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Abstract
In the field of multi-objective optimization, there are a multitude of algorithms from which to choose. Each algorithm has
strengths and weaknesses associated with the mechanics for finding the Pareto front. Recently, researchers have begun to
examine how multi-agent environments can be used to help solve multi-objective optimization problems. In this work, we
propose a multi-objective optimization algorithm based on a multi-agent blackboard system (MABS). The MABS framework
allows for multiple agents to read and write pertinent optimization problem data to a central blackboard agent. Agents can
stochastically search the design space, use previously discovered solutions to explore local optima, or update and prune the
Pareto front. A centralized blackboard framework allows the optimization problem to be solved in a cohesive manner and
permits stopping, restarting, or updating the optimization problem. The MABS framework is tested against three alternative
optimization algorithms across a suite of engineering design problems and typically outperforms the other algorithms in
discovering the Pareto front. A parallelizability study is performed where we find that the MABS is able to evaluate a set
number of designs, which require an evaluation time ranging from 0 to 300 seconds, quicker than a traditional optimization
algorithm: this fact becomes more apparent the longer it takes to evaluate a design. To provide context for the benefits
provided by MABS, a real-world nuclear engineering design problem is examined. MABS is used to examine the placement
of experiments in a nuclear reactor, where we are able to evaluate hundreds of configurations for experimental placement
while maintaining a strict set of safety constraints.

Keywords: blackboard architecture; agent-based modeling; multi-objective optimization; nuclear reactor
design; high-performance computing

1 Introduction

Multi-objective optimization algorithms are employed in mul-
tiple fields of science and engineering to determine ideal solu-
tions based on a set of objectives and constraints. Research in
this field has generated hundreds of distinct algorithms, vari-
ations, and architectures for solving multi-objective optimiza-
tion problems. Metaheuristic methods tend to dominate the
field of multi-objective optimization, as they are typically easy
to implement, efficient, and highly parallelizable. These meth-
ods can be divided into three major categories: nature-, physics-,
and human-inspired algorithms (Stewart et al., 2021b). Nature-

inspired algorithms draw inspiration from the living world, and
seek to find optimality by mimicking natural processes. Genetic
algorithms (GAs; Murata, 1995; Melanie, 1996) follow the pro-
cesses of natural selection to find and promote optimal solu-
tions. Particle swarm optimization (PSO; Kennedy & Eberhart,
1995; Mostaghim & Teich, 2003) examines the social behavior
of animal groups for finding resources. Ant colony optimiza-
tion (ACO; Dorigo et al., 2006; Alaya et al., 2007) relies on the
methods ants use for finding paths to food sources by plac-
ing pheromones on the ground. Physics-inspired algorithms rely
on physics-based rules or theories to find optimal solutions.
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Simulated annealing (SA; Kirkpatrick et al., 1983; Serafini, 1994)
emulates the process of metallurgic annealing to determine
optimal solutions. The gravitational search algorithm (GAS;
Rashedi et al., 2009; Hassanzadeh & Rouhani, 2010) relies on
gravity to attract ideal solutions, where more optimal solutions
have a greater gravitational pull. Multiverse optimization (MO;
Mirjalili et al., 2015, 2017) utilizes concepts from cosmology such
as white holes, black holes, and worm holes to effectively search
global and local areas in a problem. Human-inspired algorithms
examine human behavior such as social interactions, learning,
and competition. The harmony search algorithm (HSA; Lee &
Geem, 2004; Sivasubramani & Swarup, 2011) is derived from the
ability of jazz musicians to improvise during jam sessions. The
imperialistic competition algorithm (ICA; Atashpaz-Gargari &
Lucas, 2007; Sherinov & Unveren, 2017) examines how empires
compete for dominance over resources and other colonial pow-
ers. Tabu search (TS; Glover, 1990; Hansen, 1997) creates sets of
rules for selecting future solutions, based on previous steps to
ensure repetition is minimized and future movements are ideal.

While numerous optimization algorithms have been devel-
oped and tested, the use of multi-agent systems to aid the op-
timization process is a relatively new field. Hulse et al. applied
a multi-agent approach for the design of complex and multi-
disciplinary design problems. The test case examined the op-
timization of a quadrotor (drone with four propellers) design,
where agents were assigned different components to design and
optimize (Hulse et al., 2017, 2019). Communication between the
agents allowed global design goals to be assessed, where agents
were rewarded for producing viable components locally and for
the ability of the component to contribute to the overarching
objectives of the design. This approach found that the use of a
multi-agent optimization methodology was able to outperform
a centralized genetic or SA algorithm. Other approaches have
examined the use of multiple agents to cooperatively search
for an optimal solution in a single objective problem. Gebres-
lassie et al. developed a heterogeneous multi-agent optimiza-
tion framework for solving process system engineering prob-
lems (Gebreslassie & Diwekar, 2018). The multi-agent system al-
lowed agents to use global information in conjunction with a
unique optimization algorithm to explore the objective space.
The authors examined the ability of this multi-agent system
to determine radioactive waste blending for storage. Utilizing a
multi-agent system for this process provided a decrease in both
the computational times required to solve the problem and in-
creased the quality of optimal solutions. While the work of these
two articles is small, compared with the breadth of optimiza-
tion methods, they indicate that the use of multi-agent environ-
ments can aid the optimization process.

While multi-agent environments have begun to diffuse into
the field of optimization, another area of interest for computa-
tional frameworks is the use of blackboard systems. Blackboard
systems are frameworks for storing problems, where agents can
interact with the framework to provide help in solving an over-
arching problem; a more detailed explanation is provided in Sec-
tion 1.1. Given the use of agents, blackboard systems lend
themselves naturally to a multi-agent environment. Szymanski
et al. examine using a multi-agent blackboard architecture as a
method for combing legal precedent to help support legal de-
cision making, with a current focus on traffic violations (Szy-
manski et al., 2018). The users provide agents with the facts of
case (e.g. who was at fault, where they inebriated, what did they
hit). Lower levels of the blackboard make up the current facts
of the case, where the top level contains a statutory decision
based on the facts. Between these layers are intermediate no-

tions that help connect facts to statutory concepts. These in-
termediate steps can be assisted by precedents, legal rules, and
common tips that agents find when examining similar cases.
This results in presenting the likely outcome of the case in ques-
tion, and poses additional questions that may alter the outcome.
De Silva et al. and Brzykcy et al. have also explored the ability of
a blackboard framework to maintain information about an un-
known terrain that is being explored by various agents (Brzykcy
et al., 2001; Silva et al., 2019). Blackboard systems were deter-
mined to be a stationary lander, where mobile robots would ex-
plore the surrounding areas. Information could be relayed back
to the blackboard, where all other agents would gain access to
this information upon communicating with the lander. This pro-
cess allowed agents to have a better representation of the sur-
rounding area to ensure agents did not explore the same area
multiple times. Blackboard systems have been applied to vari-
ous problems, where this environment can help organize data
and present a uniform method for approaching problems.

Multi-agent environments have successfully been integrated
into both optimization algorithms and blackboard systems. Uti-
lizing these hybrid methods, researchers have found advantages
over utilizing either approach independently. We follow these
approaches and create a multi-objective optimization algorithm
that utilizes a blackboard system in conjunction with a multi-
agent environment. This paper examines a human-inspired op-
timization algorithm known as the multi-agent blackboard sys-
tem (MABS). MABS imitates the ability of researchers to collec-
tively work toward the optimal solution of an overarching prob-
lem. Each researcher has the ability to contribute to the prob-
lem; however, they are likely not able to solve the entirety of the
problem on their own. These researchers instead write portions
of solutions to a blackboard, where other researchers can uti-
lize these results to help find optimal solutions. MABS seeks to
leverage the benefits of multi-agent and blackboard systems for
distributed problem solving. Similar to exploring an unknown
environment, as proposed in Brzykcy et al. (2001) and Silva et al.
(2019), this work seeks to utilize multiple agents to search an un-
known terrain, in this case the objective space of an optimiza-
tion problem. All of this information is stored on the blackboard,
where agents can filter the acquired designs and determine the
Pareto front (PF).

This approach is in contrast to many currently imple-
mented multi-objective optimization algorithms. Typically, a
multi-objective optimization algorithm focuses on two aspects:
the ability to discover the true PF and the speed at which the
PF can be discovered. The ability to discover the true PF is often
examined in the context of benchmark problems (Zitzler, 1999)
that are highly complex and can have multiple false PFs. Deter-
mining the PF in a timely manner is also important for these
algorithms to be used in real-world scenarios. These two as-
pects are considered for the MABS; however, we seek instead
to focus on developing a flexible optimization algorithm that
excels at examining engineering-based optimization problems.
This framework concentrates on the ability to interact with high-
performance computing clusters (HPCs) for evaluating objective
functions and constraints by solving high-fidelity simulations
that can take on the order of minutes to hours to complete. Solv-
ing high-fidelity simulations on HPCs introduces the possibility
that simulations may fail; to account for this, the multi-agent
system must be robust to ensure that if a single agent fails, the
problem overall does not fail. If high-fidelity simulations were to
be incorporated into a typical optimization algorithm, a failure
in a single evaluation would likely cause the entire problem to
fail.
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Given the nature of utilizing an HPC to evaluated various
designs, it is also important that the optimization algorithm
is highly parallelizable to fully leverage the computational re-
sources available. Evaluation of high-fidelity simulations that
can take minutes to hours to complete ensures that we want
to maximize the number of designs that can be evaluated at
any given time, given the available computational resources. Us-
ing multiple agents, who are each performing one or more de-
sign evaluations, allows MABS to maximize the evaluation rate.
MABS can utilizing increasing numbers of agents to increase the
parallelizability of the algorithm; compared with a traditional
algorithm that would be limited by mechanics in the algorithm
(such as the population size for a GA or swarm size in the PSO
algorithm).

Introducing a multi-agent environment provides an opti-
mization algorithm that is robust and can easily be incorporated
within an HPC; however, additional complexity is also added
to the algorithm. This includes the development of the multi-
ple agents, a communication pattern, and a method for keeping
track of problem progression. While the use of a blackboard sys-
tem provides a framework for handling many of these complex-
ities, there are inherently more components than are required
for a typical optimization algorithm. MABS is not meant as a
generic catch all optimization algorithms, and the justification
for adding complexity to the optimization algorithm is to ensure
performance when examining engineering-based problems that
require full simulations.

To demonstrate the effectiveness of the MABS, we examine
its ability to discover the PF for a set of engineering-focused
multi-objective optimization benchmark problems and compare
the ability to discover the PF with other multi-objective opti-
mization algorithms. This is extended to analyse the paralleliz-
ability of the MABS over a variety of simulation times. We also
apply the MABS framework to a real-world nuclear engineering
design problem to determine the optimal placement of exper-
iments in a test reactor. To the authors’ knowledge, there has
been no previous research investigating a blackboard system for
performing multi-objective optimization.

