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ABSTRACT

Loads in computer networks, i.e. sequences of requests, are
modified within the protocol hierarchy of multiple nodes
during the transmission process via an interconnected net-
work such as the Internet. This alteration can be seen as
a transformation which tends to be of high complexity in
today’s computer networks. A comprehensive knowledge of
the affecting load transformation(s) can be of great help for
the prediction of loads as seen at interfaces within the com-
munication network based on information concerning load
at the application layer (primary load). In the past we suc-
cessfully developed realistic, analytical models for important
types of load transformations. In particular we proposed
load transformations for primary loads which can be validly
described by BMAPs (Batch Markovian Arrival Processes).
For a deeper understanding and simplified usage of these
analytical transformation models the availability of a tool
which allows for a systematic application of the models is
highly advantageous. Accordingly this contribution presents
a tool which admits the generation of process descriptions
of loads which are transformed, possibly multiple times, in
a simple and intuitive manner.

1. INTRODUCTION

The number of users and the diversity of distributed appli-
cations and computer network services in current networks
typically is very large and has been increasing strongly and
steadily over the past decade(s). This holds in particu-
lar for the Internet and for public mobile networks. As a
consequence, the traffic induced into networks tends to be
highly complex and very difficult to understand and ana-
lyze. However, sufficiently realistic models for traffic and
load are indispensable in order to carry out meaningful and
valid performance evaluations and predictions for computer
and communication networks.

The global goal of this paper is to support the provisioning
of realistic characterizations of load as seen at different inter-
faces within the network (e.g. at different service interfaces
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within a network’s protocol hierarchy), where we define load
as a sequence of requests handed over to a service provider.
We assume that requests are characterized by the time in-
stant at which they are handed over to the service provider
and by a set of request attributes. Typically, load at an
application-oriented interface can be observed more easily
and be characterized by simpler models.

Evidently, load, i.e. the sequence of requests at a given
interface, is changed on its way through the layers of the
protocol stack — we call this manipulation and modification
of requests load transformation. Thus, a load transforma-
tion is a mapping of the original sequence of requests SR —
which we call primary load (PL) —handed over at an "upper’
interface IF} onto a new sequence of requests SRe — which
we call secondary load (SL) — observable at a ’lower layer’
interface [ F». Examples of load transforming mechanisms in
computer networks may comprise, e.g., fragmentation, the
delaying of packets at a router or traffic shaping mechanisms.
Coarsely, load transformations can be distinguished into
transformations which transform the requests per se and/or
those ones which have an impact on the timing of the se-
quence of requests, e.g. if they change the request inter-
arrival times (for more details, cf. Section 2).

An understanding of load transformations is highly impor-
tant as it would allow one to come up with realistic load
models for lower layer network interfaces just based on knowl-
edge regarding load at a higher interface (without having to
measure load at the lower interfaces — where observation
could be hard or even impossible anyway). The obtained
models can in turn be used for performance evaluation or
for load prediction. Moreover, the proposed procedures also
apply for cases where the system to be evaluated does not
yet exist. That is we can use load transformation procedures
during the design phase of a system as well.

So, the specific goal of this paper will be to elaborate tech-
niques and algorithms — combined with dedicated tool sup-
port — which allow us to precisely take into account the effect
of important classes of load transformations. Quite a few re-
search activities have been carried out in the past for model-
ing the effect of load transformations [1, 22], which have fo-
cused on the transformation of requests per se (in particular
on the transformation of request attributes, such as lengths
of data units to be transmitted). Therefore, the challenging
problem of finding realistic models for the transformation of
request arrival processes is still largely unsolved. In order to
describe the effect of a given load transformation it is impor-
tant to make an adequate choice concerning the description
technique of the arrival sequence at primary load level. We



focus on primary load models described in terms of BMAPs
(Batch Markovian Arrival Processes), because BMAPs have
already been successfully applied to model a large range of
load scenarios.

As one of its main contributions this paper will present a
tool which allows to specify in an intuitive way the pro-
posed load transformation procedures on BM APs, being
used as primary load models. By means of that tool it is
possible to systematically generate process descriptions of
the transformed loads which is highly advantageous for a
deeper understanding of the underlying systems’ behaviour.
Moreover the generated arrival processes can be used for the
analytical and simulative performance evaluation of the sys-
tems under consideration. As the transformation processes
encountered in computer networks tend to be highly com-
plex an important requirement to the tool was, allowing to
specify complex sequences of transfomations by a graphi-
cal editing process. Moreover because of the wide variety
of transformation types the tool is expandable via a plu-
gin mechanism. Due to this high degree of flexibility other
functions, e.g visualization or state reduction functionality,
can be incorporated as well. Up to our knowledge no tool
for transformation and manipulation of Markovian Arrival
Processes with the mentioned properties exists yet.

