RCf ➔ t 0100001100 110100101 

RC f ➔ 'f 0000110001 110100101 RC f ➔ f 0001100010 110100101 

RC f ➔ t 0000001001 110100110 RC f ➔ f 0000101001 110100110 

RC f ➔ t 1000011001 110100110 RC t ➔ t 0000110010 110100110 

RC f ➔ t 0100000101 110100111 RC t ➔ f 1000001010 110100111 

RC f ➔ f 0000010101 110100111 RC f ➔ t 0000100101 110100111 

RC f ➔ f 0100001101 110100111 RC f ➔ f 1000011010 110100111 

RC f ➔ f 0000110101 110100111 RC f ➔ C 0010000111 110101000 

RC f ➔ C 0100001111 110101000 RC f ➔ C 0000100011 110101000 

RC f ➔ C 1000010011 110101000 RC f ➔ C 0000100111 110101000 

RC f ➔ C 0100001011 110101000 RC f ➔ C 1000010111 110101000 

RC f ➔ C 0000101111 110101000 RC f ➔ f 0000010100 110101110 

RC t ➔ f 0010000011 110101110 RC t ➔ f 0100000110 110101110 

RCf ➔ t 0000011001 110110000 RC t ➔ f 1000001101 110110001 

RC£ ➔ .£ 
5 2 0000011010 110110001 RCf ➔ C 0000010011 110110010 

RC f ➔ C 1000001011 110110010 RCf ➔ C 0000010111 110110010 

RC t ➔ C 0100000111 110110010 RC t ➔ t 1000000101 110110111 

continued on next page 
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continued from previous page 
Primitive Input Output Primitive Input Output 

RC t ➔ t 0000001010 110110111 RCf ➔ f 0100000011 110110111 

RC f ➔ f 0000001101 110111011 RCf ➔ C 0000001011 110111100 

RC f ➔ t 0000000101 111000000 

The output of the primitive classifier is a binary coded classification, and hence 
is not in a very human-readable format. Thus, each classification is given a number, 
as summarized in Table C.5 for a classifier based on the 10-35-35-9 neural network. 
This table is useful when observing the output graphs of the primitive classifier. 

Table C.5: Summary of Primitive Classifications, including Classification Number 

for the 10-35-35-9 Neural Network 

Classification Corresponding Clauification Corresponding Claaaification Corresponding 

Number Primitive Number Primitive Number Primitive 

1 DG 2 CBR 3 PT 

4 RC C ➔ f 5 RC C ➔ -f 6 RCC ➔ f 

1 RC C ➔ f 8 RCC ➔ f 9 RCC ➔ t 

10 RC C ➔ f 11 llCf ➔ C 12 RC t ➔ f 
13 RCf ➔ f 14 RC f ➔ f 15 RC °t ➔ f 
16 RC f ➔ f 17 RCf ➔ t 18 RCf ➔ C 

19 RC f ➔ t 20 RC f ➔ f 21 RCf ➔ f 
22 RC t ➔ f 23 RCf ➔ t 24 RC f ➔ C 

25 RC f ➔ f 26 RC f ➔ f 27 RC f ➔ f 
28 RC f ➔ j 29 RC f ➔ C 30 RC f ➔ f 
31 RC f ➔ f 32 RCf ➔ f 33 RC f ➔ C 

34 RC f ➔ f 35 RCf ➔ f 36 RC t ➔ C 

37 RC f-+ t 

The traffic primitive classifications are enumerated in Table C.6 for the 15-80-
80-10 neural network based primitive classifier. This table is useful when observing 
the output graphs of the classifier. 
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Table C.6: Summary of Primitive Classifications, including Classification Number 

for the 15-80-80-10 Neural Network 

Classification Corresponding Cluaification Corresponding Claaaification Corresponding 

Number Primitive Number Primitive Number Primitive 

l DG 2 CBR 3 PT 

4 RC C ➔ f 5 RCC ➔ f 6 RC C ➔ f 
7 RCC ➔ f 8 RCC ➔ f 9 RCC ➔ f 

10 RCC ➔ f 11 RC C ➔ f 12 RCC ➔ ~ 

13 RC C ➔ ~ 14 RC C ➔ :; 15 RCC ➔ f; 

16 RCf ➔ C 17 RC f ➔ f 18 RC f ➔ f 
19 RC t ➔ f 20 RC f ➔ f 21 RC f ➔ f 
22 RCf ➔ f 23 RCf ➔ f 24 RC f ➔ ~ 
25 RC f ➔ ;i 26 RC f ➔ :; 27 RC f ➔ f 