1.1 Blackboard framework

A blackboard system is defined as a problem-solving algorithm
that relies on multiple knowledge agents (KAs) to contribute to
the solution of an overarching problem. To gain a general under-
standing of the system, a common metaphor is used:

Imagine a group of human specialists seated next to a large
blackboard. The specialists are working cooperatively to solve a
problem, using the blackboard as the workplace for developing the
solution. Problem solving begins when the problem and initial data
are written onto the blackboard. The specialists watch the black-
board, looking for an opportunity to apply their expertise to the de-
veloping solution. When a specialist finds sufficient information to
make a contribution, they record their contribution on the black-
board, hopefully enabling other specialists to apply their expertise.
This process of adding contributions to the blackboard continues
until the problem has been solved (Corkill, 1991).

Each specialist typically cannot solve the problem indepen-
dently and requires the knowledge and resources of others. The
blackboard can be used to solve large, complex, or ill-posed prob-
lems as it creates a central knowledge repository and allows
KAs access to this information. A blackboard system consists
of three components: the blackboard, KAs, and a controller. The
blackboard acts as a global database and creates abstract lev-
els for storing problem specific information (partial results, al-

ternatives, input data, etc.) for KAs to utilize (Craig, 1995). Ab-
stract levels are defined by an entry system, where each entry is
unique to the abstract level and acts as a template for KAs. The
entry system creates a common format from which an agent can
read/write. The advent of multiple abstract levels allows KAs to
rapidly read and write information to their portion of the black-
board without requiring access to the remaining abstract levels.

The KAs (called knowledge sources in literature; Corkill et al.,
1988) provide information or modules required to solve various
aspects of the problem. KAs can provide unique approaches to
the same problem, solve different portions of an overarching
problem, or move information within the blackboard. KAs write
their portion of the solution to the blackboard and wait to see
whether their method is required again. Once a KA contributes
to the blackboard, other KAs may find that they have the re-
quired information for them to act.

The controller organizes the problem, dictates the problem
flow, and allocates resources for a KA to perform an action. Orga-
nizing and controlling the problem flow require the controller to
assess how each KA can contribute to the problem. This process
is performed via a triggering system, where KAs respond to the
trigger with a trigger value (TV; typically some numerical value)
to indicate their ability to contribute to the problem. Based on
this information, the controller selects the KA that can provide
the most information to the problem (indicated by a larger TV)
and tells the corresponding KA to perform its action. This pro-
vides a structure for solving the problem and allows for a cen-
tralized unit to determine the best KAs to be executed at a given
stage in the process.

2 Methods
2.1 Multi-agent blackboard system optimization

algorithm overview

The MABS framework (Stewart, 2019) is dependent on the
Python module osbrain for generating a multi-agent environ-
ment (OpenSistemas, 2019). osbrain allows for the creation of
remote agents who perform tasks independently while relying
on message passing to advance the problem. The nomenclature
for MABS diverges slightly from the definitions in Section 1.1.
Each component of the blackboard system is a unique agent,
denoted as a blackboard agent (BA), knowledge agent (KA), and
controller agent (CA). The remaining sections are laid out as fol-
lows: Section 2.2 describes each of these agents in detail, Sec-
tion 2.3 describes the mechanics of the MABS framework, Sec-
tion 2.4 describes how the MABS environment is generated, Sec-
tion 2.5 describes how the MABS solves an optimization prob-
lem, and Section 2.6 describes the versatility and benefits of the
MABS for solving optimization problems.

2.2 Agent descriptions

2.2.1 Blackboard agents
The BA serves two primary functions: storing the blackboard
and communicating with the KAs. For a basic multi-objective
optimization problem, the blackboard consists of three abstract
levels: Data Level, Viable Design Level, and Pareto Front Level. The
blackboard abstract levels and data stored on each level are il-
lustrated in Fig. 1.

The Data Level consists of specific design information includ-
ing the values for the design variables, objective functions, and
constraints. The Viable Design Level is an intermediate abstract
level that contains design names that meet all of the objective
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Figure 1: Data stored in blackboard abstract levels.

functions and constraints placed on the problem. The Pareto
Front Level consists of the PF and contains optimal designs. The
Data Level and Viable Design Level are further divided into two
panels: new and old. In general, a KA writes to the new panel.
Once that entry is processed by a different KA, it is moved to
the old panel. The panel system prevents KAs from continually
searching the same information. The Pareto Front Level does not
contain a panel system, as KAs are constantly refining the en-
tries in this level. During the process of solving the optimiza-
tion problem, the blackboard is stored as a series of nested dic-
tionaries. This storage system allows KAs to quickly search for
specific designs or information regarding a design. The BA also
periodically writes the blackboard to an archive in the form of an
HDF5 file (The HDF Group, 2000–2020). The archived blackboard
allows the user to store the PF and associated design data, restart
a problem, utilize the data for larger optimization problems, or
analyse the results.

2.2.2 Knowledge agents
KAs are the problem solvers in the MABS, and advance the prob-
lem by discovering and analysing the PF. Two types of KAs are
present in the MABS: Search (KA-S) and Blackboard Reader (KA-
BR). KA-S agents analyse the design space and determine ob-
jective functions based on a set of design variables. To search
the design space, six types of KA-S agents are available, where

their name, search type, and methodology are briefly described
in Table 1. A detailed description for each KA-S agent type can
be found in Section 2.6. In the MABS, the search process can in-
volve either a single or multiple KA-S agent types, depending on
the problem description and available computational resources.
KA-S agents act as a black-box, allowing the user to couple in a
surrogate model or physics-based code to determine the values
of objective functions or constraints based on designs selected
by the KA-S. We note that some agent’s actions can be paral-
lelized; this is further described in Section 2.6.

When designs are present on the blackboard, the KA-BR
agents move designs among the three abstract levels to promote
viable and optimal core designs. Four KA-BR variants have been
developed for the MABS and can be seen in Table 2, along with
their methods for promoting designs. The KA-BR agents are the
driving force in selecting designs on the PF. A detailed descrip-
tion of each KA-BR agent type can be found in Section 2.6.

2.2.3 Controller agents
The CA initializes the problem and drives problem progression.
This is accomplished by setting up the problem, BA, and all KAs
required. The CA then begins the optimization process by in-
forming the BA when to send messages to the KAs. The CA also
allows for multiple optimization problems (i.e. a multitiered op-
timization problem) to be solved simultaneously using multiple
BAs. A unique CA is required to initialize a primary problem and
any number of subproblems. Each problem is directed by a BA
and can be solved in serial or simultaneously. Figure 2 illustrates
an example with three subproblems and a primary problem. The
three BAs solve subproblems and pass information to the pri-
mary problem. The BA-0 solves the overarching problem using
data gained from the multiple subproblems. The only limitation
is that there must exist a way to pass consistent design variables,
objective functions, and constraints to the primary problem.

Table 1: KA-S agent, search type, and action.

KA name Search type Action

Stochastic Global Uses a uniform distribution to randomly select each design variable from a range or set of
available options.

Latin Hypercubea Global Divides the design space into a grid and samples combinations of design variables to span the
entire design space.

Genetic Algorithma Local Performs cross-over and mutation techniques on a set of designs.
Neighborhood
Searcha

Local Perturbs each design variable, or a set of design variables, for a design.

Hill-Climba Local Applies incremental changes to a design. If the design is better, another incremental change is
applied to this new design. This process continues until no further improvements are possible.

Pymooa Local Allows the use of the NSGA-II algorithm from the pymoo module (Blank & Deb, 2020).

aAgent process can be parallelized.

Table 2: KA-BR agent action.

KA name Action

Data reader Reads the Data Level and promotes designs within objective function and constraint ranges to the Viable Design
Level.

Promoter Reads the Viable Design Level, compares designs with designs in the Pareto Front Level and promotes designs that
are optimal to the Pareto Front Level.

PF Maintainer Reads the Pareto Front Level and prunes the PF based on design domination, HVI, DCI grid environment, or a hybrid
DCI-HVI.

Inter-BB In multiblackboard problem, reads the level of one blackboard and writes this information to another blackboard.
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Figure 2: An example of a multitiered MABS problem.

Table 3: BA communication channels.

Name Type Description

Trigger Publish-Subscribe BA asks KAs for TV
Trigger Push-Pull KA informs BA of its TV
Executor Push-Pull BA tells KA to perform their action
Writer Request-Reply KA asks BA permission to write
Action Push-Pull KA tells BA its action is complete
Shutdown Push-Pull BA tells agents to shut down

2.3 MABS framework

The MABS framework utilizes a message passing system for
communication between the BA and KAs. KAs can only com-
municate with the BA and can influence the actions of other
KAs by reading and writing to the blackboard; no other inter-
KA communication is allowed. KAs are connected to the BA via
five communication channels, found in Table 3. Publish-subscribe
allows the BA to simultaneously send the same message to all
agents who are subscribed. Push-pull allows for one-way com-
munication, where an agent can send a message to another
agent. Request-reply allows for two-way communication, where
an agent can send a message and waits for a reply from the other
agent. While the agent who sent the message is waiting for a re-
ply, it can still perform other tasks.

Messages are passed via unique channels to elicit a defined
response, denoted as a handler, from each KA. Figure 3 pro-
vides an overview for the communication channels presented
in Table 3. We follow Fig. 3 through the general process in agent
selection. The BA initially sends a trigger message, where each
KA has a trigger handler that is used to determine its TV and
send the TV back to the BA. The BA uses this information to
select the KA that can most contribute to the problem by send-
ing an executor message to the KA with the highest TV (KA-S in
Fig. 3). The KA-S agent then begins its action. While the KA-S
agent is performing its action, if it is able to add information
to the blackboard, it sends a writer message to the BA request-
ing permission to write. If the BA is currently not being written
to, the BA’s writer handler responds to the KA granting it per-
mission to write. Once the KA-S agent has completed its ac-
tion, it sends an action message to the BA to inform it that it is
finished.

During the time the KA-S agent is performing its action, the
BA is able to send out another trigger message to determine
whether the KA-BR agent can perform an action. If the KA-BR
agent is already preforming an action or is not able to contribute,
the BA then waits for a designated amount of time before send-
ing another trigger message. This process continues until a ter-
mination criterion is achieved; the BA then sends a shutdown
message (not shown in Fig. 3) to each agent that removes them
from the multi-agent environment.

We conclude the discussion of the MABS framework with a
brief overview of how each agent interacts with the blackboard,
as seen in Fig. 4. Dashed lines indicate that the KA can read the
level, and solid lines indicate that a KA can write to the level. We
see that due to the inter-connectivity of the KAs, each KA relies
on the other KAs to populate an abstract level. Once a KA is able
to contribute, there is likely another KA that can use this infor-
mation to either place the design on a different abstract level or
perform a perturbation around an already optimal design.

2.4 Initialization

To initialize a problem, the CA is passed a problem statement, a
BA, and a list of KAs. The problem statement sets the design
variables, objective functions, and constraints that define the
problem. Along with this, the problem statement is how a user
ties in their surrogate model or high-fidelity simulation. The first
agent generated is the BA, where the abstract levels are initial-
ized and a termination criterion is set. The CA passes the KA
names and types to the BA, where KAs are initialized as separate
system processes. The BA ensures that all channels of commu-
nication are available, and any additional attributes are passed

D
ow

nloaded from
 https://academ

ic.oup.com
/jcde/article/9/2/480/6551194 by Battelle Energy Alliance user on 27 Septem

ber 2022



Journal of Computational Design and Engineering, 2022, 9(2), 480–506 485

Figure 3: Communication channels of KAs with the BA.