The concept of load transformation has been successfully ap-
plied to solve a number of problems: In [22] the distribution
of packet lengths for fragmented loads was derived. The au-
thors applied these results to M PEG video streams. In [6]
analytical transformations based on BM APs were given for
fragmentation and sliding window procedures. Additionally,
we proposed analytical transformations based on BM APs
with which we are able to incorporate the influence of loss
processes occuring at wireless links [7]. Besides their di-
rect use for load modeling these results can be used to com-
pute an optimal maximum fragment length with respect to
throughput maximization.

Moreover, the concept of load transformation is closely re-
lated to that of departure processes, where the transformed
load is described by means of process specifications. In [24]
the authors give approximative descriptions of the depar-
ture process from a BMAP/M AP/1-Queue. The authors
assume infinite capacity of the queue and give approxima-
tions, whose complexity depends on the lag up to which the
correlation of the queue length is captured.

Batch Markovian Arrival Processes (BMAP) were first in-
troduced with alternative notation in [17]. The author uses
the term wersatile Markovian Point Process. BMAPs in the
formulation used in this paper were introduced in [15]. Since
then considerable effort has been made to investigate Batch
Markovian Arrival Processes. Recent works include for ex-
ample the blocking probability of a BMAP/G/1 Queue-
ing System [2], the departure process from a BMAP/G/1
Queue [5] or the workload distribution for systems with
threshold [14]. Here the server is assumed to stay idle un-
til workload, i.e. the number of requests waiting for ser-
vice, exceeds a certain threshold. Other works extend the
BMAP/G/1 Queueing System: In [11] such an extension
of BMAP/G/1 is elaborated in order to allow the arrival
stream to depend on the system’s state, i.e. on the number
of customers in the system.

In [13] BMAPs are used to model network traffic at IP-level.
The authors give procedures to match model parameters
with measured data. Several modeling techniques for video
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traffic using BM APs were proposed. In [10] video traffic
is successfully modeled by discrete BM APs in order to in-
vestigate the queueing behaviour of the video stream. The
authors use the results for buffer dimensioning. Moreover,
adequate models for voice data transmission can based on
constructed from the on-off models typically used in liter-
ature (cf. e.g. [20]). There are nonetheless cases where
modeling of primary load by means of BMAPs might not
be the best choice, e.g. when the load generation process at
primary load level is influenced by the state of the computer
network.

Though we do not know of any tools with directly compa-
rable functionality, several remotely related tools have been
published, e.g. for model checking of markov chains [9] or
for the analysis and simulation of Petri nets [18].

The rest of this paper is organized as follows: In section 2 we
describe the concept of load transformation in general and
its application to Markovian Arrival Processes. We propose
a load transformation modeling the effect a token bucket reg-
ulator has on Markovian Arrival Processes. In section 3 we
present our newly designed tool, which allows for graphical
composition of load transformations of Markovian Arrival
Processes. By using this tool we evaluate the usefulness and
accuracy of the proposed methods in section 4.

2. LOAD TRANSFORMATIONS

Modern computer networks, which are organized in layers
and interconnected systems, constitute complex networks of
service stations. In such a network each station influences
the load characteristics seen by subsequent stations. This
alteration of load characteristics is called, in our terminol-
ogy, transformation of primary load to secondary load (cf.
figure 1 where process P could correspond to > 1 adjacent
protocol layers in its functionality). In the context of com-
puter networks load transformations are for example packet
fragmentation, queueing delay or traffic shaping.

Before introducing load transformation in a formally rigouros
manner, we first need to define load as shown in definition
1 [21].

¢ SRy (primary load)

T

G) }Z 1 Protocol Layers
1F,
I:’S:Rzl(secondary load)

Figure 1: Load transformation between interfaces
IF} and IF> by a request transforming process P

DEFINITION 1. Load L = L(E,S,IF,T) is defined as the
sequence of requests, which are provided to the service system
S during interval T by its environment E. Requests are
passed via interface IF, which separates the service system
from its environment. <

Based on Definition 1 we define four types of transformations



which we subsequently use to describe the effect which a
given transformation has onto a given load.

1. We define request transformation as a function Tk,
which maps the sequence of primary load requests R? =
(r?,...,m%;) to the sequence of secondary load requests
R® = (ri,...,r%) for a given transformation.

