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ABSTRACT

In component-based simulation systems, simulation runs are
usually executed by combinations of distinct components,
each solving a particular sub-task. If multiple components
are available for a given sub-task (e.g., different event queue
implementations), a simulation system may rely on an au-
tomatic selection mechanism, on a user decision, or —if nei-
ther is available — on a predefined default component. How-
ever, deciding upon a default component for each kind of
sub-task is difficult: such a component should work well
across various application domains and various combinations
with other components. Furthermore, the performance of in-
dividual components cannot be evaluated easily, since per-
formance is typically measured for component combinations
as a whole (e.g., the execution time of a simulation run).
Finally, the selection of default components should be dy-
namic, as new and potentially superior components may be
deployed to the system over time. We illustrate how player
rating systems for team-based games can solve the above
problems and evaluate our approach with an implementa-
tion of the TrueSkill™ rating system [14], applied in the
context of the open-source modeling and simulation frame-
work JAMES II. We also show how such systems can be
used to steer performance analysis experiments for compo-
nent ranking.

Categories and Subject Descriptors

1.6.7 [Simulation and Modeling]: Simulation Support
Systems; 1.2.6 [Artificial Intelligence]: Learning
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Software Components, Adaptive Software, Performance Anal-
ysis, Bayesian Learning, Online Learning

1. INTRODUCTION

While a component-based design of simulation systems
improves their flexibility, reusability, and maintainability, it
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also raises several new issues that have to be dealt with. One
such issue is the selection of the most suitable component
for a given task. This problem can be tackled in various
ways [8], but automatic selection mechanisms usually rely
on some form of performance measurements. These mea-
surements do not, however, yield immediate insights into
the performance of individual components—instead, they
typically measure the performance of component combina-
tions.

Consider the example in Figure 1, where (as in the follow-
ing) the execution speed of a simulation run is the perfor-
mance metric to be optimized. A new simulation problem
is encountered, and the simulator to be used requires an
event queue component. Since an event queue may have a
strong impact on overall execution speed, component-based
simulation systems like JAMES II typically offer several im-
plementations [16]. Assume that event queues A and B are
eligible, but neither a user preference nor an automatic se-
lection mechanism is available. Which event queue shall
be selected by default? Intuitively, one would like to se-
lect the event queue with the best performance on previous
problems. However, event queues are combined with other
components that influence overall performance (e.g., simu-
lators, data observers, random number generators) and they
may have been applied in differing application domains. To
make a fair comparison, one has to restrict the comparison
to measurements in otherwise identical contexts, i.e., when-
ever both event queues are combined with the same addi-
tional components (the same simulator, and so on) and these
component combinations are applied to the same problem.
This makes it difficult to gather enough data for an unbiased
comparison, since typically only a small subset of potential
component combinations are used to solve a single simu-
lation problem (see Section 3.1). Therefore, an empirical
comparison of two event queues as described above is either
based on few (if any) suitable performance measurements
and thus is unreliable, or it requires additional experiments.

We propose an alternative approach to compare individ-
ual simulation software components: the main idea is to
regard each component as a player of unknown ability in
some game, and to rank them with a player rating system.
A player rating system is a set of rules that allows to rate in-
dividual players based on their past performances in playing
a game. Player rating systems have been developed in the
context of sports (e.g., see [32]) and are typically used to gen-
erate rankings of players by considering past game results. A
prominent example is the Elo rating system (e.g., see [34]),
which has been developed for chess but today serves as a
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Figure 1: Typical performance data available for
component-based simulation systems. Imagine that
run times are available for combinations of com-
ponents: here, simulators Sc,...,S¢ are combined
with event queues A and B. Only a subset of possi-
ble combinations is applied to each problem, which
makes comparisons difficult. How can we use the
available data to decide upon suitable default com-
ponents within a new context (here simulator Sx,
bottom), while encountering a previously unseen
problem?

basis for many other rating systems [32]. After each game,
a rating system considers both the game’s result and the
ranks of the players, which are then updated. After suffi-
ciently many games between players have been observed, the
player ranking determined by such a system should reflect
each player’s overall ability, leading to global rankings like
the FIDE ranking for chess or the FIFA world ranking for
football.

While football is a team sport, the FIFA world ranking
regards teams as monolithic entities and neglects the indi-
vidual abilities of team members. This restriction is prob-
lematic whenever teams are defined in an ad-hoc manner, as,
for example, in team-based multi-player games: the general
problem to be solved here is to estimate the abilities of indi-
vidual players by considering game results for teams. This
is similar to the evaluation of individual simulation compo-
nents (see Figure 2), where the problem is to estimate the
abilities of such components by considering performance re-
sults for component combinations. A well-known approach
to solve this problem for multi-player games is TrueSkill [14],

a player rating system developed by Herbrich et al. that
is used for Microsoft’s online gaming service Xbox Live™.
In this paper, we use TrueSkill to investigate how suitable
player rating systems are for the evaluation of simulation
software components.

