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ABSTRACT

Simulation modeling of complex systems is receiving increasing research attention over the past years. In this paper,
we discuss the basic concepts involved in multi-resolution simulation modeling of complex stochastic systems. We
argue that, in many cases, using the average over all available high-resolution simulation results as the input to
subsequent low-resolution modules is inappropriate and may lead to erroneous final results. Instead high-resolution
output data should be classified into groups that match underlying patterns or features of the system behavior
before sending group averages to the low-resolution modules. We propose high-dimensional data clustering as a
key interfacing component between simulation modules with different resolutions and use unsupervised learning
schemes to recover the patterns for the high-resolution simulation results. We give some examples to demonstrate
our proposed scheme.
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1. INTRODUCTION

In modeling complex systems it is impossible to mimic every detail through simulation. The common approach is to
divide the whole system hierarchically into simpler modules, each with different simulation resolution. In this context,
the output of a module becomes an input parameter to another, as illustrated in Figure 1. The decomposed modules
can be high-resolution or low-resolution models. High-resolution, e.g. the usual discrete-event simulation models,
take detailed account of all possible events, but are generally time consuming. Low-resolution (or coarser) modules,
perform aggregate evaluation of the module’s functionality (i.e., determine what would happen “on the average”).
Such modules are less time consuming and can be any of the following components: differential equations (used
for example in combat! and semiconductor simulations?), standard discrete-event simulation, and fluid simulation.?
Furthermore, the decomposed modules can also be an optimization or decision support tool such as the one described
by Griggs et. al.*

In a hierarchical setting, the lower level simulator (typically a high-resolution model) generates output data which
are then taken as input for the higher level simulator (typically a low-resolution model). Hierarchical simulation is
a common practice, but the design of hierarchy is always ad hoc. A popular practice is to use the mean values
of variables from the lower level output as the input to the higher level. This implies that significant statistical
information (i.e., statistical fidelity) is lost in this process, resulting in potentially completely inaccurate results.
Especially when the ultimate output of the simulation process is of the form 0 or 1 (e.g., “lose” or “win” a combat),
such errors can provide the exact opposite of the real output.

A systematic design and analysis framework is definitely needed. In this paper, we present some fundamental
components of such a framework. Our effort has been directed at developing an interface between two simulation
levels to preserve statistical fidelity to the maximum extent that available computing power allows. Our research
focus is to use high-dimensional clustering techniques to group the high-resolution sample paths into meaningful
clusters and pass on to lower resolution module(s). In the following we explain in more detail this approach.

This work was supported by AFRL under Contracts F30602-99-C-0056 and F30602-99-C-0057, by AFOSR under contract F49620-
98-1-0387 and by ERPI/DoD under contract WO8333-03.
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Figure 1. Decomposition of complex systems

Quite often, the system being simulated is such that the high-resolution model produces so widely divergent
outputs that it does not make sense to summarize such output through a single average over the entire sample
space. For example when simulating a combat, it does not make any sense to take the average of the output under
different weather conditions. In such cases, we must subdivide the sample space into segments, and get the high-
resolution model to produce an appropriate input to the low-resolution model for each such segment. Essentially,
the low-resolution model will be broken down into a number of distinct components, one for each segment of the
sample space. To carry out such a segmentation, the high-resolution paths first need to be grouped by their common
features. These features then determine and feed the corresponding low-resolution model. The practice of classifying
objects according to perceived similarities is the basis for much of science and engineering, since organizing data into
sensible groupings is one of the most fundamental modes of understanding and learning. Clustering methods have
been widely applied in pattern recognition, image processing, and artificial intelligence. In this paper, we deal with
clustering methods for the preservation of statistics in hierarchical simulation.

In the following we describe the idea of using the Adaptive Resonance Theory (ART) neural network for this
purpose. ART neural networks were developed by Carpenter and Grossberg® to understand the clustering function
of the human visual system. They are based on a competitive learning scheme and are designed to deal with the
stability /plasticity dilemma in clustering and general learning. It is clear that too much stability would lead to
a “stubborn” mind, while too much plasticity would lead to unstable learning. ART neural networks successfully
resolve this dilemma by matching the input pattern with the prototypes. If the matching is not adequate, a new
prototype is created. In this way, previously learned memories are not eroded by new learning. In addition, the ART
neural network implements a feedback mechanism during learning to enhance stability.

