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Abstract. This paper describes an approach to the interpretation of
discrete event simulation results using machine learning techniques. The
results of two simulators were processed as machine learning problems.
Interpretation obtained by the regression tree learning system RETIS was
intuitive but obviously expressed in a complicated way. To enable a more
powerful knowledge representation, Inductive Logic Programming (ILP)
system MARKUS was used, that also highlighted some attribute combi-
nations. These attribute combinations were used as new attributes in
further experiments with RETIS and ASSISTANT. Some interesting regu-
larities were thereby antomatically discovered.

1 Introduction

Discrete simulation involves several stages: design and implementation of a model
for the system under study, performing experiments with the simulator, analysis
and presentation of experimental results (Paul and Balmer 1991). Analysis and
presentation of experimental results is usually done intuitively. Deriving useful
conclusions from the simulation results is a demanding task. In this paper we
propose to antomate this task by means of machine learning techniques. It should
be emphasised that in this application of Machine Learning tools the prediction
accuracy is not the main goal. After all, if the user is interested in prediction,
she or he can always use the simulator for that. The real goal here is to find
interpretation of simulation data and discover regularities, thus helping the user
to develop intuitive understanding of the domain.

Discrete event simulation produces example situations that can be used as
examples for machine learning. Section 2 describes discrete event simulation
domains used in our experiments with machine learning. Section 3 describes
three machine learning algorithms used to interpret the results of discrete event
simulation. Results are discussed in Section 4.
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2 Domains description

In our experiments we used two discrete event simulators, the Supermarket and
the Pub. They were suggested and generated by the domain expert as simple
and commonly used example domains in the simulation theory.

Each discrete event simulator has input parameters (attributes) that can be
changed by the user (our domain expert) and output some statistical indicators
(classes) calculated by the simulator. For each simulator and for each output
value, a machine learning domain was constructed and experiments with it per-
formed.

In the Supermarket domain, customers arrive and spend some time shop-
ping. After shopping, they have to wait to be served by a cashier. A customer
who on arrival sees a queue of more than QWSize people waiting to be served,
leaves without entering the supermarket. In the described process, there are
some attributes whose influence we want to investigate: number of cashiers in
the supermarket, Cashiers (varied from 1 to 5); maximum queue size tolerated
by a customer, QWSize (varied from 1 to 10); time between two arrivals, Arrival
(exponentially distributed with a mean of 1 to 10 minutes). We considered as
interesting the following statistical outputs, used as classes in learning: customer
“utilisation” (ratio between the number of customers that enter the shop and the
number of customers that arrive); cashier utilisation (fraction of cashier’s time
spent actually serving customers); length of the customers wait queue. Each
combination of attribute values corresponds to a run of simulator producing a
machine learning example. In this way, domains for all possible attribute values
were generated, having 5 x 10 x 10 = 500 examples.

In the pub simulator, customers arrive and wait for the barmaid to pour them
a glass of drink. After drinking, they leave or return to the queue for another
drink. The barmaids just pour beer and wash glasses. A glass can be either clean
(and empty), full (in use) or dirty. Problems, experiments and domain expert’s
comments for this domain are similar to the Supermarket domain.

3 Machine learning algorithms used

This section gives brief description of machine learning algorithms used to in-
terpret the results of discrete event simulation.

AssISTANT (Cestnik, Kononenko and Bratko 1987) is an attribute-value learn-
ing algorithm for the construction of binary classification trees. RETIS (Karali¢
1992) is an attribute-value learning algorithm for the construction of regression
trees. Regression trees are similar to binary classification trees constructed by
the AsSISTANT algorithm. MARKUS (Grobelnik 1992) is an Inductive Logic Pro-
gramming (ILP) system designed for inferring Prolog programs from examples
and counter examples of there behaviour. The MARKUSs. algorithm has its basis
in Shapiro’s MODEL INFERENCE SYSTEM (Shapiro 1983), but extends it in sev-
eral ways. A Prolog program induced by MARKUS uses background-knowledge
predicates defined by the user.
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4 Experiments and results

Experiments were performed on six learning domains (three for the shop and
three for the pub simulator).

As an example of regression trees generated by RETIS, let us consider the tree
for customer utilisation (which we can not include here for space reasons). In the
part of regression tree with Cashiers = 1 and Arrival < 4, customer utilisation
monotonically increases between 0.31 and 0.63 and is independent of customer
tolerance (QWSize). This can be explained as follows: for a small number of
cashiers and a high arrival rate of customers (attribute Arrival small), the
waiting queue in the steady state of the system is always long and occasionally
drops below QWSize thus not influencing customer utilisation. QWSize begins
to affect the results for the combinations Arrival > 6 or Arrival > 2 and
Cashiers > 3. This means, at lower arrival rates and/or higher number of
cashiers, QWSize becomes important.

We analysed the same simulation results with MARKUS with respect to the
question: what combinations of the supermarket attributes will result in cus-
tomer utilisation below or equal to 90%. We defined the following predicates as
background knowledge for MARKUS:

mult( A, B, ¢ ) :~ C is A * B.
add( A, B, C ) :~ C is A + B.
gtri( X ) :- X > 1., gtr2( X ) :-= X > 2. ... gtr9( X ) :- X > 9.

The target predicate for learning was: shop( Cashs, QWSize, Arriv), which
is true for customer utilisation < 90%. The following two Prolog clauses were
induced by MARKUS:

shop( Cashs, QWSize, Arriv) :-
mult( Arriv, Cashs, X ), not gtr5( X ).
shop( Cashs, QWSize, Arriv) :-
mult( Arriv, Cashs, X ), not gtri( QWSize ), not gtr6( X ).

These clauses can be read as: if Cashs*Arriv < 5 or Cashs*Arriv < 6 and
QwSize = 1 then CustomerUtil < 90%.

MARKUS nicely discovered the law that holds in situations with high input of
customers and low number of cashiers (consistent with the previous regression
tree). At lower input rates or higher number of cashiers, the parameter QWSize
begins to affect the performance which can also be seen in the rule above.

After seeing MARKUS results, we constructed new attributes (in similar way
as the ILP system LiINUs (Lavra&, Dzeroski and Grobelnik 1990) does) with four
basic algebraic operations (%, /, +, —) applied on pairs of original attributes.
Experiments with RETIS were repeated on such data sets. Additional experi-
ments (problem reformulated as for MARKUS), were performed by ASSISTANT.
Both attribute learning systems confirmed the results obtained by MARKUS,
moreover in all three domains for the Supermarket simulator the same com-
bined attribute (Cashiers*Arrival) is recognised as the “best” one. The role of
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parameter QWSize is also very similar. It begins to affect the performance when
Cashiers*Arrival is high (> 3 for RETIS, > 5 for MARKUS and ASSISTANT).

5 Conclusion

In the paper, we experimentally analysed the results of two simple discrete event
simulators by means of machine learning programs. Two attribute value and one
ILP systems were used on six domains (three for each simulator). The obtained
results are encouraging in that the induced descriptions provide some useful
insights into the dependencies between the parameters of a discrete event sys-
tem and its performance. Descriptions obtained by the ILP approach can be
particularly concise and interesting.

The induced descriptions have been confirmed to be of interest for the sim-
ulation domain experts. Some descriptions were new to the expert. This is im-
portant because the success of the present study should not be measured in
terms of prediction accuracy, but in terms of interpretation value of the induced
descriptions.
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