Figure 4: Interactions of KAs with the BA’s blackboard.

to the KAs. Once the BA and all KAs are initialized, the problem
can be executed in either multi-agent or single-agent mode. This
paper describes the multi-agent problem progression; a detailed
description of the single-agent approach can be found in Stewart
et al. (2021a).

2.5 Problem progression

Once the problem has been initialized, the CA begins the op-
timization process. This process is described by Algorithm 1,
where some termination criterion dictates when the problem
is complete. The BA starts by publishing a trigger event that is
sent to all of the KAs. The BA then waits until a KA sends back

a TV greater than 0, indicating that the KA can contribute to the
problem. If multiple KAs have responded, the BA selects the KA
with the highest TV; if multiple KAs are tied, one of these KAs
is randomly selected. The BA then sends the selected agent an
executor message that instructs the KA to perform its action.
While the KA is performing its actions, the BA repeats this pro-
cess until there are either no KAs responding to the trigger event
or no KAs that can contribute. During this time, the BA can per-
form other tasks such as write the blackboard in memory to an
archive or run diagnostics on the KAs to determine whether any
KA has failed and needs to be restarted. For example, if a KA
submits a physics model to an HPC and the job fails, this would
likely cause the agent to fail.
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Algorithm 1: CA loop for BA in MABS

1: Result: Pareto Front, HDF5 File
2: while Termination Criteria not met do
3: Publish trigger
4: Receive TVs
5: if No TVs then
6: Archive blackboard
7: Run agent diagnostics
8: end if
9: Determine KA to select
10: Send KA executor
11: if Check Progress then
12: Check complete
13: Archive blackboard
14: Run agent diagnostics
15: end if
16: end while
17: Shut KAs down

After a KA has performed its action, it requests permission
from the BA to write this information to an abstract level. KA-S
agents write information to the Data Level. When a viable de-
sign has been obtained, the KA-BR agents promote these designs
to the Viable Design Level and Pareto Front Level. If designs are
present on the Pareto Front Level, local KA-S agents use these
designs to search the area for additional optimal designs.

The BA will continually send trigger events to request
whether KAs can perform their tasks. During this process, the BA
will occasionally check the progress of the problem to determine
whether the termination criterion has been met. Upon reaching
the termination criterion, the BA sends a shutdown message to
each KA; this shuts down the agent to prevent it from perform-
ing any additional tasks. The blackboard (or corresponding HDF5
archive file) can then be used to examine the PF.

Generational algorithms (such as GAs, ICAs, etc.) require
multiple designs to be present in order to explore various regions
of the problem. Utilizing a multi-agent approach for solving an
optimization problem allows for the exploration of regions of in-
terest in real time as they are discovered by other KAs. For ex-
ample, if a stochastic KA-S agent finds a viable design, and this
design is promoted to the Pareto front level, all of the local KA-
S agents can use this information to further explore this area.
The stochastic KA-S agent can begin searching other areas of
the design space. Utilizing multiple KA-S agents can be applied
in two synergistic ways. If duplicate KA-S agents are used, mul-
tiple optimal points can be examined simultaneously, leading to
an increase in parallel performance. Duplicate KA-S agents can
also be used with tuned hyperparameters to help expedite the
search process by providing slight variations to their algorithmic
approach. If multiple types of KA-S agents are used, the advan-
tages of each search algorithm can be leveraged to thoroughly
explore areas of interest. Combining multiple and duplicate KA-
S agents gives the user the ability to create a highly parallelizable
optimization algorithm that can rapidly search the design space
for optimal designs.

2.6 Built-in versatility

The MABS architecture was built to provide a diverse set of al-
gorithms to solve a variety of optimization problems. This sec-
tion describes many of the built-in algorithms and the meth-

ods/hyperparameters that can be enabled. The MABS can handle
any number of design variables, objective functions, and con-
straints for a multi-objective optimization problem. Due to this,
MABS is applicable to most engineering-type optimization prob-
lems. Both continuous and discrete design variables are allowed,
and continuous, discrete, or array-like types are allowed for ob-
jective functions and constraints. Array-like objective functions
and constraints require the user to specify whether they are
looking for an average, maximum, minimum, absolute maxi-
mum, or absolute minimum value in the array. The absolute
maximum/minimum takes the absolute value of each element
in the list and then finds the maximum/minimum. Reducing an
array-like objective to a single value allows it to be used by the
various KA-S/KA-BR agents for determining optimality. Holding
an array of values allows users to store additional information
that may be pertinent to a design problem, but not necessary to
the optimization process. The ability to store additional infor-
mation for an objective function or constraint provides the user
with a database after the optimization process that contains far
more relevant physics information than is typical in most opti-
mization algorithms.

Objective functions (f) can be minimized, maximized, or op-
timized to a specific value within a bounding region, as seen in
equation (1). Users set upper and lower bounds on each objec-
tive function to define the objective space. For a minimization
problem, we seek to find the smallest value within our bounds.
For a maximization problem, we transform the bounds by taking
the negative of the objective function and minimize this value.
If an objective function is optimized to a specific value, we min-
imize the absolute difference between the target value (f∗) and
the objective function value. This results in the ability to mix
and match how objective functions are defined for real-world
problems.

Minimize: min f

Maximize: min − f

Equal to: min | f ∗ − f |

(1)

The ability of agents to perform tasks independently pro-
vides a framework that can be highly parallelizable. For a typ-
ical problem, three KA-BR agents (Data Reader, Promoter, and
PF Maintainer) are required to sort designs and maintain the
PF. The KA-S agents require the most computational resources,
especially if they are running high-fidelity physics codes to de-
termine the objective functions and constraints. For HPCs, the
number of KA-S agents is theoretically limited by the number
of processors required to determine the objective functions and
constraints. Typically, a combination of local and global KA-S
agents helps promote a balance of exploration and exploitation.
Hyperparameters for each of the local KA-S can be tuned to pro-
vide a greater diversity in the way the PF is determined. The de-
sign variable or objective function ranges can also be adjusted
for each agent; this would force these agents to search different
regions of the design space. Manipulating the design variables
of objective function ranges allows for the injection of expert
knowledge into the optimization problem.

The multi-agent approach allows users to write new opti-
mization algorithms to help discover the PF, while simultane-
ously allowing for agents to be based on other optimization
modules. This encourages collaboration between various opti-
mization algorithms from multiple sources, similar in manner
to the “experts” from the initial blackboard analogy. For exam-
ple, pyDOE is used in the Latin Hypercube agent to generate the
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Latin hypercube sampling pattern (Pydoe, 2013). The pymoo KA-S
agent can utilize the Non-Sorted Genetic Algorithm-II [NSGA-II
– originally described in Deb et al. (2002)] from the pymoo mod-
ule, where each design that is evaluated in the NSGA-II algo-
rithm is written on the blackboard (Blank & Deb, 2020). With
the ability to easily incorporate innovative optimization mod-
ules from other sources, MABS can utilize the strengths of these
algorithms while accounting for weaknesses with other algo-
rithms.

MABS can also handle solving multitiered optimization prob-
lems, where multiple blackboards are present simultaneously.
This can help solve large problems that can naturally be broken
into subproblems. Multitiered problems can be solved in serial or
in tandem, depending on the problem specifications. Solving a
multitiered problem in tandem allows a primary BA to solve the
overarching problem, while multiple sub-BAs are used to solve
each subproblem. A separate CA is assigned to each BA to con-
trol the loop found in Algorithm 1. Once data are presented on
the PF of a subblackboard, these data are translated into a the
correct format for the primary blackboard and are written to the
Data Level. The primary BA uses its own set of KAs to examine
these data and optimize the overarching problem. During this
time, the sub-BA(s) continues to find optimal designs and pro-
mote these designs to the primary blackboard.

2.6.1 Search agents
Most KA-S agents have various hyperparameters that can be
tuned to examine the design space more effectively. We will
begin by describing in greater detail each agent’s methodology
for searching the design space, followed by the various hyper-
parameters associated with each KA-S. Hyperparameter names
and default values are given by (name=<value>). All KA-S agents
can be assigned varying ranges for the design variables, objec-
tive functions, and constraints. Along with this, the base TVs
can also be updated to increase or decrease the probability that
they will be selected.

The local search methods select designs present in one of
the three abstract levels; typically, we select designs from the
Pareto Front Level, and perform a local search to further explore
the PF. The KA-S agents can either select a design on the PF by
random, by utilizing a fitness function, or select a design that is
optimal in one or more objective functions. The fitness function
for each objective function is scaled to a value between 0 and 1
and the resulting values are summed; a larger fitness function
indicates a better design. When a single objective is selected, the
design with the most optimal value of that objective is selected.
If two or more objectives are desired, a fitness function based on
the desired objectives is created and the design with the largest
fitness function is selected.

Four KA-S agents (highlighted in Table 1) are able to paral-
lelize their search method. This allows for multiple simulations
to be executed simultaneously using a series of subagents. The
subagents are given a set of design variables and evaluate the
objective functions and constraints based on the problem. Once
each of the subagents has completed its task, the subagent is
removed and the KA writes this information to the blackboard.
The number of subagents created is dependent on the method
and the number of designs to analyse, with the exception of the
Latin Hypercube KA-S.

Stochastic KA-S agents search the design space by randomly
selecting a value for each design variable within the bounding
limits. Currently, only a uniform distribution is allowed for ran-
dom sampling. There are no hyperparameters associated with
Stochastic KA-S agents.

Latin Hypercube KA-S agents generate a set of designs based
on a hypergrid, which adequately samples the entirety of
the design space (McKay et al., 1979). Hyperparameters for
the Latin Hypercube agent include the number of samples
to take within the design space (samples=50), and if run-
ning in parallel, the maximum number of subagents deployed
can be set (max sub agents=50). The criterion for generating
the hypergrid can also be selected as either simple and cor-
related (lhc criterion=“correlated”). A simple criterion ran-
domizes the points within the hypergrid intervals, while a
correlated criterion tries to minimize the maximum correla-
tion coefficient associated with the designs selected (Pydoe,
2013).

Neighborhood Search KA-S agents select a design from one
of the abstract levels and apply a small perturbation to each
design variable, separately, to generate new designs (Lones,
2014). Hyperparameters include the size of the perturbation
(perturbation size=0.05), the ability to perturb multiple de-
sign variables simultaneously (additional perturbations=0),
and the ability to fix the perturbation size or randomly
select a perturbation within the designated perturbation
(neighborhood search=“fixed”). For a discrete design variable, a
value is randomly selected among the options.