Our experiments of using ART neural networks with combat simulation paths have been quite successful.5 We
believe further improvement with the ART structure can lead to a fundamental breakthrough in large data clustering,
which is needed in complex systems modeling. ART performs the clustering function based on the “angle” between
the vectors that describe the various input patterns. In some cases, as it will be discussed in the sequel, this may pose
a limitation of ART since the magnitude of an input pattern may contain significant information which is ignored.
To alleviate this shortfall we develop a heuristic that allows the magnitude of the input pattern to play a role in the
clustering function. Furthermore, we are developing a generic numerical clustering tool, based on the ART neural
network, that can be used for many important problems in intelligent data analysis.

In general, the description of a typical sample path generated by a discrete-event system requires a large amount
of data since such sample paths are typically quite long. This implies that the dimension of each input pattern will
also be large. However for high dimensional data most of the clustering algorithms (including ART) will involve huge
computational effort; thus they are not practical for simulation modeling purposes. For this reason we develop a new
clustering approach where we try to take advantage of the statistical structure behind a typical sample path. For
high dimensional complex systems we try to use a Hidden Markov Model (HMM), which has be successfully used in
speech recognition and other areas,” to characterize each observed sample path. In our approach, we use an HMM



to describe an arbitrary sample path and thus we cluster together all sample paths whose corresponding HMM have
a high similarity measure (to be defined in Section 6). The advantage of this approach is that the amount of data
required to describe an HMM is generally much smaller than the amount of data required to explicitly describe an
observed sample path and as a result the HMM approach is more efficient.

The remaining of this paper is organized as follows. Section 2 discusses some of the issues that arise when
interfacing between modules with different resolution while Section 3 presents an example where statistical fidelity
is lost as a result of poor interfacing between high- and low-resolution models, i.e., passing only averages from high-
to low-resolution models. Section 4 briefly presents the ART clustering algorithm and Section 5 describes an ART
based tool that we have developed and its application on a complex manufacturing system. Section 6 presents a new
approach for clustering sample paths based on HMMs and finally Section 7 summarizes our work.

2. INTERFACE BETWEEN HIGH- AND LOW-RESOLUTION MODELS

As mentioned above, the key issue in hierarchical simulation is the design of the interface between the hierarchies.
In a typical hierarchical simulation model, the lower lever consist of a high-resolution model, such as the discrete
event simulator, that generates several sample paths given some input parameters u. The output of such simulation
models is then used as input to the higher level model (typically a low-resolution model). The question that arises,
the focal point of this paper, is how much and what information we need to pass from the high-resolution to the
low-resolution model such that statistical fidelity is preserved.

Note that each sample path generated by the high-resolution model is also a function of some randomness w (a
random number sequence generated through some random seed). Thus, any function evaluated over an observed
sample path (e.g., h(u,w)) is also a random variable. Typically, we are not interested in the value of h(u,w) obtained
from a single sample path but rather the expectation E{h(u,w)}. Based on this, in hierarchical simulation it is
customary to use F{h(u,w)} as an input parameter to the higher level model as seen in Figure 2. This is often
highly unsatisfactory, since the mean often obscures important features of the high-resolution output. Said in another
way, we are seeking E{L(h(u,w))}, where L(-) is a function corresponding to the low-resolution model, but what we
end up evaluating by passing a single average is L(E{h(u,w)}); however, in general E{L(h(u,w))} # L(E{h(u,w)}).
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Figure 2. Hierarchical model interface: passing a simple average to the lower resolution model

To solve this problem we propose the use of clustering to identify groups of sample paths that have some “common
features”, and therefore, when averaged together do not cause the loss of too much information. This approach in
shown in Figure 3. From the IV observed sample paths we identify m < N groups that share some common features
and determine m input parameters aj, - - -, a,, where a; = E{h’(u,w))} and h(-) identifies all sample paths in cluster
i. Subsequently, each parameter a; is used as an input to a lower resolution model and finally we obtain E{L(a;)}
over m low-resolution components, which we claim is a better estimate of the overall system output than the one
obtained using a single average.
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Figure 3. Hierarchical model interface: passing several averages to the lower resolution model, one for each cluster

One may pose the following question: Since the desired output is of the form E{L(h(u,w))} why bother with
clustering at all when we can evaluate L(h(u,w)) for all N obtained samples and then perform the required expec-
tation, especially since the low-resolution models are generally easy to evaluate? The answer to this question lies in
the derivation of the low-resolution model. Typically, L(a) assumes that a is an expectation and therefore it would
be meaningless to use some quantity obtained from a single sample path.