The next section discusses which requirements a player
rating system should meet when it is used for this task (Sec-
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Figure 2: Analogy between multi-player games

and performance comparison of software component
combinations, for the setups of the first problem in
Figure 1.

tion 2.1), describes the advantages and limitations of the
TrueSkill approach (Section 2.2), and reviews related ap-
proaches (Section 2.3). We then motivate our realization of
a TrueSkill-based component rating system by describing a
concrete usage scenario (Section 3.1), develop a generic and
system-independent interface for component rating systems
(Section 3.2), and briefly discuss our current implementa-
tion of this interface (Section 3.3). Finally, we evaluate how
well our implementation is able to rank simulation system
components (Section 4).

2. BACKGROUND & RELATED WORK

2.1 Requirements

As a rating system for components is merely a fall-back
mechanism for situations in which no other selection mecha-
nism is available, it should interfere as little as possible with
the simulation system as such. This general requirement
implies, for example, that the data to be stored for each
component should be compact, i.e., recording the whole his-
tory of performance results should be avoided. Instead, the
knowledge on a component’s overall performance should be
stored in an aggregated form, and it should be updated in-
crementally. An update should require as little execution
time and memory as possible, even when many individual
components are available in the system. Another important
aspect is the robustness of the component ranking: just be-
cause a well-established default component has once been
used in a combination with bad performance, it does not
necessarily mean that it should not be the default anymore.
The component’s rank should only gradually decrease if such
situations occur more frequently. Note that this requirement
may depend on the given performance metric; for exam-
ple, this behavior may not be desired if components shall
be ranked by their reliability. Apart from this issue, the
exact kind of the performance metric should be irrelevant
to the component rating system: it should work by only
considering comparisons between component combinations.
The overall problem is therefore quite general and does not
require any additional knowledge of component properties.
Consequently, the component rating system should be inde-
pendent of a specific simulation system and re-usable in a
broader context.

2.2 The TrueSkill™ Rating System

The TrueSkill [14] rating systems allows us to meet the
above requirements by following a Bayesian approach. Ba-
sically, this means that player performance is modeled as a



random variable, with a distribution that is updated when-
ever new evidence is available. TrueSkill assumes player
skills s; to be normally distributed, s; ~ N(,ui,aiz), and
to be independent, resulting in a joint distribution p(s) =
-, N (ui,0?). For example, the TrueSkill parameteriza-
tion described in [14, p. 575] assumes the skill distribution of
a new player to be N'(25, (%)?), where the mean represents
the (believed) skill and the standard deviation represents
the confidence in that belief. Note that only the relations
between these concrete values are meaningful, i.e., whether
an estimated skill of 25 is good or not depends on the skills
of the other players.

A player’s performance in a game mainly relies on the skill
s;, but external factors like the form of the day (or luck) may
also have an impact. Hence, the performance is assumed to
be normally distributed around the skill s;, with a fixed
variance of 8%: p; ~ N (si,3%). Therefore, even if the skill
of a player would be known with absolute certainty, e.g.,
s; ~ N(25,0), the performance of this player would still
be assumed to vary from game to game, i.e., in this case

Each of the n players belongs to exactly one of k teams,
which is expressed by team assignment A = {A;,..., Az}
TrueSkill further assumes the performance of a team ¢; to be
the sum of its members’ performances: t; =, A, Pi- The

result of a game is represented by a ranking 7, which is an
ordering of the teams by their performance. Given a ranking
r for a team assignment A, Bayes’ theorem (e.g., see [3])
defines how our belief in player skills should be updated to
the so-called posterior distribution (see Equation 2 in [14]):

P(r|s, A)p(s)

pslr, 4) = M

where P(r|s, A) is the probability of the observed game re-
sult (represented by the ranking r), given player skills s and
team assignment A, and p(s) is the prior distribution (i.e.,
our previous belief regarding player skills). To calculate the
posterior p(s|r, A), TrueSkill approximates the integration
of the joint distribution over player performances (p) and
team performances (t) [14, p. 571]:

plslr, 4) = / /

The joint distribution p(s, p,t,r) is represented by a graph-
ical model (e.g., see [3]), the structure of which depends on
the team assignments A. The approximation of the poste-
rior distribution p(s|r, A) is briefly outlined in Section 3.3
(more details can be found in [14]). Before each update,
TrueSkill increases the variance o;° of each involved player
by adding a constant value 72. This is done to avoid overly
confident beliefs in a player’s skill.

When applied to component-based software, the compo-
nent combinations are represented by the team assignment
A and the resulting ranking = orders them by some perfor-
mance metric (e.g., execution time). As quantitative data
is neglected and only the order of the component combina-
tions matters, these observations could even be reused to
update beliefs across machines, leading to a ‘global’ rank-
ing of components. While component performance may be
highly machine-dependent, a global ranking would converge
to the ranks of components on an ‘average machine’, i.e.,
in terms of the underlying joint probability distribution this
means the hardware impact would be marginalized.