Hill-Climb KA-S agents select a design from one of the ab-
stract levels and apply an incremental change (called a step size)
to each design variable independently (Lones, 2014). The objec-
tive functions are analysed and the KA-S selects a design that is
more optimal than the initial design. Two methods for determin-
ing the next design are available: simple ascent and steepest-
ascent. The simple ascent method analyses each step individ-
ually and selects the first step that increases the fitness func-
tion. The steepest-ascent method examines all possible steps
and selects the step that has the greatest change in fitness func-
tion for a change in the design variable. If no step creates a
more optimal design, the step size is decreased and the pro-
cess is repeated. This process stops if a set number of steps
has been reached or if the step size is smaller than some con-
vergence criteria. Hyperparameters include the algorithm type
(hc type=“simple”), initial step size (step size=0.1), the rate at
which the step size decreases (step rate=0.1), the total number
of steps allowed (step limit=100), and the convergence criteria
(convergence criteria=0.001).

Genetic Algorithm KA-S agents select designs from one
of the abstract levels and applies cross-over and muta-
tion techniques to generate new designs. Single-point, lin-
ear, and batch cross-over are available for performing de-
sign cross-over (Sorsa et al., 2008; Zameer et al., 2014), while
random and nonlinear mutations are available for perform-
ing mutation (Sorsa et al., 2008). Hyperparameters include
the cross-over type (crossover type=“single point”) and mu-
tation type (mutation type=“random”), the cross-over rate
(crossover rate=0.8) and mutation rate (mutation rate=0.1),
population size (pf size=40), and the offspring produced
(offspring per generation=20). Three additional hyperparam-
eters (b = 2, k = 5, and T = 100) are available for the nonuniform
mutation that drives the size of the mutation.

Pymoo KA-S agents utilize algorithms from the pymoo

module (Blank & Deb, 2020). The PF from the black-
board can be used as the initial population, and the
NSGA-II module undergoes a series of cross-over and
mutations to discover the PF. Hyperparameters include
the algorithm (pymoo algorithm name=“NSGA2”), cross-
over type (crossover type=“real sbx”), mutation type
(mutation type=“real pm”), population size (pop size=25),
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Table 4: Parallelizability for KA-S agents.

KA name Parallelizability

Stochastic N
Latin Hypercube N ∗ max sub agents

Genetic Algorithm N ∗ offspring per generation

Neighborhood Search N∗2∗DVs
Hill-Climb (Simple) N
Hill-Climb (Steepest-Ascent) N∗2∗DVs
Pymoo N ∗ n offspring

number of offspring (n offspring=10), termination type
(termination type=“n eval”), and termination criteria
(termination criteria=250). The hyperparameters are used to
set up and run a pymoo problem.

Many of the KA-S agents have the ability to be parallelized,
meaning that the evaluations of designs can be performed con-
currently. This, along with the ability to add KA-S agents, allows
for a highly parallelizable optimization algorithm. Table 4 shows
how each of the KA-S agents can be parallelized: N is the num-
ber of the particular KA-S agents in the system, and DVs is the
number of design variables present in the problem. For some
KA-S agent, such as Latin Hypercube, GA, and pymoo, the user
can dictate the number of subagents that can be spawned to
evaluate multiple designs. Other agents, such as Neighborhood
Search and Hill-Climb (Steepest-Ascent), are dependent on the
number of design variables: the multiple of 2 is based on a con-
tinuous variable where an increase and decrease to the design
variable is examined. Utilizing multiple KA-S agents and paral-
lelizing each agent can create a large multi-agent system, where
the user must take care to ensure the operating system can han-
dle the number of processes required for these problems.

2.6.2 Blackboard reader agents
Of the four KA-BR agents, only the PF maintainer agent has
unique hyperparameters. The PF Maintainer agent is tasked
with maintaining the PF; this includes examining and remov-
ing designs on the PF. To prune the PF, four options are avail-
able: nondominated sorting, HV, DCI, and DCI-HV. Nondomi-
nated sorting removes any dominated designs by comparing
each design against all other designs on the PF. The nondomi-
nated sorting method does not limit the number of designs on
the PF. HV examines the contribution each design makes to the
HV and removes the designs that contribute the least to the
HV until the total number of designs on the PF reaches a user-
defined value. The Diversity Comparison Indicator (DCI) places
the designs in a hypergrid, which is used to assess the diversity
of the designs on the PF. If multiple designs are present in the
same hyperbox, the design with the highest fitness function is
kept and the other designs are discarded. The DCI method does
not explicitly limit the number of designs on the PF. DCI-HV uti-
lizes the DCI method to remove an initial number of designs that
are crowded together, and then relies on the HV method to prune
the number of designs to a user-defined value. This method was
implemented to reduce the time required in calculating the HV
contribution for each design by preemptively pruning designs
that are close together.

2.6.3 Blackboard
There are three methods for terminating the MABS: a set num-
ber of function evaluations, a set number of TVs, or the hypervol-
ume (HV) convergence. Terminating the problem based on func-

tion evaluations is determined by the number of designs found
on the Data level. Terminating the problem based on the num-
ber of TVs simply examines how many agents have been tasked
with performing an action. Setting a fixed number of function
evaluations or number of TVs can also be used in conjunction
with the HV convergence to bound the problem. The HV exam-
ines the change in the HV over a TV interval, with a default con-
vergence criterion of 10−5. The TV interval is used to average the
HV and compare it with the previously averaged HV to deter-
mine the convergence rate; if this value is less than the conver-
gence criteria, the problem is determined converged. While the
HV can be used to determine if the algorithm has converged on
the PF, care must be taken to ensure that the problem does not
prematurely converge. Calculating the HV can be extremely time
consuming for problems with large numbers of design variables,
especially if the PF is large. Allowing KAs to perform tasks during
the time required for the BA to calculate the HV mitigates some
of this time requirement, and the potential to create subagents
to calculate the HV as a function of function evaluations has the
promise to increase the viability of using the HV as a conver-
gence metric. While this is currently not implemented, paral-
lelizing agent abilities has shown promise for reducing compu-
tational time (see Section 3.4).

Terminating the problem can be done in a soft or hard man-
ner. In the soft method, the BA no longer publishes a request for
TVs and instead waits for any remaining agents to finish their
tasks. The hard method forces each KA agent to shut down im-
mediately upon completing its most recent design evaluation.
While shutting down via the hard method takes considerably
less time than the soft method, the time for shutdown will still
be on the order of time required for performing a function eval-
uation.

3 Results
3.1 Benchmark problems

To assess the advantages and disadvantages of using the MABS
as an optimization algorithm, it is advantageous to examine its
ability to solve a series of benchmark optimization design prob-
lems. These benchmarks have known PFs and can be expected
to represent the types of problems most experienced in science
and engineering (Tanabe & Ishibuchi, 2020). Some benchmarks,
such as the ZDT or DTLZ suites, provide varying numbers of de-
sign variables, objective functions, and PF types (Zitzler, 1999;
Deb et al., 2005). While these benchmarks are extremely use-
ful for determining how optimization algorithms will handle
multiple false PFs or PFs with exotic shapes, we have instead
decided to focus on determining how the MABS will be able
to solve real-world engineering benchmarks. The engineering
benchmark suite provides problems using two to nine objec-
tives, two to seven design variables, and both continuous and
discrete design variables. This provides a diverse set of prob-
lems that are envisioned to be representative of problems that a
typical scientist, researcher, or engineer will encounter in their
work. As such, it is pertinent to show that the MABS will be able
to adequately discover the PF for these types of problems. Table 5
gives a brief description for each benchmark problem; mixed in-
dicates a problem with both continuous and discrete variables.

Given the diversity of optimization algorithms presented in
literature, it is prudent to compare MABS against some well-
known modern algorithms from the pymoo module (Blank &
Deb, 2020): Non-Sorted Genetic Algorithm-III [NSGA–III – origi-
nally described in Deb and Jain (2014b) and Jain and Deb (2014)],
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Table 5: Benchmark properties for engineering benchmarks.

Name Original name Objs DVs Variables

RE2-4-1 Four bar truss design 2 4 Continuous
RE2-3-2 Reinforced concrete beam design 2 3 Mixed
RE2-4-3 Pressure vessel design 2 4 Mixed
RE2-2-4 Hatch cover design 2 2 Continuous
RE2-3-5 Coil compression spring design 2 3 Mixed
RE3-3-1 Two bar truss design 3 3 Continuous
RE3-4-2 Welded beam design 3 4 Continuous
RE3-4-3 Disk break design 3 4 Continuous
RE3-5-4 Vehicle crash worthiness design 3 5 Continuous
RE3-7-5 Speed reducer design 3 7 Mixed
RE3-4-6 Gear train design 3 4 Discrete
RE3-4-7 Rocket injector design 3 4 Continuous
RE4-7-1 Car side impact design 4 7 Continuous
RE4-6-2 Car side impact design 4 6 Continuous
RE6-3-1 Water resource planning 6 3 Continuous
RE9-7-1 Car cab design 9 7 Continuous

Adaptive Geometry Estimation-based Multi Objective Evolution-
ary Algorithm [AGE–MOEA – originally described in Panichella
(2019)], and Two Archive Evolutionary Algorithm [C–TAEA – orig-
inally described in Li et al. (2019)].

3.2 Performance metrics

Three performance metrics are used to quantitatively assess the
performance of each algorithm. The PF is known for each bench-
mark case that allows for the examination of the generation dis-
tance (GD), inverted generational distance, and the HV.

3.2.1 Generation distance
The GD examines the distance between the nondominated PF
(PF) and the optimal PF (PF∗; Veldhuizen & Lamont, 1998), and is
defined by

GD(PF, PF∗) =

[ ∑
v∈PF

d(v, PF∗)
] 1

2

|PF| , (2)

where d(v, PF∗) is the Euclidean distance between the point v and
the nearest point in PF∗, and |PF| is the total number of solutions
on the PF. The GD indicates how close the solutions on the PF are
to the Pareto-optimal solutions. A PF that is closer to the optimal
PF (i.e. is more converged) has a smaller GD.

3.2.2 Inverted generation distance
The inverted generation distance (IGD) is similar to the GD in
that it also measures the distance between the nondominated
PF and the optimal PF (PF∗; Coello et al., 2002). It is defined by

IGD(PF, PF∗) =

[ ∑
v∈P F ∗

d(v, PF)
] 1

2

|PF∗| , (3)

where d(v, PF∗) is the minimum Euclidean distance between the
point v and the nearest point in the PF, and |PF∗ | is the total
number of solutions on the PF∗. The IGD uses the solution in
the PF∗ to determine the distance, rather than the solution on
the nondominated PF. If a large number of solutions are present
in PF∗, the IGD can also be used as a measure of diversity of the
nondominated PF. A PF that is closer to PF∗ (i.e. is more converged
and diverse) has a smaller value for the IGD.

3.2.3 Hypervolume
The HV gives the volume of the objective space that is domi-
nated by the set of solutions on the PF. This is given by

HV(PF, R) =
⋃

i

voli | vi ∈ PF, (4)

where vi is a solution on the PF, and voli is the volume between
vi and the reference point R. The HV can be used to evaluate an
algorithm’s ability to converge and maintain a diverse PF.