TRZRP—>R5

2. Transformation of timing is defined as a function map-
ping interarrival times of primary load T? = (¢1, ..., t%;)
to interarrival times of secondary load T° = (t1, ..., t%)

Tr: TP —T°

3. If the transformation of request attributes cannot be
achieved independently of timing, we additionally use

Th: R x TP — R®

4. Likewise, if the transformation of timing cannot be
achieved independently of request attributes, we use

Tr:RP x TP —T°

Case 1 corresponds, e.g., to the influence of fragmentation on
the distribution of packet lengths, whereas case 2 could be
used to capture the influence of variable delay experienced
in a router. Case 3 may be applied when the interarrival
times of packets influence the loss probability of packets, so
that the packet lengths at secondary load level depend on
the packet lengths and the interarrival times at primary load
level. Analogously, case 4 can be used to model the influence
of packet lengths on the interarrival times at secondary load
level.

Although it is possible to transform concrete arrival sequen-
ces in a straightforward algorithmic (e.g. simulative) man-
ner, this approach bears some disadvantages. First the sec-
ondary load obtained via transformation of concrete arrival
sequences is not suitable for analytic methods like queue-
ing theory, which makes it difficult to obtain performance
measures, e.g. waiting time or blocking probability. Sec-
ond, even if we use a stochastic model for primary load, the
obtained description of secondary load would only be a re-
alization of the transformed stochastic process.

On the other hand analytically tractable models often have
strong restrictions concerning their modeling power. In or-
der to circumvent the disadvantages of both worlds as far
as possible, we chose to model primary load by means of
Batch Markovian Arrival Processes (BMAP) (see definition
2 [16]).

DEFINITION 2. Let the Batch Markovian Arrival Process
(BMAP) be defined as a markovian arrival process with in-
finitesimal generator matriz:

Do D1 D2 Ds
0 Do D1 D2
Q = 0 0 Dy D;

With D,...,s being (m X m) matrices defined by:

(Do)ii = —Xi, 1<i<m
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(Do)ij = Aipi(0,7), 1<i,j<mAi#j

(Dr)iz = Xipi(k,j§), 1<4,j<mAk>0

> opil0.)+ D) pilkg) =1, 1<i<m
j=1 k=1j=1
J#

&

Here p;(k,j) denotes the probability that — given the pro-
cess is in state ¢ — a transition to state j occurs with a batch
arrival of size k. The overall rate with which the process
leaves state i is given by A;.

The class of BM AP contains a number of stochastic arrival
processes which are typically used in load modeling. One of
this process classes is the Markov Modulated Poisson Pro-
cesses (M M P P) which is given by an infinitesimal generator
matrix @) and a vector of rates r. Here arrivals occur at a
rate specified by the " entry of r if the process is in state 3.
For further usage we define the conversion of a MM PP to
a BM AP as given by Equ. (1) [16]. Here diag(r) represents
a diagonal matrix with values given by the vector of rates r.

Q — diag(r), =0

diag(r), i=1 (1)
0, i>1

Di>o =

In prior works we gave transformation procedures operating
on BMAPs: for fragmentation processes [6] and for losses on
wireless links [7]. These procedures allow to derive the sec-
ondary load description, resulting from the particular trans-
formation, as a BM AP again. Thus, we model load trans-
formations as functions mapping BMAPs to BMAPs:

Temap : BMAP? — BMAP? (2)

In order to describe load aggregation by means of the meth-
ods used here we additionally define

Temap : BMAP? x BMAP? — BMAP® (3)

where the aggregation of two BMAPs D' and D? is given
by Equ. (4) where @ denotes the Kronecker sum [16].

D; =D} ¢ D?, iec{0,.. 00} (4)

We developed transformation procedures based on BM APs
for a number of scenarios. As mentioned above we success-
fully applied the proposed method to fragmentation, slid-
ing window procedures and the impact of losses induced by
wireless links. Moreover we developed a transformation pro-
cedure modeling the effect a token bucket module has on
arrival sequences which we will describe in this article. Evi-
dently the description of departures from a queue by means
of markovian arrival processes can be seen as a result of a
load transformation, too.

Putting these results together we are able to describe more
complex scenarios as a composition of multiple transfor-
mations (possibly of different type). As we only consider
transformations mapping to a single BM AP the evaluation
of the composed transformations resembles a tree structure
with the final result as the root. Moreover as aggregation is
considered, too, multiple partially independent paths may
occur. We will later on make use of these two facts in the
design of the transformer tool.