(s,p, t|r, A)dpdt (2)
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In [14], Herbrich et al. show that TrueSkill is able to
outperform the Elo rating system in terms of prediction
accuracy on player rankings from XBox Live games. Fur-
thermore, TrueSkill meets the requirements outlined in Sec-
tion 2.1. It only has to store its current belief in the skill s;
of each player (represented by p; and o), and while the flex-
ibility of a simulation system may lead to a combinatorial
explosion regarding the number of component combinations,
the amount of skill-related data to store only grows linearly
with the number of available components. The rating sys-
tem is inherently incremental and also robust, in the sense
that updates of player skill take into account both the pre-
vious rank and also its uncertainty. TrueSkill can also be
separated easily from component-based simulation systems,
as discussed in Section 3.2.

2.3 Related Work

2.3.1 TrueSkill Extensions

The original TrueSkill approach has been refined in many
ways, typically motivated by its application to a specific
problem domain. Nikolenko and Sirotkin extend TrueSkill
by more accurately capturing multiway ties, i.e., situations
where more than two teams share the same rank [29]. More-
over, they remove the inherent bias towards larger teams,
which is introduced by the assumption of additive team
performance, i.e., t; = ZZ{A]_ pi (see Section 2.2) —this as-
sumption means the more players a team has, the more likely
it should win. Nikolenko and Sirotkin instead use, among
other functions, the average player performance as the team
performance function [29]. We follow the same approach,
since a component combination should not perform better
just because it consists of more components.

Guo and Sanner use TrueSkill for preference elicitation [13],
i.e., their aim is to learn user preferences for certain at-
tributes. To do so, the attributes are regarded as players
that are grouped into teams by certain items that exhibit
them (e.g., from an online shop). As a user chooses between
two different items (i.e., attribute sets), TrueSkill is used
to rank their individual attributes by the user’s preferences.
Since the attribute sets of two items may overlap, Guo and
Sanner consider the special case where a player is part of
both ‘teams’ they compare, and conclude that this player
can be ignored. Since it is also possible that different com-
ponent combinations make use of the same component, we
have to consider this special case as well (see Section 3.3).
Guo and Sanner also propose several query selection strate-
gies, i.e., how to select which question to ask the user, based
on the current beliefs. They evaluate some approaches that
are based on maximizing the so-called ‘value of information’
of the next question and compare them with some simple
heuristics like using the upper confidence bound [12], an ap-
proach that is also used in related fields like multi-armed
bandit policies (e.g., [2]). In the same spirit, we can use
component rating systems to steer performance analysis ex-
periments for software components: just as TrueSkill is used
for match-making in online gaming (broadly speaking, by se-
lecting teams of players with similar odds of winning [14]),
we could use it to select the most promising component com-
binations to let them ‘compete’ with each other.

Apart from extending TrueSkill, its approximation (see
Section 3.3) of Equation (2) can be streamlined as well.
Weng and Lin derive analytical update rules that perform



slightly better than the original approximation by the True-
Skill approach and are faster to execute [34]. As we do not
yet know in what ways TrueSkill should be adjusted in the
future to suit our application domain, we chose to imple-
ment the original approach based on factor graphs instead
(see Section 3.3).

In [6, 7], DeLong et al. introduce TeamSkill, a mathe-
matical framework that uses player rating systems like Elo
or TrueSkill as ‘base learners’ and is focused on adequately
capturing ‘team chemistry’, i.e., those relations among indi-
vidual players that impact overall team performance. For-
mally, this means that the player performances p; are cor-
related, whereas TrueSkill assumes the performances to be
independent (each p; only depends on the player’s skill s;,
see Section 2.2). To account for correlations, DeLong et
al. apply a rating system to the performance history of all
subsets of a team for which such data is available. The re-
sulting performance predictions for team subsets are then
incorporated into the overall prediction. This allows Team-
Skill to outperform TrueSkill when it comes to highly com-
petitive situations (e.g., professional gaming), where the ef-
fects of player interaction weigh in most heavily. Similarly,
the performance of simulation system components may also
be correlated. One example for this are components that
have been developed with the needs of a specific applica-
tion domain in mind, e.g., some event queues in JAMES
II have been adapted to work efficiently with DEVS sim-
ulators [16]. Another potential source of correlation is the
underlying hardware, as some components may have mem-
ory footprints and access patterns that are simply more easy
to optimize, e.g., via caching (see [23]). However, the solu-
tion approach in [6, 7] does not meet all requirements for a
component rating system (see Section 2.1), since rating all
team subsets either implies to record the overall history (as
assumed in [6, 7]) or to always rate all possible team subsets
as well, so that (in the worst case) the required storage grows
exponentially with the team size. Additionally, proper sub-
sets of component combinations are rarely able to execute
a simulation task at all (how would an event queue alone
simulate a model?), so that there is little additional insight
to be gained in our case.