3.3 Benchmark results

To allow for a fair comparison, each algorithm was allowed to
perform 10 000 function evaluations. Each algorithm was exe-
cuted 20 times to provide an average for GD, IGD, and HV. The
NSGA-III, AGE-MOEA, and C-TAEA algorithms were all evaluated
using the pymoo module. Most of these algorithms require a ref-
erence direction to initialize the algorithm. While a detailed dis-
cussion for reference directions is not suited for this paper, this
places limits on the population size. As such, a population of at
least 100 was required, but a specific number was not required.
For each algorithm, the default cross-over (0.9) and mutation
(0.2) probabilities were used. Simulated binary cross-over was
used as the cross-over technique, and random mutation was
used to mutate individuals; all other parameters for each algo-
rithm were set according to any predefined value. No attempt
was made to optimize the parameters for any algorithm.

The MABS was set up using the KA-S agents presented in Ta-
ble 6. Hyperparameter values are presented as an array, where
each index of the array represents the value for a unique agent.
Along with the 10 KA-S agents, 3 KA-BR agents were used: Data
Reader, Promoter, and PF Maintainer. The PF Maintainer used
nondominated sorting to maintain the PF. No attempt was made
to optimize the number of agents or agent hyperparameters for
the MABS.

Results are presented for each benchmark problem in Ta-
bles 7–9, where the mean and standard deviation of each perfor-
mance metric are displayed. The last row in each table tallies the
number of times the algorithm has the best value (w), the worst
value (l), or ties the best value (t). Tables 7–9 show that MABS per-
forms statistically well when compared with other algorithms.
While these attributes are associated with the MABS as a whole,
these values are based on the KAs selected in addition to their
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Table 6: KA-S agents and hyperparameters for MABS.

Agent type Num. agents Hyperparameters

Stochastic 1 None
Latin Hypercube 1 samples: [100∗Na] criterion: [correlated]
Neighborhood Search 3 perturbation size: [0.025, 0.01, 0.01] neighborhood search: [random, fixed, random]

additional perturbation: [0, 0, Na − 1]
Genetic Algorithm 2 cross over: [linear, random] mutation type: [nonuniform, random] offspring per generation:

[20, 20] mutation rate: [0.1, 0.1]
Hill-Climb 2 hc type: [simple, steepest-ascent] step size: [0.01, 0.01] step limit: [10, 50]

convergence criteria: [0.001, 0.001]
Pymoo 1 pop size: [50] n offspring: [50] termination criteria: [2500] termination type: [n eval]

crossover type: [real sbx] mutation type: [real pm]

aN is the number of design variables.

Table 7: Mean (standard deviation) of GD for algorithm comparison for engineering-based benchmarks.

Problem NSGA-III AGE-MOEA C-TAEA MABS

RE2-4-1 4.504e-01 (3.729e-02) 4.760e-01 (3.829e-02) 1.932e-01 (1.097e-01) 4.684e-01 (2.272e-02)
RE2-3-2 5.928e+01 (2.437e+02) 8.523e+04 (3.540e+05) 3.516e-01 (7.987e-02) 2.735e-01 (4.148e-02)
RE2-4-3 3.926e+02 (1.696e+01) 2.516e+02 (1.645e+01) 3.449e+02 (9.830e+01) 3.899e+02 (3.790e+01)
RE2-2-4 1.524e-01 (2.061e-02) 1.306e-01 (1.303e-02) 1.141e-01 (4.029e-03) 1.218e-01 (2.121e-02)
RE2-3-5 6.064e-04 (3.732e-04) 2.645e-04 (1.108e-05) 4.803e-02 (8.493e-02) 3.204e-04 (8.868e-05)
RE3-3-1 3.605e+03 (1.143e+03) 3.689e+04 (1.014e+04) 9.628e+03 (6.835e+03) 2.931e+04 (8.715e+03)
RE3-4-2 7.410e+04 (1.199e+04) 4.244e+04 (3.947e+03) 7.148e+03 (2.486e+03) 1.773e+04 (5.178e+03)
RE3-4-3 1.690e-01 (2.254e-02) 3.400e+00 (2.822e+00) 2.268e-01 (8.983e-03) 1.869e-01 (2.682e-02)
RE3-5-4 7.470e-02 (1.469e-02) 7.486e-02 (6.813e-03) 6.591e-02 (8.826e-03) 6.309e-02 (4.581e-03)
RE3-7-5 7.264e+00 (2.211e+00) 9.566e+00 (8.266e-01) 1.092e+01 (7.728e-01) 9.901e+00 (1.629e+00)
RE3-4-6 5.609e-02 (8.224e-02) 5.571e-02 (7.964e-02) 6.522e-02 (4.087e-02) 5.239e-02 (1.530e-01)
RE3-4-7 2.285e-02 (3.038e-03) 2.611e-02 (2.859e-03) 2.003e-02 (1.643e-03) 1.482e-02 (1.579e-03)a

RE4-7-1 2.882e-01 (5.437e-02) 3.219e-01 (3.783e-02) 3.639e-01 (5.766e-02) 2.449e-01 (2.754e-02)
RE4-6-2 1.419e+02 (9.409e+01) 8.815e+01 (1.739e+01) 1.569e+02 (4.578e+01) 4.790e+01 (7.756e+00)
RE6-3-1 3.280e+04 (4.197e+03) 5.172e+04 (3.573e+03) 6.256e+04 (8.302e+03) 4.496e+04 (5.533e+03)
RE9-7-1 2.438e-01 (3.678e-02) 5.114E-01 (2.268E-02) 5.056E-01 (3.590E-02) 4.469e-01 (4.435e-02)
w/l/t 5/4/0 2/6/0 3/6/0 6/0/0

aUsing a Welch T-test, the MABS statistically outperforms all three algorithms for this metric.

Table 8: Mean (standard deviation) of IGD for algorithm comparison for engineering-based benchmarks.

Problem NSGA-III AGE-MOEA C-TAEA MABS

RE2-4-1 4.940e+00 (1.608e-01) 5.004e+00 (3.106e-01) 5.060e+00 (6.728e-01) 6.157e-01 (7.639e-02)
RE2-3-2 1.790e+00 (5.195e-01) 1.388e+00 (8.831e-02) 2.167e+00 (1.566e-01) 4.394e-01 (5.872e-02)a

RE2-4-3 1.199e+04 (8.789e+02) 5.929e+03 (2.550e+02) 4.265e+04 (4.257e+04) 7.383e+02 (3.172e+02)
RE2-2-4 8.608e+00 (3.691e-01) 1.607e+00 (7.241e-02) 2.454e+01 (1.068e-01) 2.136e-01 (2.291e-01)
RE2-3-5 5.134e+02 (1.320e-04) 2.122e-03 (6.649e-05) 6.258e+03 (6.794e-02) 7.418e+02 (4.885e-04)
RE3-3-1 3.902e+06 (1.781e+06) 6.282e+05 (1.290e+05) 3.330e+06 (1.963e+06) 1.536e+05 (8.609e+04)
RE3-4-2 5.736e+07 (2.383e+07) 5.381e+06 (4.515e+05) 3.206e+07 (2.390e+07) 1.886e+06 (2.830e+06)
RE3-4-3 3.520e+07 (2.536e+00) 3.520e+07 (3.094e+02) 3.520e+07 (1.684e-01) 3.520e+07 (2.442e+01)
RE3-5-4 6.980e-01 (5.775e-02) 3.081e-01 (1.862e-02) 5.725e-01 (7.699e-02) 3.349e-01 (2.489e-01)
RE3-7-5 2.351e+02 (1.912e+01) 3.596e+01 (2.919e+00) 1.071e+02 (4.774e+01) 2.075e+01 (1.468e+01)
RE3-4-6 1.331e+00 (2.176e-01) 5.804e-01 (2.207e-01) 7.351e-01 (2.191e-01) 8.694e-01 (2.220e-01)
RE3-4-7 7.182e-02 (1.881e-03) 5.344e-02 (1.049e-03) 5.839e-02 (1.281e-03) 2.555e-02 (1.993e-03)
RE4-7-1 1.148e+00 (5.229e-02) 6.278e-01 (2.338e-02) 6.996e-01 (1.966e-02) 2.965e-01 (3.353e-02)a

RE4-6-2 4.363e+02 (3.271e+01) 1.428e+02 (6.139e+00) 2.499e+02 (3.866e+01) 9.118e+01 (2.618e+01)a

RE6-3-1 3.839e+05 (9.968e+04) 1.131e+05 (3.843e+03) 1.530e+05 (7.887e+03) 3.432e+05 (8.869e+04)a

RE9-7-1 2.845e+01 (7.985e+00) 4.531E+00 (9.425E-01) 7.862E+00 (2.250E+00) 6.498e+00 (1.870e+00)
w/l/t 0/10/1 5/0/1 0/5/1 10/0/1

aUsing a Welch T-test, the MABS statistically outperforms all three algorithms for this metric.
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Table 9: Mean (standard deviation) of HV for algorithm comparison for engineering-based benchmarks.

Problem NSGA-III AGE-MOEA C-TAEA MABS

RE2-4-1 6.723e-01 (2.898e-04) 6.708e-01 (3.713e-04) 4.936e-01 (1.314e-01) 6.778e-01 (1.321e-04)
RE2-3-2 5.458e-01 (2.254e-03) 5.455e-01 (6.107e-04) 5.461e-01 (2.029e-04) 5.507e-01 (4.171e-04)a

RE2-4-3 9.509e-01 (2.144e-04) 9.526e-01 (5.059e-05) 9.480e-01 (4.687e-03) 9.535e-01 (8.444e-05)
RE2-2-4 9.574e-01 (1.157e-04) 9.598e-01 (1.015e-04) 9.470e-01 (8.400e-05) 9.612e-01 (5.899e-05)a

RE2-3-5 8.513e-01 (5.048e-10) 8.712e-01 (4.599e-11) 4.871e-01 (5.284e-05) 8.712e-01 (1.176e-10)
RE3-3-1 1.000e+00 (3.326e-06) 1.000e+00 (9.964e-08) 1.000e+00 (7.716e-05) 1.000e+00 (5.521e-08)
RE3-4-2 9.986e-01 (2.699e-04) 9.996e-01 (3.759e-06) 9.955e-01 (2.693e-03) 9.996e-01 (2.404e-05)
RE3-4-3 9.754e-01 (4.014e-03) 9.806e-01 (1.383e-03) 9.699e-01 (8.903e-03) 9.836e-01 (1.067e-03)
RE3-5-4 7.170e-01 (4.003e-03) 7.399e-01 (8.560e-04) 6.967e-01 (1.528e-02) 7.432e-01 (9.011e-03)
RE3-7-5 9.631e-01 (5.216e-03) 9.744e-01 (1.215e-03) 9.685e-01 (1.948e-03) 9.752e-01 (9.428e-04)
RE3-4-6 6.449e-01 (4.811e-03) 6.618e-01 (1.224e-04) 6.551e-01 (4.170e-03) 6.613e-01 (5.849e-04)
RE3-4-7 5.756e-01 (2.722e-03) 5.344e-02 (1.049e-03) 5.839e-02 (1.281e-03) 6.151e-01 (2.523e-03)a

RE4-7-1 4.450e-01 (2.982e-03) 4.733e-01 (3.707e-03) 4.149e-01 (7.212e-03) 5.060e-01 (8.656e-03)a

RE4-6-2 4.889e-01 (5.868e-03) 5.412e-01 (1.545e-03) 4.946e-01 (9.970e-03) 5.484e-01 (5.308e-03)
RE6-3-1 7.684e-01 (5.093e-03) 8.040e-01 (1.635e-03) 6.804e-01 (5.032e-02) 7.220e-01 (4.473e-03)
RE9-7-1 3.291e-02 (2.679e-03) 4.276E-02 (2.109E-03) 1.740E-02 (2.439E-03) 4.007E-02 (1.835E-03)
w/l/t 0/3/1 3/2/3 0/10/1 10/0/3

aUsing a Welch T-test, the MABS statistically outperforms all three algorithms for this metric.