28 RC f ➔ C 29 RCf ➔ f 30 RC 't ➔ f 
31 RCf ➔ f 32 RC f ➔ f 33 RC f ➔ f 
34 RC f ➔ f 35 RC f ➔ ~ 36 RC f ➔:; 

37 RC f ➔ °t 38 RC f ➔ t 39 RC f ➔ C 

40 RCf ➔ f 41 RC f ➔ t 42 RCf ➔ t 
43 RCf ➔ f 44 RCf ➔ f 45 RC f ➔ ~ 
46 RCf ➔ t 47 RCf ➔ f 48 RC f ➔ t 

49 RCf ➔ C 50 RC f ➔ f 51 RCf ➔ -t 

52 RC f ➔ f 53 RCf ➔ f 54 RC f ➔ f 
55 RC f ➔ f 56 RC f ➔ f 57 RCf ➔ t 
58 RC f ➔ C 59 RC f ➔ f 60 RCf ➔ f 

61 RCf ➔ t 62 RCf ➔ f 63 RCf ➔ f 

64 RCf ➔ t 65 Ref ➔ f 66 RC f ➔ C 

61 RC f ➔ -f 68 RC f ➔ f 69 RC f ➔ f 

70 Ref ➔ t 71 RCf ➔ f 72 RCf ➔ f 

73 RCf ➔ f 74 RCf ➔ C 75 RC f ➔ f 

76 RCf ➔ t 17 RC f ➔ f 78 RC f ➔ f 

79 RCf ➔ f 80 RC f ➔ C 81 RC~ ➔ t 

82 RC~ ➔ f 83 RC~ ➔ f 84 RC~ ➔ f 
continued on next page 
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continued from previous page 

Classification Co~ponding Classification Corresponding Claaification Corresponding 

Number PriJnitive Number Primitive Number Primitive 

85 RC~ ➔ C 86 RC 1~ ➔~ 81 RC fi ➔ f 
88 RC~ ➔ t 89 RC:; ➔ C 90 RC :; ➔ i'; 

91 RC:; ➔ f 92 RC g ➔ C 93 RCfs ➔ 1; 

The traffic primitive classifications are enumerated in Table C. 7 for the 20-
200-200-11 neural network based primitive classifier. This table is useful when 
observing the output graphs of the classifier. 

Table C.7: Summary of Primitive Classifications, including Classification Number 

for the 20-200-200-11 Neural Network 

Classification Corresponding Claaai6cation Correaponding Cluaification Corresponding 

Number Primitive Number Primitive Number Primitive 

l DG 2 CBR 3 PT 

4 RCC ➔ t 5 RC C ➔ f 6 RCC ➔ f 

7 RC C ➔ f 8 RC C ➔ f 9 RCC ➔ f 

10 RCC ➔ t 11 RCC ➔ 'f 12 RCC ➔ 1~ 

13 RC C ➔ [i 14 RC C ➔ :; lS RCC ➔ g 
16 RCC ➔ ~ 17 RCC ➔ fs 18 RCC ➔ ~ 

19 RCC ➔ i 20 RCC ➔ ~ 21 RC f ➔ C 

22 RCf ➔ f 23 RC -t ➔ -f 24 RC f-+ f 
25 RC t ➔ -l 26 RC~ ➔ f 27 RC f ➔ f 
28 RC t ➔ 't 29 RC~ ➔ fa 30 RC f ➔ ~ 
31 RC t ➔ ~ 32 RC~ ➔ g 33 RC f ➔ ~ 
34 RC t ➔ :; 35 RC t ➔ ~ 36 RC f ➔ ~ 
37 RCf ➔ t 38 RCf ➔ C 39 RC f ➔ f 
40 RCf ➔ f 41 RC f ➔ f 42 RC f ➔ f 
43 RC f ➔ -t 44 RC£ ➔ £ , 9 45 RCf ➔ fa 
46 RC f ➔ [i 47 RC f ➔ ~ 48 RCf ➔ ~ 
49 RC f ➔ ~ 50 RC f ➔ fs 51 RCf ➔ i 
52 RC Q. ➔ Q 