3. LOSING STATISTICAL FIDELITY: AN EXAMPLE

In this section we present a simple example where the loss of statistical fidelity can result in poor use of resources with
possible catastrophic consequences. For this example, we assume that we are interested in planning a mission that
consists of several operations Oy, -+, Oy as shown in Figure 4. Due to the dependence between operations (e.g., Oy
cannot start until Oy and Oj3 are completed), it is required to know the time requirements of each operation. So it
is natural to ask the following question: How much time should be allocated for each operation so that the probability
of not completing an operation within the allocated time (threshold/deadline) is less than Py?
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Figure 4. Operation Scheduling

The methodology for attacking this problem follows the hierarchical structure described next. For every individual



operation there exists a high-resolution model that simulates the operation under different scenaria and returns the
average m and standard deviation o of the time that it takes to complete it. Subsequently, the planners use a
low-resolution model to determine the time to allocate to the operation so that the probability of not meeting the
deadline is less than Py. One such low-resolution model is the Normal distribution, and the probability of not meeting
the scheduled deadline is given by the corresponding cumulative distribution function. Hence, the problem is to find
the threshold time 7" such that
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A typical operation in a mission involves the Aircraft Maintenance and Refueling System (ARMS) shown in
Figure 5. In this system there are @ classes {C1,---,Cq} of aircraft that can be refueled/maintained in one of B
bases {Bj,---,Bp}. Before an aircraft receives any service, it needs to travel to the corresponding base for a time
7 which depends on the initial location of the aircraft with respect to the base. Once an aircraft (say aircraft a)
arrives at the base, it is assigned one of the M priorities {P, -, Py} and it is placed in the corresponding queue.
If a token is available at the token queue, it is assigned to a which then proceeds to the next FIFO queue. Once all
preceding aircraft are serviced, a enters the server where it stays for a random period of time with mean Lb which
depends on the base b and the aircraft class ¢. For a given mission, it is required to service A aircraft before the
next operation can start. Therefore, one can use a simulation model to determine the time it takes to process the
A aircraft. Note that this processing time depends on several parameters: (a) The number of bases and the routing
algorithm that determines what aircraft goes to what base. (b) The initial location of each aircraft and (¢) The
service times of each class of aircraft at each base. These parameters are considered as the initial conditions of each
simulation (high-resolution model) and the output is going to be used as an input to the low-resolution model (i.e.,
the Normal distribution).
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Figure 5. ARMS Model

3.1. Simulation Results

To test the clustering ideas we use the following simple problem. We assume that this operation involves A = 100
aircraft that can be classified in Q = 3 classes. An aircraft is classified as C; with probability 0.25, as Cy with
probability 0.25 and as C5 with probability 0.5. Each aircraft is routed probabilistically to one of two identical bases
(B = 2). Each base has a total of 3 tokens and each class C7, Csy, C5 requires service for a random period of time
which is Erlang distributed with means 1.2, 1.8, 2.4 time units respectively. The routing to each base depends on



the initial “state of the world” W (e.g., current weather conditions). We assume that W can only take two values 0
and 1 with probabilities 0.8 and 0.2 respectively. If W = 0, then the aircraft are routed to either Base 1 or Base 2
with equal probability. On the other hand, when W = 1, all aircraft are routed to Base 1.

We simulated the ARMS model 65,000 times and obtained the histogram shown in Figure 6 for the time it takes
to process all 100 aircraft. One observation is that the average time to process all 100 aircraft is about 135 time
units, however, the probability of actually processing all aircraft in 135 hours is very small. From the simulation
results we also obtain an estimate of the standard deviation which was found equal to 33.9 time units.
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Figure 6. Completion time of the first A = 100 aircraft

For planning purposes now, it is required to find the smallest deadline such that the probability of missing it is
less that Py = 10%. Using the normal distribution with m = 135 and ¢ = 33.9 we find using (1) that the deadline
should be set at 178.4 time units. However, using all simulation results it is found that in order to meet the deadline
with probability equal to 90% it is necessary to set it at 200 time units. Therefore, use of the simple averages has
resulted in an error of about 11%. What is more dramatic is the error in the probability of missing the deadline.
If we use the deadline suggested by the previous procedure on the data obtained through simulation, it is observed
that the actual probability of missing the deadline is not 10% as was originally desired but about 19.7%, therefore
there is an error of about 98%. What is also interesting is that this error was obtained even though we passed both,
first and second order statistics to the low-resolution model. One might expect the errors to be even larger in cases
where only first order statistics are passed to the low-resolution model.