Table 10: Number and type of KA-S agents for parallelizability study.

Case Total agents Agent breakdown

1 6 S: 1, LHC: 1, NS: 1, HC: 1, GA: 1, pymoo: 1
2 12 S: 2, LHC: 2, NS: 2, HC: 2, GA: 2, pymoo: 2
3 24 S: 4, LHC: 4, NS: 4, HC: 4, GA: 4, pymoo: 4
4 48 S: 4, LHC: 4, NS: 12, HC: 12, GA: 12, pymoo: 4
5 96 S: 4, LHC: 4, NS: 28, HC: 28, GA: 28, pymoo: 4

hyperparameters. However, given that the number and hyper-
parameters of KAs were not optimized, it appears that using a
combination of KA-S types leads to a thoroughly developed PF.
As such, different combinations of KAs and their associated hy-
perparameters may yield better or worse results.

Overall, we find that the MABS performs very well when
compared with the three optimization algorithms. MABS has
the largest number of wins, but more importantly, we find that
MABS does not score the worst value in any metric over all
the benchmarks. This provides confidences that in a real-world
problem, MABS will be able to both find and converge to the PF.

Much of the success of MABS is based on the ability to initially
sample the design space using the Latin hypercube method, fur-
ther drive exploration using pymoo and the GA, and thoroughly
search optimal areas using the hill climb and neighborhood
search algorithms. Using a traditional optimization algorithm,
like NSGA-II or the built in GA, allows MABS to continually ex-
plore large portions of the PF, which in turn helps drive the di-
versity of solutions present. MABS capitalizes on this and is able
to outperform the compared optimization algorithms by the use
of other local search methods (neighborhood search, hill-climb)
to effectively search surrounding areas. While mutation in evo-
lutionary algorithms can provide this type of exploration, the
rate at which mutations are added is much slower than utiliz-
ing other KA-S agents explicitly for this function. In conjunction
with this, since the MABS is not constrained to a specific popula-
tion size, the PF has no limit on the number of solutions present.
This helps ensure that optimal solutions remain present on the
PF to allow for further exploration.

3.4 Parallelization study

To examine the parallelizability of the MABS, we considered
the RE4-7-1 benchmark problem with three cases correspond-
ing to various evaluation times required to calculate the objec-
tive functions/constraints. 10 000 function evaluations were per-
formed and the time requirements of the MABS were observed
and compared with the NSGA-III algorithm. The three cases cor-
respond to 0, 30, and 300 second evaluation times. A 0 second
evaluation time corresponded to either the evaluation of a sur-
rogate model or some type of analytical relationship between
the design variables and objective functions/constraints. The 30
and 300 second evaluation times correspond to some type of
simulation being used for the calculations. To implement this,
we forced each function evaluation to wait for the evaluation
time. For the NSGA-III algorithm, we fixed the population size
to 56 and 120 members and assume we can solve all members
in parallel. This same approach was used for the NSGA-II algo-
rithm within the MABS as well. For the MABS, we examine the
use of base parallelization (i.e. adding agents) and subagent par-
allelization (i.e. adding agents and allowing them to utilize sub-
agents as well) when comparing with the NSGA-III algorithm.

For each time evaluation, five different cases, each using dif-
ferent numbers of agents, are completed with the MABS. The
number and types of agents for each case are shown in Table 10.
KA-S agents in Table 10 are described as stochastic (S), Latin-
hypercube (LHC), neighborhood search (NS), hill-climb (HC), GA,
or pymoo’s NSGA-II (pymoo). The hyperparameters are not de-
scribed in detail, but are randomly selected for each agent; hy-
perparameters between runs are maintained for consistency. For
example, the hyperparameters for run 1 are used in run 2, where
six new sets of hyperparameters are also initialized for the re-
maining six agents not previously maintained. The exception
to the randomly selected hyperparameters is the pop size for
pymoo. The pop size starts with a population of 20, and was in-
creased by 10 for each pymoo agent added (for example, run 4 has
four pymoo agents with population sizes of 20, 30, 40, and 50). For
cases using all four pymoo agents, up to 20% of the solutions will
be generated using the NSGA-II algorithm from pymoo. Table 11
shows the KA-S agents and all hyperparameters available to be
selected along with any hyperparameter ranges [shown in (...)]
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Table 11: Hyperparameters and ranges for KA-S agents.

Agent type Hyperparameters (Name: Values)

Stochastic N/A
Latin Hypercube lhc criterion: [simple, corr]
Hill-Climb hc type: [simple, steepest-ascent]; convergence criteria: (0.0001, 0.1); step size: (0.01, 0.5); step rate: (0.01,

0.5); step limit: (5, 100)
Neighborhood Search neighborhood search: [fixed, random]; perturbation size: (0.005, 0.5); additional perturbations: (0, Na − 1)
Genetic Algorithm crossover type: [linear, single point]; mutation type: [random, nonuniform]; offspring per generation: (10,

100); mutation rate: (0.05, 0.25), k: (1, 10), T: (50, 150)
pymoo pop size: (20, 50); n offspring; (pop size∗0.5, pop size); function evals: pop size ∗ 20)

aN is the number of design variables.

or hyperparameter options (shown in [...]). For cases 4 and 5, only
the numbers of local KA-S agents are increased (NS, HC, and GA).
Both the stochastic and Latin-hypercube agents are meant for
initial exploration of the problem, where further increasing the
stochastic and Latin-hypercube method would provide dimin-
ishing returns for developing the PF. For cases using four Latin
hypercube agents, roughly 15% of solutions will be generated by
this method, which should provide an adequately sampled de-
sign space. To gain adequate statistics, each run for each evalu-
ation time is executed 10 times.

Figures 5–7 show the time required for both the MABS and the
NSGA-III algorithm to examine 10 000 function evaluations. The
time for the NSGA-III algorithm is constant as it does not rely on
the agent-based system. We find two interesting trends in the
data shown in Figs 5 and 7: the failure of the MABS to compete
with the NSGA-III with a 0 second simulation time, and the time
reduction of the MABS when we increase the number of agents
present for larger simulation times.

For a 0 second simulation time, the computational over-
head associated with executing the MABS outweighs the poten-
tial benefit of using additional agents. While there is a mini-
mal decrease in computational time with increasing numbers
of agents initially, the trend does not continue for larger num-
bers of agents. This failure is due to the multi-agent system be-
coming saturated with agents. The BA sends an executor mes-
sage to a KA, and by the time the BA is ready to determine the
next round of TVs, the initial KA has already completed its ac-
tion and is ready to perform a new action. This prevents mul-
tiple agents from being able to act concurrently, and instead,
agents must wait. The HV also suffers when utilizing a 0 sec-
ond simulation time. For the first two data points (i.e. using six
and twelve agents), the HV is relatively close to the NSGA-III al-
gorithms; however, the later data points, representing additional
agents present, are subpar. The lower HV score is due to the rate
at which solutions are added to the PF, which can lead to a single
area being rapidly explored; however, the PF as a whole is not
adequately explored. Along with this, because KAs must con-
stantly wait to be selected, it is highly likely that the advantages
of using the various hyperparameters for each agent were not
able to manifest. This would likely lower the ability to explore
the PF in a uniform manner.

For simulation times of 30 and 300 seconds (Figs 6a and 7a),
there is a negative correlation between the computational time
and number of agents that roughly follows a power law. This
boon in the computation time is due to the number of simula-
tions that can be run concurrently, roughly based on the num-
ber of agents (A) for a base parallel and As∗Ps with the use of
subagents, where As is a KA-S agent of type (s) and Ps is the par-
allelizability of the agent (see Table 4). It follows that utilizing

subagents provides an added benefit to reducing the computa-
tional time, as we are able to calculate more simulations in a
given time than the NSGA-III algorithm. For the 300 second sim-
ulation, both the base parallel and the use of subagents, there
is reduction in the computational time by roughly a factor for 2
when doubling the number of agents, indicating a strong abil-
ity to parallelize the problem. For the HV, Figs 6b and 7b show
that the number of agents only weakly affects the HV score;
however, both outperform the NSGA-III algorithm. This is again
due to the fact that the simulation time allows multiple agents
to each perform their search methods to effectively discover
the PF.

If high-fidelity simulations are evaluated rather than compu-
tationally cheap surrogate models, the MABS is able to outper-
form the NSGA-III algorithm. Accounting for the time required to
run a simulation allows much of the computational overhead to
be performed while agents are performing their actions. To fur-
ther examine this, a breakdown of the time requirements for the
problem is considered. Creating the multi-agent environment
is performed by the CA and BA, where each KA must be sub-
stantiated: it takes approximately 0.25 second per agent created
(2 seconds for 8 agents, 24 seconds for 96 agents, etc.). For the
MABS to examine a problem with 10 000 function evaluations,
10 000 designs must be written to an HDF5 file: On average, this
process consumes 100–250 seconds, which is currently based on
writing to an HDF5 file every 25 TVs. Finally, the multi-agent en-
vironment must be shut down: This process takes about 5 sec-
onds plus the amount of time required for a function evaluation
(as KA-S agents complete their current function evaluation be-
fore shutting down). In all, the overhead associated for using the
MABS can range from 110 to 275 seconds plus the time associ-
ated with performing a function evaluation. Examining Fig. 5a,
the overhead for MABS already surpasses the time required for
the NSGA-III algorithm, indicating that using the MABS in con-
junction with surrogate models will never be as efficient as a
generic NSGA-III algorithm.

We conclude by noting a couple of important aspects with
the current MABS framework. The ability to parallelize agents
can greatly reduce the time required for developing the PF; how-
ever, the exact time can vary greatly. The variation in time re-
quirements resides with the use of various agent types, where
agents that are easier to parallelize will in turn reduce the over-
all time requirements of the problem. For example, creating a
large number of offspring with the GA KA-S agent would allow
for a large number of design evaluations to happen simultane-
ously. While the KA-S agents have been implemented in paral-
lel, there is additional room for both adding new agent types to
reduce the computational time required. Calculating the HV pa-
rameter during a simulation can require considerable time, and
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Figure 5: Results for 0 second function evaluation time.

as such, creating a KA to calculate the HV for the BA could sig-
nificantly reduce the time the BA must take. Similarly, for many
of the problems in the parallelization study, the BA took on the
order of 100–250 seconds to write information to the HDF5 file:

If this task was passed to a KA, the overall time requirements
could shrink. While this may not be important when examining
problem with large design evaluation times, it would ensure that
the BA is able to constantly respond to KA requests.
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Figure 6: Results for 30 second function evaluation time.