Due to the restricted space we cannot describe all trans-
formation procedures developed yet. For this reason we
illustrate the concept by presenting a load transformation
modeling the impact of a token bucket mechanism. The to-
ken bucket mechanism is widely used for traffic shaping and
policing in computer networks especially in Integrated Ser-
vice (IntServ) resp. Differentiated Service (DiffServ) envi-
ronments. In a token bucket module for each served request
(e.g. packet) one token has to be present in the system.
Tokens arrive periodically and can be accumulated up to
maximum value n¢ (cf. [19]). The maximum number of to-
kens queueable in the system and the rate with which they
arrive determine the influence the module has on arrival se-
quences. Moreover a token bucket module can be used as
a dropping device or as traffic shaper. In the former case
arriving requests are dropped with a given probability if no
token is present at the specific arrival instant. In the latter
case queueing of requests is allowed up to maximum queue
length n, which leads to a shaping of the arrival sequence.
In a token bucket module tokens are assumed to arrive with
constant interarrival time. Here for the purpose of tractabil-
ity we assume that tokens arrive according to the Marko-
vian Arrival Process MAPT = (D, DT). We discuss the
approximative character of the description given here in sec-
tion 4. Furthermore the arrival of requests is assumed to be
given by MAPF = (D{, D).

The key idea behind the transformation procedure is that
the behaviour of the system (with respect to departures) is
determined by three factors: the state of the arrival process
of requests, the state of the arrival process of tokens and the
number of tokens resp. requests present in the token bucket
module. For that reason we define the state of the token
bucket module as k € {—nq, ..., n:} where states k < 0 rep-
resent backlogged requests and states with & > 0 represent
accumulated tokens. Both state spaces can now be com-
bined by means of Kronecker operations in such a way that
the behaviour of the system when the token bucket module
is in state k can completely be described. In order to do so
we define the following block matrices based on the descrip-
tion of the arrival process of requests M APT resp. tokens
MAPT:

L=Df® D] (5)
L=1I(m)@Dg (6)
T = DY @ I(ma) (7)
A=1I(m:) @ D (8)

Here mq resp. m: denotes the size of the state space of ar-
rival process of requests resp. tokens and I(n) is an identity
matrix of size n X n. Moreover, ® denotes the Kronecker
product. The matrices defined above bear resemblance to
those matrices used in the description of departure processes
from queues (see e.g. [24]). This results from similarities
that exist between queues and the token bucket mechanism:
Depending on the state of the token bucket module either
tokens or requests are queued so that the system can be seen
as a double sided queue.

The semantic of the four matrices is as follows: Matrix L
represents transitions of the system which do not change
the number of tokens resp. requests present in the system,
i.e. only transitions without arrivals are considered here.
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Matrix L only considers transitions in the arrival process
of requests. This matrix is used to describe the system’s
behaviour when the maximum number of tokens is accumu-
lated. Furthermore, matrix 7" describes the rate with which
the arrival of tokens changes the system’s state from state
k to kK + 1. Analogously matrix A describes the rate with
which arriving requests change the system’s state from k to
k — 1 (in case the number of backlogged requests has not
reached its maximum value yet). Based on these semantics
the block matrices can be combined as shown in Proposition
1 in order to describe the system’s behaviour as a whole.

PROPOSITION 1. Let the Markovian Arrival Process de-
scribing the arrival process at primary load level be given by
MAPF = (Df, DF). Tokens arrive according to the Marko-
vian Arrival Process MAPT = (DE, DT).

Then the departure process from the Token Bucket requlator
is given by MAP® = (D§, D) of size m = mq - my - (N +
ne + 1) with Matrices

L+A 0 0 ... 0
A L 0 .. 0
Dj = 0 A L T 0
0 0o 0 L T
0 0 L
0T 0 0
0 0 T 0
Di=1]o0 0 0 0 0
0 A 0 0
0 0 A 0

&

Here n; denotes the maximum number of tokens that can
be accumulated and n, is the maximum queue length. The
state space can be separated into (nq +mn:+ 1) subsets corre-
sponding to the number of tokens resp. requests present in
state k. We enumerate these subsets by Z = {—na, ..., n¢ }.
Here a negative number —[ refers to subsets representing
states with [ backlogged requests, whereas a positive num-
ber k represents subsets with k tokens present in the system.
In states —I the system behaves essentially like a queue
where token arrivals correspond to service completion. For
states k the roles change and in a way the tokens behave
like queued requests while arrivals have the effect of service
completion on the queued tokens. To summarize, the pro-
cess under consideration can be seen as “double sided queue”.
We describe the properties of the departure process from a
token bucket module in a detailed manner. As the number
of the states might exceed a maximum level tolerable for
subsequent analysis we additionally proposed a method for
the reduction of the state space size with which state space
subsets can be aggregated (cf. [8] for details). Additionally
standard state space reduction techniques (e.g. [4]) can be
used in cases where the state space grows too large. In these
cases the proposed procedures serve as a tool to derive a de-
tailed description of the transformed load whose complexity
can be reduced to an acceptable degree.