2.3.2  Software Component Ranking

To the best of our knowledge, no other approach uses
player rating systems to incrementally rank software compo-
nents based on their overall performance at runtime. How-
ever, the idea of ranking software components by other met-
rics is anything but new. Inoue et al. [18], for example, rank
components (here, Java classes) by their usage in a software
system. Other ranking mechanisms rely (like TrueSkill) on
Bayesian networks to predict the reliability of software com-
ponents, e.g., based on software metrics and test results [1]
or based on the software architecture [31]. There are also
various methods for ranking and selection that could in prin-
ciple be applied to component ranking (e.g., see [24, p. 561
et sqq.]). Moreover, the approach of incrementally improv-
ing knowledge on the available components at runtime is
related to the notion of ‘life-long learning’, as supported by
the AOTA framework [10]. In contrast to our approach, the
AOTA framework is focused on learning algorithm portfo-
lios and directly controls algorithm execution by assigning
computing resources.

Besides these general approaches to component ranking,
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note that there is also a plethora of adaptive simulation
mechanisms — usually fine-tuned to specific simulation sys-
tems and component types (or their parameterizations) —
that (at least implicitly) rank their execution choices (e.g., [26,
33]). Our approach is focused on selecting suitable default
components in situations where such adaptive mechanisms
are not available.

3. IMPLEMENTATION
3.1 Ranking JAMES II Components

To illustrate how to integrate a component rating system
into a component-based simulation software, we briefly dis-
cuss how it can be used to rank the components of JAMES
IT [17], an open source modeling and simulation framework
written in Java, by their execution speed. In JAMES II, the
components to be ranked are plugins [17]. They encapsulate
most of the functionality and can be combined with each
other. In principle, a plugin can be deployed or removed at
any time, so that its availability must not be presupposed.
A plugin may also have custom restrictions regarding its ap-
plicability, so that even if it is available it may not be eligible
for the problem at hand. A typical example for this are sim-
ulator plugins, which are restricted to work only on models
of the modeling formalism they support. To cope with this
uncertainty, a plugin for a given task is either pre-configured
by the user or can be requested from the JAMES II registry.

The JAMES II registry employs several mechanisms to
select one of the eligible plugins and thus to resolve the re-
quest. If no custom selection method is available, plugins
are typically sorted by a so-called efficiency index (see [17]).
This index is defined by each plug-in and essentially ex-
presses how well the given component should perform in
general. While efficiency indices are a straightforward solu-
tion and simple to implement, they are also highly subjective
and typically not derived from experiment results. To some
extent, they also violate the separation-of-concerns principle
of the plugin system itself, as they are used to compare plu-
gins with each other — the semantics of a plugin’s efficiency
index therefore depend on the indices of other plugins. Fi-
nally, the indices are hard-coded, i.e., they are not adjusted
to reflect the capabilities of newly deployed plugins, or to
the application domain in which an installation of the sim-
ulation system is used predominantly. All these problems
can be resolved by re-interpreting the efficiency indices as
ranks that are determined by a component rating system,
i.e., the JAMES II registry could simply query component
ranks from the rating system whenever multiple plugins are
eligible and the best default option shall be used.

While this explains how JAMES II can leverage the rank-
ings provided by the component rating system, how does
the rating system receive its inputs? In case of stochastic
simulations, which usually require multiple replications, this
can be easily done by relying on another adaptive mecha-
nism that automatically explores the performance of various
component combinations at runtime [9]. It is shown in Fig-
ure 3. In this case, the observed performances can be av-
eraged and interpreted as the game results, which can then
be submitted to the component rating system. If no replica-
tions are required (e.g., in case of deterministic simulations),
one could still randomly select another eligible component
combination from the JAMES II registry whenever sufficient
hardware resources (e.g., CPU cores) are available.
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Figure 3: General mechanism of the adaptive sim-
ulation replication policy in JAMES II (from [9]).
The three squares (white, grey, and black) denote
three component combinations. A policy chooses
one of them for the next replication, based on what
it learned from their previous performance on the
same simulation problem (red labels).

Although the solution described here would be specific
to JAMES II, the approach should work similarly well for
other component-based simulation systems, e.g., OSA [5],
and in fact in any other kind of component-based software
where component combinations can be compared by some
metric. We therefore chose to hide this functionality behind
a generic interface.

3.2 A Generic Interface for Component Rat-
ing Systems

In principle, the interface to a component rating system
needs to contain just two methods: one method to submit
new ‘game’ results (i.e., a ranking of component combina-
tions), and one method to compare two players (i.e., compo-
nents) by their rank. To maintain generality and avoid any
assumptions regarding the nature of the components being
ranked (e.g., Java classes as in [18] or plugins in JAMES II,
see Section 3.1), each component is represented by an arbi-
trary but unique String id. Thus, teams can be represented
by sets of String ids. In case an unknown component id is
encountered, the component rating system should simply
assume that there is a new player, so no explicit addition
or deletion of players has to be supported. However, since
components may be updated, e.g., because a new version is
available, one may want to notify the component rating sys-
tem. While systems like TrueSkill could also cope without
this knowledge, i.e., the component’s rank would eventually
converge to a new value, this depends on the rating system
that is used. In any case, the update of a component might
be easy to detect for the simulation system at hand, and this
additional information may be useful for the rating system.