To solve this problem, we can use a simple clustering approach. Rather than using a single average and standard
deviation, we can form groups of data, determine the average and standard deviation of each group and use those
estimates to drive the low-resolution model. For our simulation example it is natural to cluster the obtained data
based on the initial conditions of each simulation. Therefore, all data that were obtained when W = 0 form cluster
0 and data that were obtained when W = 1 form cluster 1. Using this grouping, we obtain the following results

Cluster 0 | Cluster 1
Samples 52,014 12,986
m 118.5 200.3
o 8.7 10.4

Using these results, we form the weighted sum of two Normal distributions

. 52,014

12,986
(@) = 55 500

65,000

N(mo,00) + N(my,01) (2)



Finally, using trial and error we find that in order to meet the deadline with probability 10%, it is necessary to
set the deadline at 200 time units which is in agreement with the simulation results as well.

If clustering is used as an approach to preserve statistical fidelity, we need a systematic way of grouping sample
paths into clusters, especially when there is no apparent way to classify sample paths like the “world state” W we
used in the above example. Such approaches are presented in the next two sections.

4. CLUSTERING USING ADAPTIVE RESONANCE THEORY (ART)

Our work is motivated by our earlier path bundle grouping approach in hierarchical combat simulation. In dealing
with hierarchical simulation models one needs to consider grouping sample paths generated from high-resolution
models so as to provide appropriate input statistics to the lower resolution model. This requires clustering very
high dimensional data vectors (the sample paths from high-resolution simulators). We have used this approach in
the Concept Evaluation Model (CEM) of the Concept Analysis Agency in order to group the sample paths from
the high-resolution Combat Sample Generator (COSAGE) and generate the input to the lower resolution Attrition
Calculation (ATCAL). Concrete numerical results are reported in Guo et. al.8

The algorithm used for clustering in the ART framework is closely related to the well-known k-means clustering
algorithm. Both use single prototypes to internally represent and dynamically adapt clusters. The k-means algorithm
clusters a given set of input patterns into k£ groups. The parameter k thus specifies the coarseness of the partition.
In contrast, ART uses a minimum required similarity between patterns that are grouped within one cluster. The
resulting number of clusters depends on the distances (in terms of the applied metric) between all input patterns,
presented to the network during training cycles. This similarity parameter is called vigilance and is denoted by p.

The basic ART architecture consists of the input layer Fy, the output/cluster layer F5 and the reset mechanism
which controls the degree of similarity required among patterns that are placed in the same cluster. F} has n input
units, thus each input pattern must have dimension n, while the output layer consists of m units, therefore the
maximum number of clusters that can be generated by the network is m. Note that F5 is a competitive layer, in
other words only the unit with the largest input has an activation other than zero, and therefore each unit corresponds
to a different cluster. Furthermore, the input layer F is subdivided into two sub-layers Fj(a) the input portion and
Fy(b) the interface portion which receives input from both the input layer Fj(a) and the output layer Fb.

In the ART algorithm, every input pattern, after some preprocessing, is compared to each of the m prototypes
which are stored in the network’s weights. If the degree of similarity between the current input pattern I and the best
fitting prototype J is at least as high as a given vigilance p, prototype J is chosen to represent the cluster containing
I; The vigilance p defines the minimum similarity between an input pattern and the prototype of the cluster it is
associated with and is typically limited to the range [0, 1]. If the similarity between I and the best fitting prototype
J does not fit into the vigilance interval [p, 1], then a new cluster has to be installed, where the current input is most
commonly used as the first prototype or “cluster center”. Otherwise, if one of the previously committed clusters
matches I well enough, its prototype is adapted by being slightly shifted towards the values of the input pattern I.
For a detailed description and analysis of the ART algorithm refer to Carpenter and Grossberg® and Fausett.”

Often, the level of detail of the input patterns may be different; some input patters may have less than n non-zero
components. In ART this has motivated the use of a similarity measure that is independent of the magnitude of
the input pattern and so input patterns are first normalized before presented to the neural network. Rather, the
similarity measure is based on the angle between the vector that corresponds to an input pattern and the cluster’s
prototype vector as illustrated in Figure 7 for a two-dimensional input vector (n = 2). This figure shows the jth
cluster prototype vector W and the range of the cluster which extends 8 radians above and below the angle of W .
Note that 3 is a function of the vigilance parameter p; the larger the value of p the higher similarity is required
among the vectors that are clustered in the same cluster and thus, the smaller the angle 3. For this example, the
angle between the input pattern I and W is ¢ > 3 therefore I will not be assigned to cluster j.