3. ARCHITECTURE OF THE LOAD TRANS-
FORMER

We believe that tool support is essential for the usability of
modeling methods in general. This holds especially for the
proposed load transformations of Markovian Arrival Pro-
cesses where the transformation procedures typically consist
of matrix based operations which are not always straightfor-
ward to implement. To simplify the application of the pro-
posed methods we designed a tool which allows the compo-
sition of transformations and the aggregation of load models
by means of a graphical editing process. In this section we
present the architecture of this load transformer. For this
architecture we identified the following requirements:

R1 Generality The architecture should support multiple
input resp. output interfaces and load transformations
as presented in this paper. Additionally state space
reduction and visualization functionality is desirable.

R2 Expandability Based on the previous requirement it
should be possible to extend the functionality without
the necessity of modifying the load transformer itself.

R3 Portability It should be possible to run the transformer
on all operating systems commonly used.

R4 Support for Concurrent Execution As the transfor-
mation of multiple arrival processes which are aggre-
gated at some point of operation allows for the concur-
rent execution of the transformations the architecture
should facilitate parallelism.

R5 Support for Hierarchical Modeling In modeling a
transmission process several typical sequences of trans-
formations are frequently met. In order to increase to
clarity of the models it should be possible to represent
these sequences as one single module.

R6 Usability It should be possible to generate models of
transformed loads without detailed knowledge of the
underlying algorithms or of a proprietary script lan-
guage. Once a model is specified the generation of the
transformed models should be fully automated.

In the following we describe the mechanisms which were em-
ployed in order to fulfil the requirements R1-R6. Concerning
the first two requirements we opted for a plugin based mech-
anism, which means that additional modules can be added to
the transformer without the source code available. Instead
of modifying the source code of the transformer a C++ in-
terface is provided that has to be implemented. The result-
ing binary code is integrated by runtime linker mechanisms
available in all operating systems commonly used. Based on
this decision we implemented the core functionality of the
transformer which is illustrated by the class diagram shown
in fig. 2. As can be seen the transformation functional-
ity is accessed by the graphical user interface through the
transformer module which encapsulates the core functional-
ity. Each module is represented by an instance of the class
TransformAlg which possesses information about its suces-
sors, the plugin to be used and the specific parameters. The
plugin itself implements the specific transformation func-
tionality and is dynamically linked into the program. In
order to get successfully linked and used the plugin mod-
ule has to provide methods for the transformation and the
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string
iTransfornAlg): void
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r(): pair<TransformAl

unsigned short>

rIndex(): unsigned short

+getNumInputs(): unsigned short

+getFloatParans

+getFloatParanName (index
+getFloatParanValue (i

+setFloatParanValue (i

Figure 2: UML-Class Diagram of the transformer

Plugino>

PluginA

passing of parameters. (These methods are called pure vir-
tual in C++ terminology and are followed by ” = 0" in
the class diagram shown in fig. 2). The number of param-
eters and their type is determined by the plugin itself and
depends on the underlying transformation. In case of the
token bucket transformation described above we have two
parameters: the maximum number of queueable requests n,
and the maximum number of queueable tokens n;. In case of
the fragmentation transformation the two parameters used
are the maximum fragment length and the mean interarrival
time between fragments. The tool provides adaptive dialogs
for the parametrization of each plugin module so that we
can adjust the behaviour of the transformation algorithm to
that of the network module to be modeled.
The third requirement Portability is reached by only using
libraries which are available on all major operating systems.
For that reason we are using the wzWidgets-Library [23] for
the graphical user interface and runtime linkage function-
ality which enables us to compile the resulting C++-Code
without additional operating system specific adaption of the
source code.
In order to allow for Concurrent Execution of the transfor-
mations we chose a completely data flow-driven execution
by which the degree of parallelism inherent in the model is
exploited. This design is very similar to the concept of data
flow architecture proposed in the context of programming
language and computer design (see e.g. [12]).

The mode of operation of the chosen architecture is illus-
trated in fig. 3. Here each module waits for its input chan-



Param.

| Param.