Besides other auxiliary methods (e.g., to reset the knowl-
edge base), the interface allows to adjust the (real-valued)
weight of a specific component, and also to inject a com-
ponent rank. Both methods come in handy when outside
knowledge on component performance should be incorpo-
rated into the knowledge base. For example, when ranking
by execution speed, components that are known to have lit-
tle impact on execution speed could be weighted less than
others. External ranking data (e.g., a ‘global’ ranking, see
Section 2.2) could be directly ‘injected’ into the knowledge
base.

3.3 Realization with TrueSkill

Our implementation of the generic interface for compo-
nent rating systems, as described in the previous section,
is written in Scala [30]. Thus, it is also fully compatible
with any Java-based simulation system (like JAMES II). Its
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Figure 4: A factor graph as it would be created for
the multi-player team ranking given in Figure 2 (af-
ter [14]), corresponding to the assumptions of True-
Skill regarding the (in-)dependence of the random
variables it considers (see Section 2.2). The rectan-
gles with rounded edges denote random variables.
The black squares denote factors, which represent
functions that are defined on the connected vari-
ables.

central entity is the UpdateCalculator, which takes the re-
sults of one component comparison and calculates a belief
update. Here, beliefs refer to the overall capabilities of the
involved components (i.e., their ‘skills’), so that an update
may change the global component ranking. The updates
are calculated by TrueSkill in two major steps: first, a so-
called factor graph [22] is created, a graphical model of the
joint probability distribution described in Section 2.2. Its
structure corresponds to the component combinations that
are involved, i.e., the team assignment A. Then, a message-
passing algorithm is executed on the factor graph to calcu-
late the belief update, i.e., the right-hand side of Equation 2.

An example for a factor graph is given in Figure 4. Apart
from its team performance variables and their neighboring
factors, no node in the graph has more than two edges. The
sum-product algorithm [22] is used for these ‘linear’ parts of
the graph, whereas expectation propagation [27] may be re-
quired for the other parts. Both approaches pass messages
between the nodes. The main idea behind message passing
on factor graphs is to compute certain mathematical ex-
pressions more efficiently, by exploiting their structure. For
example, consider a probability mass function for two binary
random variables, X; and Xo:

p(X1, X2) = f1(X1) - f2(X1, X2) (3)

One could calculate the corresponding marginal distribution
p(X1) via

p(X1) = fi(X1) - fo(X1, T) + fi(X7) - f2(X4, L)

which requires two evaluations of both fi and f2, two mul-
tiplications, and one summation. However, this can be im-
proved by exploiting the distributive law:

> fz(Xl»I2)>

zo€{T,L}

p(X1) = f1(Xy1) - (



which saves one multiplication and one evaluation of fi.
These savings add up considerably when dealing with larger
expressions; they can be gained by transforming an expres-
sion to a factor graph and then using a message passing
scheme for aggregating the results of sub-expressions. True-
Skill exploits structures like the above within the joint prob-
ability distribution (represented by the factor graph); its
messages contain intermediate results for the belief update
(see Equation 2). The concrete messages used by TrueSkill
are defined in [14].

The calculation starts with the factors at the top of the
graph, which update the skills variables by passing messages
downwards along the edges. Then, the performance and the
team performance variables are updated in the same man-
ner. If more than two teams participate in the game (as
in Figure 4), expectation propagation is used to iteratively
approximate variable values in the lower part of the factor
graph. In each iteration, all variables on a path between two
performance difference factors (the factors at the bottom of
Figure 4) are updated by a fixed message passing schedule
(see Figure 1 in [14]). Expectation propagation stops when
the approximation error becomes sufficiently small, i.e., the
difference between previous and updated value is negligible
for all involved variables. The algorithm then works its way
back to the top of the factor graph: it updates the vari-
ables in the upper part of the graph, starting with the team
performance variables, until the skills variables are reached
(see Figure 4). The (approximated) posterior distribution
of player skills (see Equation 2) can now be retrieved from
them. More details on the algorithms can be found in [14,
27]. We validated the UpdateCalculator by comparing its
results with those of the official web-based TrueSkill calcu-
lator [11]."

Additionally, our implementation of the component rat-
ing system interface (see Section 3.2) provides a knowledge
base to store the current beliefs on component capabilities,
expressed by parameters of the normal distribution (p and
o).