5. AN APPLICATION TO A “REAL-WORLD” COMPLEX SYSTEM

As mentioned earlier, we are also developing a generic clustering tool, the Intelligent Clustering Interface (ICI) and
we encountered an interesting opportunity to test it in the case of a complex manufacturing system. In particular,
in working with a large metal manufacturer we were faced with the issue of supplying a low-resolution model of a
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large plant with the necessary parameters for running it. These parameters are to be obtained from detailed (high-
resolution) models of the process plans (or flowpaths) for over 10,000 products manufactured in the plant. A flowpath
is a specific sequence of Production Centers (PCs) with different processing characteristics at each PC (there are over
100 such PCs). Thus, each flowpath may be thought of as corresponding to a unique product; however, since the
low-resolution model cannot possibly handle input data for over 10,000 flowpaths, the objective is to group products
with similar flowpaths. For purposes such as forecasting, capacity planning, and lead-time estimation (among others)
it is in fact indispensable to have such product groups available: not only it is conceptually infeasible to work with
over 10,000 distinct products, it is also practically impossible to input such high-dimensional data for over 10,000
products and 100 PCs into modeling and decision support tools. Moreover, even if there were an automated way to
accomplish this, it would be unrealistic to expect anyone to manipulate or interpret output data with information
such as inventory levels and lead times for many thousands of distinct products.

In the effort to establish groups (or clusters) of products based on similarities in flowpaths and processing
characteristics, an initial project was set up with plant experts given the task to “manually” create such groupings.
The project was quickly abandoned: in addition to the sheer product volume which makes this task prohibitive, it
is also difficult to rationally quantify “similarities” in flowpaths and processing data without some systematic means
of doing so. We were able to accomplish this task using the clustering techniques we have developed and obtained a
“compression” of over 10,000 products to 25-100 product clusters (depending on the aggregation accuracy required,
which is completely controlled by the analyst). Of particular interest is the fact that the plant experts who reviewed
the results we obtained found “by hindsight” the clusters defined by our method consistent with their expectations.

Unlike other applications of ART, in this case, the magnitude of the vector corresponding to an input pattern
contains important information that should be used when grouping products into clusters. For example, the input
vectors corresponding to two products may have the same orientation (same flowpath) but differ in their magnitude
(the time spent at PC’s differ by orders of magnitude). For this reason we developed an enhancement to the ART
algorithm that allows us to include magnitude information in the clustering process as described next.

5.1. ART Enhancements

As already pointed out, the basic mechanism through which the ART neural network performs clustering is by
grouping them using an “angle” criterion. This is illustrated in Figure 8 where we used the ICI tool to cluster 200
2-dimensional vectors. For a vigilance parameter value of p = 0.99, three clusters were obtained as seen in the figure.

It is reasonable to expect, however, that data vectors with almost identical orientation but significantly different
magnitudes (prior to normalization) should be distinguishable. In order to introduce this capability into the ART
setting, we have introduced the following enhancement: Each data vector is provided with an additional compo-
nent (thus enlarging its dimensionality from n to n 4+ 1) which is the Euclidian norm of the n-dimensional vector
(x1,...,2p), ie., (22 + ... +22)/2. This forces the ART neural network to include magnitude information in its
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Figure 8. 200 2-dim. vectors, no extra dimension, p = 0.99

clustering algorithm. This is clearly seen in Figure 9, where the same data vectors as in Figure 8 have been clustered
with this additional component. There are still three clusters, but one can see that the contents and features of the
clusters have changed.
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An alternative is to apply the same idea by individually reclustering each of the clusters originally obtained.
Thus, within each cluster we may now distinguish between data vectors in terms of their magnitude, as illustrated in
Figuer 10 where 10 clusters are now obtained by reclustering each of the three clusters in Figure 8 using a magnitude
component.

Finally, note that within the ICI tool there is the capability of providing a “weight” to each component of the
n-dimensional data vectors. Thus, by controlling the value of this weight for the extra component added, we can
adjust the importance to be attributed to the magnitude of a vector as opposed to just its orientation in n dimensions.