Figure 3: Illustration of the dataflow architecture

nels (IC) to receive input data and starts processing the
input data afterwards. After finishing the computation the
output data is sent to the succeeding module via the output
channel (OC). This way the maximum degree of parallelism
possible (at this degree of granularity) is reached without the
necessity of additional synchronisation mechanisms.
Although more complex scenarios are possible we restrict
ourselves to modules with one output channel and k € {0, 1, 2}
input channels. Modules with zero input channels are sources
(e.g. reader modules) which can be thought of as starting
points of the computation. Moreover, modules with two in-
put channels aggregate two BM APs. By cascading such
modules we are able to reach arbitrary degrees of aggrega-
tion. The module specific parameters are set a priori, that
is during the configuration of the model. The resulting se-
quence of events during transformation is depicted in fig.
4 where we show the interaction between the transformer
module and two TransformAlg modules.

For the fifth requirement (Hierarchical Modeling) we imple-

<<Transformers> || <<TransformAlgs> | | <<TransformerAlgPlugin>> || <<TransformAlg>> || <<TransformerAlgPlugin>>

transformer

|

transformAlgPluginA PluginA transformAlgPluginB Pluging

add () |
loadPlugin () :
add () L
setSuccessor () — S
T || setsuccessor()
setinput () _\
run ()
transform ()
«-------"
| setlnput ()
\_ run ()
transform ()
___________ e —-—=---+
______ «------
I — delete ()
=) I delete ()

Figure 4: Sequence Diagram

mented a plugin module which is able to run transformations
specified by project files previously saved in the transformer.
That is we can specify a model in the transformer and use
the generated save file directly as single module. For the
sake of simplicity we restricted ourselves to models with one
input and one output. By using this module we are able to
introduce as many layers of hierarchy as desired because as
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a consequence of the architecture the MultiPlugin Module
can be used recursively.

Finally, in order to make the usage of the resulting tool easy
we implemented a graphical user interface which allows for
model specification as a graph structure (cf. fig. 5). This
way the model can be specified without writing program
code. Instead the model can be directly “drawn” and af-
ter dialog based parametrisation of the model the resulting
transformed load can be automatically generated.

We plan to make the described tool publicly avaible soon
on our website! accompanied by several input resp. output
modules, transformations and visualization modules already
implemented. The following load transformations can, up to
now, be modeled within the transformer tool:

e Fragmentation [6]
e Header Generation [7]
e Token resp. Leaky Bucket Regulation

e Losses on wireless links [7]

Sliding Window procedures [6]
e Queueing, cf. e.g. [24]
e Aggregation [16]

As mentioned in section 2 the class of BMAPs contains the
widely used Poisson Processes and Markov Modulated Pois-
son Processes for which input modules already exist. That
is we can use the transformer directly as a tool for these
two process classes. Additionally we implemented a module
for the visualization of realizations of the Markovian Arrival
Process whose output is illustrated by way of example in
figure 5. By means of that module the properties of the
transformed arrival process can be investigated by visual in-
spection.

4. CASE STUDIES

In the following section we illustrate the proposed ap-
proach by means of a case study. For that we employ the
load transformation procedures in order to model a typical
DiffServ scenario. For the generation of the departure pro-
cess we use the transformer tool described in the previous
section. In this scenario a video stream is multiplexed with
aggregated flows, which we model by a Markov Modulated
Poisson Process. As a model for the video stream we use a
simple BM AP with three states. Each state represents one
of the frame types (i.e. I—,P— and B—Frames) typically
used in case of MPEG-Coding. The probabilities px(i,7)
(cf. Def. 2) were chosen according to the empirical length
distribution derived from a trace of a recorded soccer game.
The mean and standard deviation of the state specific batch
sizes are shown in table 1. (We do not model varying motion
intensities here. This is nonetheless possible at the cost of a
higher number of states.)

Before being multiplexed the modeled video stream is sub-
ject to fragmentation and header generation. For this we
use the two corresponding procedures proposed in [6, 7]. We
model fragmentation explicitly for two reasons: First, by us-
ing this procedure we are able to incorporate the influence of

"http://www.informatik.uni-hamburg.de
/TKRN /world /lupus/index.htm
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process describes the aggregated traffic at a packet level so
that we derive the M AP of the aggregation of both arrival
sequences by means of formula (4).

Q1= ( IS’ jo ) r= (100 500 ) (10)

The resulting model for the aggregated traffic is subse-

HOST 1
MPEG
Source

Headergen.