3.5 Hypervolume convergence study

The last study performed for the MABS was the use of the HV
as a convergence criterion, again looking at problem RE4-7-1.
The MABS was compared against the NSGA-III algorithm, where

the same population constraints were used. A simulation time
of 30 seconds was selected, where the simulation time and HV
were examined as figures of merit. For the MABS, the six cases
with varying numbers of agents (shown in Table 10) were used
again. The convergence interval was 10 TVs, and a convergence
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Figure 7: Results for 300 second function evaluation time.

criterion of 10−4 and 10−5 was used. A maximum of 10 000 func-
tion evaluations were allowed for MABS if the HV did not con-
verge. Figure 8a and b shows the results for the two convergence
criteria compared with the NSGA-III algorithm.

Using the HV as a convergence criterion can provide a signif-
icant decrease in the amount of time required to reach an ac-
ceptable PF. There is between a fourfold to twelvefold decrease
in the time requirements when using a convergence criterion
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Figure 8: Results for 30 second function evaluation time using HV convergence.

of 10−4; this is due to the fact that only 1500–2500 simulations
were examined. When using a convergence criterion of 10−5, the
time requirements are lessened to between a twofold to four-
fold decrease. Also of interest is the fact that simulations us-

ing greater agents require similar time-scales. This is likely due
to using multiple agents, with varying hyperparameters, which
allows for a large PF to be discovered and sampled simultane-
ously. For the cases with 6 and 12 agents, fewer agents means
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that certain areas of the PF are more thoroughly explored before
the remaining PF was developed and explored. This is further
explained when using six agents with a convergence criterion
of 10−5, which has a time requirement (and HV value) that is
within the uncertainty of the base MABS case. This arises nat-
urally, as the number of function evaluations for this cases ap-
proaches 10 000, indicating that the HV does not converge well
with a limited number of agents.

Using the hypervolume as a convergence criterion plays a
strong role in the time requirements for converging to the PF;
however, there is a tradeoff as the PF is not as thoroughly ex-
plored. Figure 8b shows that the HV is on par with the NSGA-III
algorithm using a populations size of 56. Overall, the HV when
using a convergence criterion of 10−4 is roughly 75–80%, of the
value obtained by using MABS without the convergence crite-
ria. This value improves to 85–90% when using a convergence
criterion of 10−5; however, the consequence of improving the
HV coverage comes at the cost of increased run-time. There is
an inherent tradeoff to using the HV as a convergence criterion;
the smaller we make the convergence criterion, the more time
it will take to reach convergence. This gives the user the abil-
ity to determine whether speed or accuracy in developing the PF
is of greater importance. Also, using the HV convergence crite-
ria would provide little to no benefit when examining problems
with little to no evaluation time.

Using the HV as a convergence criterion can be beneficial
to reducing the number of function evaluations; however, care
must be taken to ensure that the problem converges to the true
PF. As such, introducing a convergence criterion can provide an
initial PF for users to examine in a fraction of the time that would
be required for the MABS to complete a fixed number of function
evaluations. While this introduces an added level of complexity
for determining the PF, if the user is not satisfied with the PF,
the convergence criteria can be updated and the problem can be
restarted with little difficulty due to the HDF5 file.

3.6 Application for experiment placement in a nuclear
test reactor

Nuclear test reactors are mainly used for the irradiation of novel
fuel or structural materials for post-irradiation examination. Ir-
radiating materials require placing experiments into dedicated
facilities in the reactor core. There is a limit on the number
of locations for placing experiments, and the presence of ex-
periments must not diminish the safe operation of the reactor.
We examine the placement of experiments in a proposed test
sodium fast reactor (SFR).

Three experimental assemblies will be considered for exami-
nation; fertile-free fuel (fissile exp.), fertile fuel (fertile exp.), and
nonfuel (steel exp.). The majority of experiments envisioned for
an SFR will be enveloped by one of these three experiment types.
For a fissile exp., minor characteristics will change when replac-
ing the fuel matrix or fissile material, but it is envisioned that us-
ing plutonium as the fissile material will help provide a bound-
ing case for fueled experiments. The fissile exp. is modeled as an
advanced fuel material that is comprised of 60 wt% plutonium
and 40 wt% zirconium based on the AFC-1B (serial number AE-
1A) experiment presented in Hilton et al. (2006). The plutonium
isotopic vector is weapon grade (i.e. 96 wt% Pu-239 and 4 wt%
Pu-240); while this may not be indicative of all nonfertile experi-
ments, it will provide a bounding case. The fissile exp. assembly
geometry resembles the standard fuel assembly seen in Table 13.
Fertile experiments will behave similarly to a neutron poison in
the SFR core, and utilizing a uranium-based fuel matrix will pro-

Figure 9: Plan view of the SFR core with experiment locations.

vide characteristics similar to most fertile system. The fertile ex-
periment represents a material that is 90 wt% natural uranium
and 10 wt% zirconium. The assembly for a fertile experiment
contains 91 fuel pins with a pin diameter of 1.25 cm, a fuel den-
sity of 80%, and a pitch-to-diameter ratio of 1.078. Multiple types
of metal alloys will likely be placed in the SFR core to determine
alloy degradation, though they are not expected to drastically
affect core neutronics. The steel exp. is representative of a stan-
dard assembly (from Table 13) with steel pins.

The SFR core layout is shown in Fig. 9 and contains 69 fuel as-
semblies (grey), 9 safety/control assemblies (green), and 7 empty
test locations filled with sodium (white); these initial 6 rings
comprise the core region. The core region is surrounded by three
rings of stainless steel reflectors (purple). In addition to the
seven dedicated in-core experiment locations, six additional lo-
cations are allowed near the reflector regions. Allowable experi-
ment locations are denoted with a “T” in Fig. 9. The design vari-
ables are the 13 experiment locations T-1 to T-13, and each of
these locations can exist in one of the four states, as seen in Ta-
ble 12. This problem is denoted as Experiment Placement I.

The nominal fuel assembly design specification and remain-
ing details for the core design are provided in Tables 13 and 14.
Fuel assemblies remain in the same position for three cycles
(1200 days) and are then removed from the core. We assume
that these assemblies have been placed in a repeating pattern of
fresh, once-, and twice-burned assemblies. The beginning of cy-
cle (BOC) and end of cycle excess reactivity for this core are 3772
and 1350 pcm with a 3σ uncertainty of 55 and 75 pcm, respec-
tively. The notation of “pcm” (per cent milli) is used to denote
the difference in reactivity compared to a critical core; i.e. pcm =
keff −1.0

keff
∗ 105. The multiplication factor (keff) is the change in the

neutron population from one generation to another, where keff

= 1 indicates that the neutron population is self-sustaining. A
large amount of excess reactivity is required for a test reac-
tor to accommodate the negative reactivity burden associated
with neutron-absorbing materials. This core does not represent
an optimized design for any one particular purpose; however,
it serves as a basis for comparing the effects of adding experi-
ments with some degree of physical realism.
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Table 12: Design variables for Experiment Placement I.

Design variable Options

T-1, T-2, T-5, T-9, T-12, T-13 [Fissile Exp., Fertile Exp., Steel Exp., Reflector]
T-3, T-4, T6, T-7, T-8, T-10, T-11 [Fissile Exp., Fertile Exp., Steel Exp., Empty]

Table 13: Nominal fuel design description (Stewart et al., 2021c).

Assembly parameter Value

Assembly pitch (cm) 14.5
Duct thickness (cm) 0.394
Assembly gap (cm) 0.432
Pins per assembly 217
Pin diameter 0.808
Clad thickness (cm) 0.0599
Wire wrap diameter (cm) 0.0808
Fuel pin pitch-to-diameter ratio 1.1
Smear density 75%
Fuel height (cm) 101.6

Table 14: Core design description (Stewart et al., 2021c).

Core parameter Value

Core power (MW) 300
Fuel assemblies 69
Primary CR assemblies 6
Safety CR assemblies 3
Peak LHGR (kW/m) 35.0
Peak burnup (MWD/kg) 105
Fuel residency (days) 1200
Cycle length 400

Table 15: Objective functions and constraints for Experiment Place-
ment I.

Constraint Range Objective Range Goal

Cycle length (EFPD) >365 Fissile Exp. 0–13 Max.
MLHGR (kW/m) 25.0–40.0 Fertile Exp. 0–13 Max.
CR insertion (cm) 10–90 Steel Exp. 0–13 Max.

Total Exp. 0–13 Max.

The objective functions and constraints placed on the prob-
lem are listed in Table 15. For objective functions, we are max-
imizing the number of each experimental assembly type indi-
vidually, along with the total number of experiments placed in
the core. The three constraints represent basic safety and oper-
ating parameters that must be met to operate the SFR. A limit
of 365 days ensures that the core will have enough fissile mate-
rial to operate to within approximately 10% of the 400 day cycle
length. The maximum linear heat generation rate (MLHGR) en-
sures that the fuel is operating within safety parameters. The
MLHGR is calculated for each of the six assemblies in row 2 of
the core. The BOC control rod (CR) insertion depth is used to
assess the ability to shut the reactor down. The CR insertion
depth represents the amount of negative reactivity that must
be inserted into the core to counteract the positive reactivity as-
sociated with fresh fuel. This position corresponds to a critical
core, i.e. the nuetron multiplication factor keff = 1. The range pre-
sented ensures that the reactor will be able to shut down during

operations. Each of the objective functions and constraints are
stored as a single value with the exception of the MLHGR. The
MLHGR stores each of the six (there are six fuel assemblies in
row 2) LHGRs in a list, where the maximum value in the list is
used to determine whether the constraint is violated.

MABS was executed on Idaho National Laboratory’s (INL)
HPCs. To calculate the objective functions and constraints, a
high-fidelity Serpent2 (Leppanen, 2015) Monte Carlo neutronics
model was used. Each simulation takes approximately 20 min-
utes to complete, with up to N simulations executing simulta-
neously, where N is the number of KA-S agents. For this simula-
tion, 12 KA-S agents were used (2 stochastic, 1 Latin hypercube,
3 neighborhood search, 3 hill-climb, and 3 GAs). Agents are ex-
ecuted as separate processes on a single HPC node. KA-S agents
submit jobs to the HPC, wait for the simulation to complete, read
the results from an output file, and write this information to the
blackboard. 1000 function evaluations were used to terminate
the problem.

The PF discovered by the MABS is shown in Fig. 10. Over 200
combinations of the multiple experiment types are found, with
a majority of solutions utilizing all 13 experimental assembly
locations. The number of fissile experiments is limited to six or
fewer. This is likely because adding more than six fissile exper-
iments breaches our limits for CR insertion depth given the ad-
dition of fuel to the core. This is confirmed when examining the
two heat maps for experiment placement in Figs 11 and 12. We
find that the fissile experiments are typically placed in the exte-
rior of the core (ring 6), with a small percentage of core designs
placing fissile experiments in position T-4 and T-8. Placing the
fissile experiments in the core periphery reduces the amount of
reactivity added to the core, which increases the number of ex-
perimental assemblies that can be incorporated in the design.