6. USING HIDDEN MARKOV MODEL FOR SAMPLE PATH CLUSTERING

A sample path generated by a discrete-event system consists of a sequence {(eg,tx)}, k = 1,2,---, K, where e
denotes the kth event and tj, its corresponding occurrence time. For typical systems, the number of observed events
K is very large and thus clustering sample paths “directly” by making explicit use of the entire event sequence
{(ek,tr)}, requires that the input vectors corresponding to such sample paths should be of a very large dimension.
This impose a significant computational burden on any clustering algorithm including ART. To solve this problem
we try to take advantage of the structure of discrete-event sample paths. In our experiments, we observe a sample
path that is generated by an arbitrary system and try to describe it by some Markov Chain, thus we use the theory
of Hidden Markov Models” (HMMs) to identify its parameters. Once we identify the HMM parameters we define
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a similarity measure among each obtained HMM and cluster together all sample paths with the largest similarity.
The advantage of this approach is that the amount of information required to describe an HMM is considerably less
than the amount of information required to describe a sample path. Even though the identification of the HMM
parameters require some additional computational overhead, our experiments have shown that overall, the HMM
approach is considerably faster than direct clustering approaches. Incidentally, we point out that this approach
makes no a priori assumptions about the statistical distribution of the data to be analyzed.

Next, we demonstrate the HMM clustering approach through an example. For the purposes of our example,
we assume that we have three systems Si, S» and S3. When simulated, each system generates sample paths @;;,
i=1{1,2,3}, j =1,2,--- where Q;; corresponds to the jth sample path generated by system S;. When clustering
sample paths, it would be reasonable to expect that sample paths generated from the same system are grouped in
the same cluster. In this example, we generate 9 sample paths, 3 from each system and develop a way to distinguish
between sample paths obtained from different systems. To achieve this, we first associate an HMM \; = (A;, B;, ;)
to each sample path i = 1,---,9, where we use the notation of Rabiner.” A; denotes the state transition probability,
B; denotes the observation symbol probability at every state and m; denotes the initial state distribution. To complete
the definition of the HMM, we assume the it consists of IV states and that at every state we can observe any of the
M possible symbols.

To construct the three systems S;, i = 1,2,3 we assume that they consist of a Markov Chain with N; states
(N1 = 20, Ny = 10 and, N3 = 10) and randomly generate a state transition probability matrix P; = [pi,], k,l =
1,2,---,N;. Furthermore, we randomly generate the parameters ui, k = 1,2,---,N;, so that the exponentially
distributed sojourn time for state k has mean 1/u%. However, not all real systems are memoryless, therefore, to
make our example more interesting we introduce some “special states” where state transitions out of such states are
not made according to the state transition probability but rather through the set of rules we describe next.

For Sp, we assume that states 1, - - -, 5 are special states and state transitions out of these states are made according
to the following rules:

State 1: System stays at state 1 for 3 consecutive, exponentially distributed sojourn time intervals, each with mean
1/pi. Then it jumps to state 10.

State 2: System stays at state 2 a deterministic sojourn time interval of length 2/ud. Then it jumps to state n
according to the state visited before arriving at state 2, denoted by S_i:

15 if Sy e{1,---,10},
4 if §_y € {10,---,20}.

State 3: System stays at state 3 for 5 consecutive sojourn time intervals, each exponentially distributed with mean
1/p3. Then it transfers according to state transition probability matrix P;. Note that after the system has
spent 5 sojourn intervals at state 3, it may return to state 3 with probability pi; for 5 more intervals.



State 4: System stays at state 4 for 1 exponentially distributed sojourn time interval with mean 1/u). Then it
jumps to state n according to the state visited before arriving at state 4:

6 ifS_ye{l,--,5}
11 if Sy €{6,---,10},
16 if S_y € {11,---,15},
1 if S_; € {16, --,20},

State 5: System stays at state 5 for a deterministic sojourn interval of length 1/ui, and then transfers according to
the state transition probability matrix Py.

Both S5 and S35 have only 2 special states, states 1 and 2 and the rules out of these states are the following;:

State 1: System stays at state 1 for 2 sojourn time interval, each of which is exponentially distributed with mean
1/u%, i =2,3. Then it transfers to state n according to the previous state visited:

7 ifS_, € {1,2},
n= 9 ifS_ ;€ {3},
5 if Sy € {4,---,10},

State 2: System stays at state 2 for a deterministic amount of time equal to 1/ub, i = 2,3, and then transfers to
state 5.