Apart from passively considering comparison results for
component combinations and updating the ranking corre-
spondingly, one can also use a component rating system to
steer experiments, by letting the rating system select which
component combinations to apply to a given problem. To
support this ‘active’ mode of operation, it is necessary to
have a notion of match quality. The match quality is a func-
tion that determines the value of comparing two or more
component combinations. High match quality indicates that
such a comparison would provide a useful update for the
knowledge base, in the sense that the resulting ranking more
closely resembles the actual ranking. By iteratively select-
ing a suitable match of component combinations to compare,
passing it to the simulation system, and analyzing the re-
sult, a component rating system can actively improve its
ranking. We therefore implemented an additional experi-
ment control mechanism for JAMES II that operates in this
manner. The difference between the active and the passive
mode of operation is summarized in Figure 5.

Special care has to be taken if a component is part of mul-
tiple component combinations that are compared with each
other. This may happen, for example, if the same event
queue is used by two distinct simulators that are compared

The implementation details of another open source imple-
mentation of TrueSkill [28] also proved to be helpful.
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Figure 5: Different usage modes for the compo-
nent rating system. Note that in the active mode,
where the components rating system is used to
steer experimentation, different kinds of data are
exchanged. For example, the uncertainty associated
with a component’s capability may also be consid-
ered for choosing the next simulation experiment.
All differences are highlighted in red on the right-
hand side.

with each other. Since the component is represented multi-
ple times in the factor graph, each time with the same skill,
TrueSkill calculates multiple updates for it (according to its
performance in each team it belongs to). Currently, we solve
this problem by averaging over the conflicting updates.

4. EVALUATION
4.1 Experiment Setup
4.1.1 General Setup

Our aim is to show that TrueSkill is effective in rank-
ing real-world components on arbitrary simulation prob-
lems. While observing sufficiently many comparisons be-
tween component combinations, its ranking should converge
towards the ‘true’ ranking of the individual components. Let
S be a finite set of pre-defined simulation problems, and
let A(s) be a finite set of suitable component combinations
for each problem s € S, with A(s) = {As,1,...,Asn} (i€,
problem-specific team assignments, see Section 2.2). The
‘true’? rank ¥ of a component ¢ can be regarded as its ex-
pected rank when solving any simulation problem s € S
with any suitable component combination ¢ is part of (i.e.,
an element from Ac(s) = {Asilc € Asi A Asi € A(s)}):

(ZAEA (.s)‘ sA) (4)

where 77 4 is the true rank of team A when competing with
the other teams in A(s) on simulation problem s. Note
that we approximate r*(s, A) by repeatedly applying the
component combinations in A(s) to each problem s € S
and comparing their observed execution times. To make
the ranking experiments as straightforward as possible, we
subsequently focus on the ranking of event queue implemen-
tations in JAMES II (see [16]) and only consider two-player

= EseSAeA (s) TeA = ‘Sl Z
seS

2This rank is only valid over the given sets of simulation
problems and component combinations.



teams, i.e., event queues combined with simulators (all other
simulator components have been fixed). Moreover, we con-
sider all combinations of event queue and simulator for any
simulation problem, so that |A.(s)| is the same for each event
queue and problem. As we are only interested in the rank-
ing of the event queues, i.e., their relative order, we can also
discard ﬁ in Equation (4), which is the same for all compo-
nents, and simply rank each event queue by summing over
its team’s ranks:
>

s€S,A€Ac(s)

*
Ts, A

The litmus test for our component rating system is how
fast it can learn the same ranking by only observing com-
parisons between component combinations with respect to
single simulation problems. Since some of the true ranks
T34 are hard to approximate (e.g., for stochastic models
with strongly varying dynamics), we use a resampling ap-
proach for evaluation. At first, we replicate the execution
of each simulation problem s € S with any component com-
bination A € A(s) 20 times. This allows us to estimate
the r; 4, based on the 20 execution times sampled for each
(s, A) combination. We now generate results for the com-
ponent rating system by randomly drawing execution times
from the samples of the corresponding (s, A) combination.
Besides speeding up the evaluation as such, this resampling
makes the comparison of different TrueSkill configurations
easier, since all of them now draw their observations from
the same data base. Finally, the resampling also ensures
that TrueSkill should indeed converge to the pre-computed
ranking (in the limit), as this ranking is now indeed the true
ranking for the available data.

4.1.2  Simulation Components and Problems

To illustrate that the component rating system works
over several application domains of a simulation system,
we selected JAMES II simulators for species-reaction net-
works [19] (SR), species-reaction networks in discretized
space [20] (SRS), PDEVS [15], and stochastic m-calculus [25]
(stoch-r).

For species-reaction networks and stochastic m-calculus,
we selected three simulators each, for the other two appli-
cation domains (PDEVS, SRS) we selected a single simu-
lator each. Each simulator is configured to use one of ten
event queue components from JAMES II (see [16]). We omit
their implementation details here, as our focus is on ranking
the components without further knowledge (the same holds
for the simulator implementations). Altogether, this means
there are 3 - 10 = 30 component combinations for SR and
stoch-7, as well as 10 component combinations for SRS and
PDEVS, summing up to 80 component combinations overall.