DiffServ based

=} Token Bucket Communication

Figure 5: Graphical User Interface of the Trans-
former

slow transmission facilities which may induce non-negligible
delays between single fragments. This phenomenon would
have been completely neglected if the model of the unfrag-
mented arrival sequence would have been used. Second, in
order to limit the complexity of the model of the departure
process from a token bucket module we restrict ourselves to
simple Markovian Arrival Processes. For this we have to
neglect the batch sizes. As the size of a fragment is typ-
ically smaller than the size of the whole packet the error
induced by that abstraction is in general smaller if models
of fragmented arrival sequences are considered. The model
of the fragmented arrival sequence is additionally subject to
a transformation which models the generation of fragment
headers. This transformation simply modifies the BM AP
in such a way that a batch arrival of size i € {1, ..., 00} in the
BM AP representing the untransformed load implies a batch
arrival of ¢ + h where h is the specific header length (here
assumed to be constant). For the subsequent reduction of
the BM AP to a M AP we use the following formulas.

M

MAP BMAP MAP BMAP

Dy ™" =Dy , Di :E D; 9)
=1

Here M represents the maximum fragment length which we
set M = 1000 in the experiments presented here. The M AP
model of the video stream derived by formula (9) is multi-
plexed with the model of aggregated background traffic for
which we use the MM PP illustrated in formula (10). This

Table 1: Mean and standard deviaton of packet dis-
tribution generated in state i of the BM AP modeling
the video stream

State E[LT] Std[LT]
I 8396.7 2211.7
P 6360.6 2299.4
B 4863.2 1880.6
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Figure 6: Illustration of the case study

quently policed by a token bucket module. The considered
sequence of transformations models a typical DiffServ sce-
nario in which an aggregated flow is policed before entering
the subnetwork. The scenario as a whole is illustrated in fig-
ure 6. (In terms of analytical transformations the described
sequence coincides with the one graphically illustrated in fig-
ure 5. The modules were configured according to the param-
eters described above, such as maximum fragment length.)
In the following we will investigate the usage of such a mod-
ule as a shaping device and as a dropping device as well.
In the former case arriving packets can be queued up to
maximum queue length and are delayed up to the point
where the profile a priori agreed on allows the sending of
a packet of the specific size. In the latter case packets which
do not meet the profile specifications are dropped with a
given probability. (In the following experiments we use a
dropping probability of one in order to emphasize the effect
of the transformation. Lower probabilities are nonetheless
possible by increasing the arrival rates accordingly.)

First we present the results of the transformation for the
dropping scenario. In order to evaluate the accuracy of the
derived traffic model we compare the properties of realiza-
tions of the transformed M AP; with properties of arrival
sequences which were transformed simulatively. For this we
simulated the scenario described above in the network simu-
lator ns2 and collected measurements at the interface to the
network layer of the host following the token bucket mod-
ule. Furthermore for the analytically transformed load we
assume that the interarrival times of tokens are distributed
according to a k—stage Erlang distribution, which allows us
to approximate constant interarrival times arbitrary closely.
Unless otherwise stated we use 3 stages in the following.

In the upper part of figure 7 we plotted the empirical dis-
tribution of the interarrival times of the analytically resp.
simulatively transformed load. For comparison purposes
we additionally plotted the corresponding distribution for



the case of unpoliced load for which we deactived the to-
ken bucket transformation. As can be seen the analytically
transformed load captures the characteristics of its simula-
tively transformed counterpart with good accuracy. Except
for small time ranges the curves nearly coincide. Nonethe-
less as can be seen in the lower part of figure 7 we are clearly
able to match the main characteristics in this region, too.
Compared to the unpoliced load we see that the probability
of small interarrival times is reduced as expected.

Besides interarrival times we have to investigate the rate
with which departures from the Token Bucket module oc-
cur. For that purpose we compared the rate which is induced
by k successive departures in the mean defined by:

N i—1
1 ikl
R(k) = 5+ S o=t

ti —ti_k
imkp1 0T ik

Here t; denotes the " arrival time and I; is the length of
the i*" packet. The resulting rate for the experiment un-
der consideration is depicted in the middle part of figure
7. The curves representing the mean rate of the simula-
tively resp. analytically transformed sequences of requests
are nearly identical which indicates that the transformations
are able to capture the mean rate with very good accuracy.
In DiffServ scenarios not only the mean rate is of interest
but also the maximum rate. It is evident that we cannot
capture the mean rate with the markovian methods used
here deterministically. Nonetheless we see that the methods
used here are able to capture the charateristics of the max-
imum rate with good accuracy even for small values of k.
With increasing k the curve corresponding to the analyti-
cally transformed load converges to the curve corresponding
to the simulatively transformed load.