For each of the 9 sample paths we generate by 51, S2, and S3, we adjust the HMM parameters A;, j =1,---,9, to
maximize the probability that the jth observed sample path was obtained from A;. This is referred to as the training
problem and is tackled by repeatedly solving what is described as “Problem 3” in Rabiner.” For the purposes of
this experiment, we assume that each HHM consists of N = 6 states. In addition, we assumed that the actual state
visited by each of the systems is not observable. Rather, the observation symbols at each state are the state holding
times. These can generally take any positive value so to determine B;, the observed symbol probability, we quantize
all possible values into M = 64 intervals.

Once we determine the HMM parameters for all sample paths, \;, i = 1,---,9, we use the similarity measure also
defined in Rabiner” to determine which HMMSs and consequently which sample paths are sufficiently similar so that
they can be clustered together. The similarity measure is defined for any pair of HMMs A; and A; as:

o(Xis Aj) = exp{D(A\i; Aj)} (3)

where
log Pr(O7|\;) + log Pr(O%|\;) — log Pr(O%|\;) — log Pr(O7|)\;)
D )\z i) = J J 4
( 9 J) 2TK ( )
is what Rabiner” called the distance measure. Pr(Oi|)\j) is the probability of the observation sequence O, i.e., the
sequence of state holding times that correspond to the sample path @;, was generated by HMM J);. For computational

convenience, we break any sample path into K smaller sample paths of length 7" and thus compute

K
log Pr (O|);) = Zlog Pr (O},|\))
k=1

where Pr (O,i|)\j) is the probability of the kth sequence of sample path i was generated by HMM );. Also, note that
the similarity measure is symmetric, that is o(A;, Aj) = o(A;, A;); a desired property for a good similarity measure.

For the similarity results shown in Table 1, the length of each of the 9 sample path is 10,000 events. In addition,
the parameters '“3" i=1,2,3,j=1,---,N; are generated such that 1/ u§- are uniformly distributed between 4 and
50. Sample paths Q1, @5 and Qg are generated by S;. @2, @3, and Q4 are generated by Sy while Q7, Qs and Qg are
generated by Sjs.

Finally, we cluster together all sample paths that correspond to HMMs with similarity measure greater than a
threshold value V. Note that V corresponds to the required degree of similarity for two sample paths to be clustered



Table 1. Similarity measure among the HMMs corresponding to each of the 9 sample paths.

o(i,j) | HMM 1 | HMM 2 | HMM 3 | HMM 4 | HMM 5 | HMM 6 | HMM 7 | HMM 8 | HMM 9
HMM 1 1 0.760 0.769 0.776 0.950 0.950 0.798 0.804 0.794
HMM 2 0.760 1 0.940 0.949 0.772 0.776 0.837 0.839 0.835
HMM 3 0.769 0.940 1 0.947 0.777 0.785 0.850 0.847 0.847
HMM 4 | 0.776 0.949 0.947 1 0.787 0.793 0.847 0.844 0.844
HMM 5 | 0.950 0.772 0.777 0.787 1 0.951 0.799 0.804 0.799
HMM 6 | 0.950 0.776 0.785 0.793 0.951 1 0.815 0.820 0.809
HMM 7 | 0.798 0.837 0.850 0.847 0.799 0.815 1 0.945 0.943
HMM 8 0.804 0.839 0.847 0.844 0.804 0.820 0.945 1 0.950
HMM 9 0.794 0.835 0.847 0.844 0.799 0.809 0.943 0.950 1

together, like the vigilance parameter p of ART. For example, if V' = 0.9, then the similarity measures exceeding V'
are:

Cluster 1: o(1,5), 0(1,6), o(5,6)

Cluster 2: 0(2,3), 0(2,4), 0(3,4)

Cluster 3. o(7,8), 0(7,9), 0(8,9)
therefore, the HMM method has successfully classified all sample paths.

7. CONCLUSION

In this paper, we discuss the basic concepts involved in multi-resolution simulation modeling of complex stochastic
systems and demonstrate that, using the average over all available high-resolution simulation results as the input to
subsequent low-resolution modules is inappropriate and can lead to erroneous final results. Instead high-resolution
output data should be clustered into groups that match underlying features of the system behavior before feeding
group averages to low-resolution modules. In addition, we propose two approaches for performing high-dimensional
data clustering based on neural networks and Hidden Markov Models.
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