4 l 53 RC£ ➔ £ .. :r 54 RCf ➔ C 

continued on next page 
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continued from previous page 
Classification Corresponding Claa.sification Corresponding Claasification Cocresponding 

Number Primitive Nwnber Primitive Number Primitive 

55 RC f ➔ f 56 RC f ➔ °t 57 RC f ➔ t 
58 RC f ➔ f 59 RC~ ➔ f 60 RC t ➔ ~ 

61 RC f ➔ ~ 62 RC f ➔ [; 63 RC f ➔ :; 

64 RCf ➔ ~ 65 RC "f ➔ fs 66 RC f ➔ f 
67 RC f-+ °t 68 RC f ➔ f 69 RCf ➔ C 

70 RC f-+ f 71 RC f-+ f 72 RCf ➔ t 

73 RC f ➔ f 74 RC f ➔ ~ 75 RC t ➔ ~ 
76 RCf ➔ g 77 RC f ➔ ~ 78 RC t ➔ ~ 
79 RC f ➔ f 80 RC f ➔ f 81 RC t ➔ -f 
82 RC f ➔ f 83 RCf ➔ C 84 RC f ➔ f 
85 RC f ➔ f 86 RC f-+ f 87 RCf ➔ {{, 

88 RCf ➔ t~ 89 RC f ➔ :; 90 RC f ➔ ~ 
91 RC f ➔ f 92 RC f ➔ f 93 RC f-+ f 
94 RCf ➔ f 95 RC f ➔ f 96 RC f ➔ C 

97 RC f-+ f 98 RC f ➔ f 99 RC f ➔ ~ 
100 RC f ➔ {; 101 RCf ➔ ~ 102 RC f ➔ t 
103 RC f ➔ f 104 Ref ➔ f 105 Ref ➔ f 
106 RC f-+f 107 RC t ➔ °t 108 RC f ➔ C 

109 RC -t ➔ f 110 RC t ➔ ~ 111 RC f ➔ :=; 

112 RC f ➔ f 113 RCf ➔ f 114 RC f-+ f 
ll5 RC t ➔ f 116 RC f ➔ f 117 RCf ➔ f 

ll8 RC t ➔ f 119 RC f ➔ C 120 RC t ➔ ~ 

121 RC~ ➔ f 122 RC{{. ➔ f 123 RC* ➔ f 
124 RC~ ➔ f 125 RC {;. ➔ f 126 RC~ ➔ f 

127 RC~ ➔ f 128 RC~ ➔ f 129 RCft ➔ C 

130 RC:; ➔~ 131 RC~ ➔ f 132 RC ii ➔ f 
133 RC:; ➔ f 134 RC~ ➔ f 135 RC:; ➔ f 
136 RC:; ➔ f 137 RC fi ➔ f 138 RCfi ➔ C 

139 RC ~ ➔ f; 140 Rc 1;-+f 141 RC ft ➔ f 
continued on next page 
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continued from previous page 
Clauification Corresponding Cluaification Corresponding Claaification Corresponding 

Number Primitive Number Primitive Number Primitive 

142 RC t; ➔ f 143 RC g ➔ f 144 RC:; ➔ f 
145 RC~ ➔ f 146 RC:; ➔ C 141 RC:; ➔:; 

148 RC{; ➔ f 149 RC g ➔ -f 150 RC:; ➔ t 

151 RC:; ➔ °t 152 RC g ➔ f 153 RC:; ➔ C 

154 RC~ ➔[; 155 RC~ ➔ "f 156 RC~ ➔ t 

151 RC~ ➔ f 158 RC~ ➔ f 159 RC~ ➔ C 

160 RC~ ➔~ 161 RC 1~ ➔ t 162 RC:; ➔ -t 

163 RC~ ➔ t 164 RC~ ➔ C 165 RC~ ➔~ 

166 RC~ ➔ f 167 RC~ ➔ f 168 RC~ ➔ C 

169 RC~ ➔~ 170 RC~ ➔ f 171 RC::; ➔ C 

172 RC~ ➔~ 
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