We evaluated the transformation procedures for varying

Table 2: Ratio of induced bytes of the analyti-
cal model compared to the simulative model of the
transformed M AP; in percent for different k

k=1

Rate R: |Bucket Size 1 3 5

1.2 96.5% 103.9% 104.7%
1.6 95.3% 104.3% 103.7%
2.0 96.1% 101.7% 102.5%
k=3

Rate|Bucket Size 1 3 5

1.2 97.5% 100.9% 103.6%
1.6 98.1% 101.2% 103.9%
2.0 97.8% 99.5% 100.6%
k=5

Rate|Bucket Size 1 3 5

1.2 98.5% 102.5% 102.9%
1.6 97.5%  99% 102.3%
2.0 98.2% 101.5% 100.5%

parametrisations of the token bucket module and of the
MMPP and for other MPEG traces and achieved com-
parable degrees of accuracy. This fact is demonstrated by
table 2 where we present the ratio of bytes induced by the
simulatively transformed load compared to its analytically
transformed counterpart for various token bucket parametri-
sations. Additionally, we illustrate the effect of the number
of Erlang stages (k) used. As can be seen the deviations
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from 100% do not exceed 4% and are typically much lower.
It is noteworthy that we achieve this without actually con-
sidering the exact packet length in the analytical model but
only model load at a packet level.

As mentioned before we can use the token bucket trans-

Table 3: Ratio of induced bytes of the analyti-
cal model compared to the simulative model of the
transformed M AP, in percent for different n,

ng =1

Rate R: |Bucket Size 1 3 5

1.0 100.7% 101.3% 101.6%
1.2 100% 101.4% 102.2%
1.6 98.7% 101.3% 101.1%
Ng = 3

Rate|Bucket Size 1 3 5

1.0 101.3% 102% 101.8%
1.2 101.4% 102.5% 102.1%
1.6 101.5% 101.5% 101.7%
Ng =5

Rate|Bucket Size 1 3 5

1.0 102.1% 102.1% 102.0%
1.2 102.6% 102.3% 101.2%
1.6 101.7% 102% 100.1%

formation shown in Prop. 1 to model the departure process
from a token bucket module used as a shaping device. For
that purpose we have to choose ng > 0. In the following, we
present a modification of the preceeding experiment where
we set nq = 3. (The maximum number of tokens is kept fix
at ny = 3 and the rate is reduced to Ry = R.) Analogously
to figure 7 we show the results for the resulting M AP, in
figure 8. Concerning the distribution of interarrival times
which is shown in the upper part of the figure we see that
the curve corresponding to the simulatively transformed load
exhibits a strong, abrupt increase at ¢t = 2.7ms which cor-
responds to the deterministic rate at which fragments of
maximum length depart from the system if no tokens are
initially present. We cannot capture this characteristic ex-
actly but as can be seen the properties with respect to the
interarrival times can be matched with good accuracy. For
the mean rate which is shown in the middle part of figure 8
we note that the proposed transformation procedure is able
to capture the properties of the modeled system with very
good accuracy. Similarly to the preceeding experiment the
maximum rate of the analytically transformed load deviates
locally from the maximum rate of the simulatively trans-
formed load but the behaviour with respect to the maximum
rate is clearly captured.

As in the dropping scenario we also evaluated the accuracy
of the transformed load for several parametrisations of the
token bucket module. Here too the quality is continuously
rather close to that of presented results. This is illustrated
by the ratio of induced bytes for the second scenario in table
3.

S. CONCLUSIONS

In this paper we presented the concept of load transforma-
tion for modeling loads at different interfaces in computer
networks. In particular we discussed load transformations
of Batch Markovian Arrival Processes (BMAPs) which we
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use as a characterization of primary as well as of secondary
load. This approach applies to all types of primary load
which can be validly described by BMAPs. Our modeling
approach was illustrated by means of a transformation pro-
cedure describing the influence that a token bucket regulator
has on arrival sequences described by BMAPs.
Furthermore the requirements for a tool which allows the
generation of process descriptions, which are transformed
possibly multiple times, in terms of BMAPs were identified.
Based on these requirements we developed an architecture
for an according load transformer which constituted the base
for the realized tool. This tool which was presented as one of
the main contributions of this paper allows for the specifica-
tion of primary loads and complex transformation sequences
in a convenient and intuitive manner. Finally we demon-
strated the potentials and benefits of the presented tool by
means of a case study. Moreover this case study documents
exemplarily that complex sequences of transformations can
be modeled with good accuracy with our modeling approach.
‘We plan to combine the presented tool with an existing load
generator (UniLoG, cf. [3]) in order to evaluate the model-
ing approach in real computer networks by measurements.
Furthermore we want to use the transformer in advanced
courses on Traffic Engineering and Performance Evaluation
in order to teach students our modeling approach and trans-
formation processes in computer networks in general. We
also continue to develop new transformation procedures es-
pecially in the context of connection-oriented protocols.
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