We chose five models (or model parameterizations) for
each of the four application domains (PDEVS, SR, SRS,
and stoch-7). For PDEVS, we use the ForestFire model
from [16] in five different sizes. For SR, we use three mod-
els discussed in [19] (two of which were originally proposed
in [4]) and include two additional parameterizations of the
linear chain system. For SRS, we use a trivial single-volume
model, three models for diffusion in a 3 x 3 sub-volume grid,
and a protein phosphorylation model (see [20]). For stoch-m,
we use a simple benchmark model, three models of biological
systems (genetic networks, ligand-receptor interaction), and
one model of an ecological system (Lotka-Volterra). Con-
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crete parameterizations that deviate from default parame-
ters are shown in Figure 6, which displays the ranks of the
event queues on the individual problems. We omit further
details on the models for lack of space. Most importantly,
Figure 6 illustrates that our problem set is diverse enough to
make the ranking challenging. Note that in case of stoch-m
and SR, where three simulators are used, an event queue’s
rank is formed by considering its execution times with all
three of them (see Equation 4), i.e., using 60 sampled exe-
cution times instead of 20 (as for SRS and PDEVS).

The simulation stop time was chosen individually for each
model, so that the fastest component combination would fin-
ish after a few seconds and the slowest combinations after
about 30 seconds. However, there are combinations that are
much slower on certain problems, so that execution was au-
tomatically aborted after 60 seconds of execution time. In
these cases, 60 seconds was assumed to be the overall ex-
ecution time of the setup at hand; as this happened quite
rarely, the effect on the overall ranking should be negligi-
ble. As another (very) rare occasion, in case of an error in
one of the components, the execution time of the combina-
tion was assumed to be the maximal Double value, i.e., the
malfunctioning combination would receive the last rank.

4.1.3 TrueSkill Configurations

The parameters of TrueSkill, e.g., the prior skill distribu-
tion M (uo, 00) of new players, the 3 parameter that charac-
terizes how much a player’s performance is assumed to vary
from game to game, and the 7 value to increase the uncer-
tainty after each game (see Section 2.2), may all strongly
influence TrueSkill convergence and thus need to be tuned
carefully to the application domain. For example, Nikolenko
and Sirotkin use po = 3000 and oo = 1000 [29, p. 606],
whereas 110 = 25 and 0o = % in [14, p. 575]. We there-
fore explore several TrueSkill configurations to investigate
which parameter settings are suitable for rating simulation
system components. The configurations varied in po, oo, 3,
and 7 over several orders of magnitude. Each configuration
is confronted with the same randomly generated sequence
of 10.000 component combination comparisons (i.e., game
results). Every ten rounds, we count the number of inver-
sions between the ranking currently assumed by the True-
Skill configuration and the true ranking (see Figure 6 and
Section 4.1.1). In the beginning, the ten event queues are
ranked randomly, i.e., their order is a random permutation
(of a sorted list), so that the expected number of inversions is
nnol) — 109 — 995 (e.g., [21, p. 16]). Over the sequence
of the comparlsons we expect the number to fall signifi-
cantly below this value, the optimum being zero (meaning
the true ranking has been learned). Due to the randomly
generated sequence of component combination comparisons,
this test setup is a stochastic experiment in itself. Thus, we
replicated it five times.

To also test TrueSkill in its ‘active mode’ (see Figure 5),
we let it pre-select the component combinations to be com-
pared for a (randomly drawn) simulation problem. For each
round, the two component combinations with the largest
uncertainty regarding their player’s ranks are selected, oth-
erwise the setup is the same as described for the ‘passive’
mode above.



>
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[Event Queues / Models 8] 9Jwo[11]12]13]14a]15] 16 17] 18] 19] 20
CalendarQueue 7 7 8 3 6 8 1 6 5 2 2 2 3 2 9 2 2 2 92
CalendarReQueue 9 10 0 4 7 9 6 10 9 9 3 3 3 2 3 7 3 3 3 38 121
DynamicCalendarQueue 6 8 7 10 10 9 10 8 7 2 10 10 10 10 10 10 8 8 8 10 171
MPLinkedList 3 3 3 7 4 6 5 4 4.1 9 9 9 9 9 3 7 7 7 5 114
MList 4 4 5 2 3 5 7 3 5 4 4 4 4 4 4 5 1 1 1 6 76
Twolist 2 2 2 6 2 2 2 7 2 3 7 7 7 7 7 4 6 6 6 4 91
BucketsThreshold 0 9 9 1 8 1 4 620 8 1 1 1 1 1 8 4 4 4 2 93
Heap 5 5 4 8 5 4 1 9 8 6 8 8 8 8 8 6 9 9 9 1 129
LinkedList i 1 s/ 1 3 3 5 3 7 6 6 6 6 6 2 5 5 5 3 80
Simple 6 6 9 9 7 9 2 00 5 5 5 5 5 1 10 10 10 9 132

Figure 6: Component ranking per problem (ascending order; the smaller the better). Even the best event
queue overall, the MList, is a bad choice for some problems (e.g., problem 7) and sub-optimal for almost all
other problems, as it only ranks first for problems 17, 18, and 19. Apart from the mostly identical rankings
for different instances of ForestFire and LinearChainSystem, the rankings are fairly diverse and thus the overall
ranking, as determined by the overall sum of the ranks (right-hand side, see Section 4.1.1), is challenging to

learn incrementally.