Due to the large number of solutions present in the PF, the
problem is expanded in an attempt to further utilize the core.
To do this, the number of design variables is increased by allow-
ing each fresh fuel assembly to be replaced by an experiment;
this problem is denoted as Experiment Placement II. This pro-
cess is typical in SFRs and has been employed in previous SFR
test reactors such as the Experimental Breeder Reactor II and
the Fast Flux Test Facility (Koch et al., 1958; Steele, 1967). One-
third of the core is replaced each cycle with fresh fuel, where
the remaining fuel remains in place. As such, the fresh fuel can
be replaced with an experiment during the refueling process, as
seen in Fig. 13. The original 13 test positions from Fig. 9 are also
available, but not shown in the figure. Three fresh assembly lo-
cations are not considered for experiment placement as these
assemblies are adjacent to the center of the core and are used
to determine the MLHGR. The design variable options for T-1 to
T-13 are consistent with Table 12; the design variable options for
T-14 to T-33 are provided in Table 16. The objective functions and
constraints are modified slightly to include the addition of new
experiment locations and are captured in Table 17.

Experiment Placement I was a subset of the Experiment
Placement II problem, and as such, data stored in the HDF5
file from the first optimization problem can be used as a start-
ing point. The HDF5 file from Experiment Placement I was
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Figure 10: PF for Experiment Placement I in SFR core.

Figure 11: Heat map for Experiment Placement I in inner locations.

loaded, the design variables are updated, and a new optimiza-
tion problem encompassing Experiment Placement II was ex-
ecuted. The ability to update a problem and start a new opti-
mization process highlights one of the major advantages of the
MABS.

Figure 14 shows the PF for Experiment Placement II. Expand-
ing the design space allows for additional experiments to be
placed in the core while still maintaining the constraints placed
on the design. Similar to the initial experiment placement prob-
lem, a majority of the optimal designs found maximize the total
number of experimental assemblies. Figure 14 shows a roughly
linear relationship between the number of fertile and steel ex-
perimental assemblies, arising from the removal of fresh fuel to

place a nonfueled experiment. This drives the requirement for
a minimum number of fissile experiments to maintain the cycle
length.

Figure 15 shows a 2D representation of the PF, including
the relationships between the objective functions and the con-
straints. A few major relationships are important to point out in
this figure. The number of fissile experiments drives the range
of acceptable core configurations. Beginning with the BOC CR
insertion depth, a limit of 12 fissile assemblies is reached be-
fore the maximum CR insertion depth is violated. Conversely,
when the number of fissile assemblies is reduced, the cycle
length trends toward the lower limit of 365 days. There is sig-
nificant variation in these trends, as the placement of the fissile
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Figure 12: Heat map for Experiment Placement I in outer locations.

Figure 13: Additional experiment locations for Experiment Placement II.

experiments plays a large role in determining the amount of re-
activity added to the core.

We conclude by examining Figs 16–19, which provide heat
maps of the 33 experiment locations, and the probability of find-
ing a particular experimental type in each location. Despite re-
moving fresh fuel from the core, the fissile experiments are still
placed in the periphery of the core (rows 5 and 6). There are a
few locations in rows 1–4 (namely, T-4, T-8, T-20, and T-22) that
have a very low possibility of a fissile experiment. The fissile ex-
periments are typically placed in the periphery of the core to
ensure that the reactivity addition does not violate the 90 cm CR
insertion depth, as seen in Fig. 15. Similar to Experiment Place-

Table 16: Additional design variables for Experiment Placement II.

Design variable Options

T-14 to T-33 [Fissile Exp., Fertile Exp., Steel Exp., Fresh Fuel]

Table 17: Objective functions and constraints for Experiment Place-
ment II.

Constraint Range Objective Range Goal

Cycle length (EFPD) >365 Fissile Exp. 0–33 Max.
MLHGR (kW/m) 25.0–40.0 Fertile Exp. 0–33 Max.
CR insertion (cm) 10–90 Steel Exp. 0–33 Max.

Total Exp. 0–33 Max.

ment I, with 33 experiment locations, there are multiple ways to
load the core and ensure we meet the constraints placed on the
system.

4 Discussion and Conclusions
4.1 Discussion

The genesis of MABS was to build an optimization algorithm
that could utilize a high degree of parallelizability for optimiz-
ing engineering-based problems. Many engineering problems
require the use of high-fidelity simulations that can take on the
order of minutes to hours. If hundreds or thousands of simula-
tions are required for an optimization problem, the time require-
ments would be intractable. However, researchers analysing en-
gineering design type problems frequently have access to HPCs,
in which thousands of computational nodes are available at a
given time. It is advantageous then to utilize HPCs to run high-
fidelity simulations, and the optimization algorithm, in parallel.
The MABS framework has been built to utilize parallelizability
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Figure 14: PF for Experiment Placement II in SFR core.

in two major ways: the use of multiple agents to carry out tasks
and the use of subagents to help perform these tasks.

Many optimization algorithms, especially evolutionary al-
gorithms, require the use of generations to propagate the PF.
Each generation represents a set number of designs that are
deemed to be optimal. The use of generations has inherent
consequences for the parallelizability for an optimization algo-
rithm, as information from the previous generation is required
for determining where the next set of designs is examined. To
this extent, the maximum number of concurrent design calcu-
lations that can be performed is set by the size of each genera-
tion. However, MABS attempts to capitalize on the available par-
allelizability present in HPCs. Currently, MABS can utilize tens
to hundreds of agents for an optimization problem, which al-
lows for a highly scalable parallel optimization algorithm that
can maximize the available computational architecture.

While utilizing multiple agents can be advantageous, many
of the optimization algorithms present in MABS can be them-
selves parallelized. To increase the number of design simula-
tions performed, subagents can be utilized to parallelize an in-
dividual optimization algorithm. Each subagent is given a de-
sign to evaluate, where multiple subagents can be spawned by
a single KA. This process allows optimization algorithms to be
broken into components that can be computed simultaneously,
where appropriate. For the Genetic Algorithm KA, the number of
subagents spawned will be equal to the number of offspring al-
lowed per generation (N). If a high-fidelity simulation took time t
to solve and the Genetic Algorithm KA were run in serial, it would
take N∗t; when parallelized it would only take t. Depending on
the simulation time, this reduction by a factor of N can signifi-
cantly improve the rate at which designs are analysed.

Optimization algorithms require some approach to remove
undesirable solutions from the PF. Some algorithms, such as the
Non-dominated Sorting Genetic Algorithm II (NSGA-II), rely on
crowding distance sorting to continually produce the most di-
verse set of designs possible (Deb et al., 2002). The crowding dis-
tance measures the similarity between designs, and uses this
information to remove designs that are clustered together in fa-

vor of designs that are at a greater distance from each other.
Other algorithms, such as NSGA-III, require a set of reference di-
rections for sorting and maintaining the PF (Deb & Jain, 2014a).
The reference directions help prune the PF by determining so-
lutions that are nearest to an underrepresented reference direc-
tion. This approach is highly successful in ordering and main-
taining the PF; however, this approach is only updated after each
generation (or set of examined designs). Conversely, the multi-
agent environment allows for near real-time updating of the PF
to remove dominated or crowded solutions. Measures similar to
the crowding distance can be implemented; however, they are
actuated each time the PF is updated, allowing the most up to
date PF possible for any future KA. In this approach, we expedite
the process of finding a valid PF by quickly removing undesirable
designs.

Given the emphasis placed on developing an optimization
algorithm that is focused on leveraging HPCs, there are multi-
ple inherent drawbacks to MABS. While these drawbacks do not
discount the usefulness of MABS, they are important to know,
so that researchers interested in using this tool know the lim-
itations of the code suite. MABS was built to be implemented
within an HPC architecture, and as such, is less powerful on a
desktop machine with a small number of cores. To apply large
numbers of agents and subagents, multiple threads and pro-
cesses must be available for use. On a desktop, this limit can
be reached before fully employing all of the desired agents and
subagents. Similarly, if high-fidelity simulations are required, a
local machine often does not have the computational resources
or memory to execute parallel simulations, thereby nullifying
many of the benefits provided by MABS. While low-fidelity or
surrogate models can be used with MABS, many of the accom-
panying benefits are dampened. As shown in Section 3.4, when
utilizing MABS with a simulation that is executed on the order
of seconds, there is a penalty to the time required to obtain the
PF. Some benefits of MABS persist with the use of low-fidelity
simulations on local machines. For example, the creation of a
searchable HDF5 file is advantageous, along with the ability to
store large amounts of data associated with a given design, but
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Figure 15: 2D PF for objective functions and constraints for Experiment Placement II in an SFR core.

not explicitly used in the optimization process. These benefits
are more advantageous if high-fidelity simulations are used, as
it prevents having to re-execute these simulations to obtain this
information.

4.2 Conclusions

A multi-objective optimization algorithm based on the MABS
was developed to solve engineering-based optimization prob-
lems. The MABS framework was tested against three commonly
used optimization algorithms on 16 engineering benchmark
problems. The MABS was able to search the objective space and
discover the PF in an efficient manner, and consistently pro-
duced performance metrics that are competitive with common

optimization algorithms. A parallelization study was also per-
formed for the MABS, resulting in the observation that the time
required to obtain the PF can be impactfully reduced by the ad-
dition of more agents. Increasing the number of agents provides
greater benefits when the time required to produce a set of ob-
jective functions/constraints is large, indicating that the MABS
is better suited for performing optimization using high-fidelity
simulations. For simulations taking over 300 seconds, we find
that MABS using two types of parallelization (number of agents
and subagents) can allow for significant time savings to evaluate
a set number of function evaluations. Along with this, using the
HV convergence method can reduce the time requirements for
developing the PF by two to 12 times depending on the conver-
gence criteria and number of agents that are used.
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Figure 16: Heat map for inner experiment locations for Experiment Placement II.

Figure 17: Heat map for outer experiment locations for Experiment Placement II.

The MABS was also applied to a nuclear engineering prob-
lem to determine the optimal number of experiments that can
be placed in a test reactor while still being able to maintain oper-
ational and safety parameters. The initial results provided mul-
tiple core configurations that met all of the objectives and con-
straints placed on the problem. This initial problem formed the
basis of a second optimization problem with additional design
variables to increase the usability of the test reactor. The sec-
ond optimization problem expanded the number of viable core
designs that utilized all test available locations while balancing
the multiple constraints placed on the reactor design.

We have shown that the MABS provides a unique method for
solving real-world engineering optimization problems. The ver-
satility presented in this paper highlights this approach, as the
blackboard system can store additional information typically
not present in other optimization algorithms. Data from a prior
optimization problem can readily be used as a starting point for
additional problems or in a multitiered optimization problem.
Overall, the MABS provides the fundamentals for solving multi-
objective optimization problems and leverages an agent-based
blackboard system to provide a methodology that can be used
to solve real-world engineering problems.
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Figure 18: Heat map for rows 3/4 for Experiment Placement II.

Figure 19: Heat map for rows 5/6 for Experiment Placement II.
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