4.2 Results

The convergence results for our default TrueSkill configu-
ration — using the default parameters from [14] but assum-
ing the team performance to be the average of player per-
formances—are shown in Figure 7. For clarity, we omit
the standard deviation and only report the average number
of inversions over five replications. The standard deviation
usually varied between 0.5 and 2 inversions. As Figure 7 il-
lustrates, TrueSkill is able to find a relatively accurate rank-
ing over the first 1.000 game results, both in ‘active’ and in
‘passive’ mode. Somewhat surprisingly, the ‘active’ mode
setup does not outperform the ‘passive’ mode setup. This
rather counterintuitive result should be investigated by try-
ing the heuristics proposed in [12]. The following analysis is
focused on the ‘passive’ mode.

After about 1.000 comparisons, the average quality of the
ranking stabilizes and only slowly moves below five inver-
sions. One reason for this may be the relatively challenging
problem set: as shown in Figure 6, the overall rank sum of
MList and LinkedList are quite close, as well as those of
TwoList, BucketsThreshold, and CalendarQueue. Another
reason for this seems to be that TrueSkill underestimates the
performance variance of a player from game to game, which
may be much larger for simulation components (which typi-
cally cannot adapt at runtime) than for human players (who
typically can). The impact of 8 on ranking quality is shown
in Figure 8. Clearly, the ranking quality is less noisy and
generally better for larger values of 5. In contrast to this,
Figure 9 shows that increasing 7, i.e., the amount added
to the uncertainty regarding a player’s skill for each game,
reduces the ranking quality. This could also be due to the
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Figure 7: Quality of TrueSkill-based ranking over
10.000 component combination comparisons.

non-adaptivity of the components we considered. In fact, a
value smaller than the default value achieved better results
overall. Further experiments that varied po, oo, or both
have shown that these parameters have little impact on the
average ranking quality in our test setup.

5. CONCLUSIONS

In this paper, we propose to rank the individual compo-
nents of component-based simulation systems with player
rating systems. To do so, we re-implemented (see Sec-
tion 3) and evaluated (see Section 4) the rating system True-
Skill [14], which allows to infer player skills from team perfor-
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Figure 9: Quality of TrueSkill-based ranking with
variations of 7 € {0.016,0.083,1.6,16.6}, with 7 = 2> =
0.083 being its default value.

mances. It meets our requirements for a component rating
system (see Section 2.1) and is straightforward to use from
within any simulation system with a notion of ‘components’
(see Section 3.2). For the evaluation, we considered its appli-
cation to components of the open source modeling and sim-
ulation system JAMES II (see Section 3.1). We evaluated
the approach via resampling from a data set that contains
twenty simulation problems from four application domains,
executed with 80 distinct component combinations. Our re-
sults (see Section 4.2) show that TrueSkill is able to converge
relatively quickly (after about 1.000 comparisons) to a rank-
ing that only contains about four inversions when compared
to the true ranking. Afterwards, however, convergence is
much slower. TrueSkill is also sensible with respect to its
and 7 parameters.

Without component rankings, developers and users work-
ing on new application domains cannot be guided in their
choice of default components. Such rankings can be re-
garded as a knowledge base that allows us to transfer at least
some performance knowledge from one application domain
of a simulation system to another. Moreover, component
rating systems can be used to steer performance analysis
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experiments (see Figure 5). To make further experimenta-
tion with component rating systems as simple as possible,
our adapted re-implementation of TrueSkill, controllable via
the generic interface discussed in Section 3.2, is available as
open source software.?

Clearly, a ranking produced by a component rating sys-
tem is not infallible, as it is inferred from relatively few in-
put data (e.g., no model features are considered). It should
hence be used as a fall-back mechanism to incrementally
(i.e., over the execution of several simulation problems) iden-
tify poorly performing or highly domain-specific components
at runtime and avoid their future selection as default compo-
nents. One direction of future research could be to increase
the data a rating system may observe, e.g., towards relative
performance ratios — it does matter, after all, whether the
second-ranked component combination is 1% slower than the
best one, or if it is 100% slower. Such extensions, however,
may require inference mechanisms that are much more com-
putationally expensive than the one used by TrueSkill (see
Section 3.3).

Finally, the impact of the underlying assumptions True-
Skill makes, e.g., that player skills are normally distributed
and that the performance difference between players is nor-
mally distributed as well (see [34] for a discussion on al-
ternatives) should be investigated more closely, as these as-
sumptions do not necessarily hold for all simulation system
components. How much of a positive impact a component
rating system will therefore have in practice, when deployed
in regularly used systems for longer time periods, is still
unclear.
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