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ABSTRACT

Process systems engineering optimization problems may be challenging. These problems often
exhibit nonlinearity, non-convexity, discontinuity, and uncertainty, and often only the values of
objective and constraint functions are accessible. Additionally, some problems may be computa-
tionally expensive. In such scenarios, black-box optimization methods may be appropriate to
tackle such problems. A general-purpose multi-agent framework for optimization has been devel-
oped to automate the configuration and use of hybrid optimization, allowing for multiple optimiza-
tion solvers, including different instances of the same solver. Solvers can share solutions, leading
to better outcomes with the same computational effort. Alongside cooperation, competition is in-
troduced by dynamically allocating more computational resource to solvers best suited to the
problem. Each solver is assigned a priority that adapts to the evolution of the search. The sched-
uler is priority-based and uses similar algorithms to those in multi-tasking operating systems. The
impact on the number of priority levels is investigated. The framework allows for the use of both
metaheuristic and direct search methods. Metaheuristics explore the full search space while direct
search methods are good at exploiting solutions. The framework has been implemented in Julia,
making full use of multiprocessing. A multiobjective case study on the design of a micro-analytic
system is presented. The case study demonstrates the benefits of a multi-solver hybrid optimiza-
tion approach with both cooperation and competition. The framework adapts to the evolving re-
quirements of the search. Often, a metaheuristic method is allocated more computational re-
source at the beginning of the search while direct search methods are prioritized later.

Keywords: multi-agent systems, hybrid solution methods, computational resource allocation, multiobjective
optimization

INTRODUCTION

Solving optimization problems in process systems
engineering is often a challenging endeavor. These prob-
lems may exhibit nonlinearity, non-convexity, discontinu-
ity, and uncertainty, which render derivative information
unavailable or difficult to obtain. As a result, gradient-
based optimization methods may not be appropriate. In-
stead, black-box optimization methods may be more
convenient for tackling such problems as they require
only the values of objective functions.

For some optimization problems in process systems
engineering there may be another challenge: the compu-
tational expense required to evaluate the models may be
large, such as when the models are based on differential
https://doi.org/10.69997/sct.132182
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equations. For problems that have high computational
requirements, the number of times the objective function
and the constraints may be evaluated will be limited. In
these cases, the efficient use of multiple cooperating op-
timization methods may be necessary. Prior experience
suggests that hybrid approaches can lead to better out-
comes compared with using a single optimization
method, with the same computational effort [1,2]. How-
ever, the effectiveness of each method depends on the
problem and may actually vary throughout the search,
posing difficulties for decision-makers in selecting the
appropriate optimization methods. To address this, this
paper introduces competition among optimization meth-
ods in the multi-agent system to dynamically allocate a
finite computational resource. The aim is to have the
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most effective methods given access to the resource at
the right time during the evolution of the search.

MULTI-AGENT FRAMEWORK

A multi-agent system consists of multiple autono-
mous computing elements, referred to as agents, that in-
teract with one another by sending and receiving mes-
sages [3]. Such an environment can be used to facilitate
the hybridization of optimization methods by assigning
optimization methods to agents, with the agents working
together to solve the same problem [4]. This concept has
been exemplified in works such as [5] and [6].

A general-purpose multi-agent framework for solv-
ing optimization problems has recently been developed
[1] to automate the configuration and use of hybrid opti-
mization. This framework enables the use of multiple
solvers to solve a given optimization problem, whether it
is an NLP or MINLP. The solvers may be different optimi-
zation methods or variations of the same method with
different parameter settings, a concept also used in [7].
Since the parameters associated with an optimization
method affect its behavior, and identifying appropriate
values often requires significant experimentation, incor-
porating variations of the same method may be benefi-
cial.

A key distinction of this implementation is the de-
coupling of solvers from the model evaluation process. In
this setup, the solvers do not have direct access to the
model, which enables the implementation of a scheduler
agent that allocates the computational resource to differ-
ent solvers more efficiently.

The framework is implemented in the Julia program-
ming language, which provides easy access to CPU
threads and enables the full use of multiprocessing.

The multi-agent system includes the following
agents:

= Multiple instances of a solver agent where each
instance is a particular optimization method with
specific parameter values;

= One or more instances of a model agent; this
agent evaluates the model when given a point in
the search space;

= A scheduler agent whose duty is to allocate
points requested by the solvers to available model
agents, based on the information provided by the
analysis agent;

*= The analysis agent which analyzes all evaluated
points and provides the scheduler with information
about the search domain, aiding in managing
competition among solvers.

One feature of this framework is cooperation, where
solvers share information at the scheduler agent level
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with support from the analysis agent. The purpose is to
guide the search toward the most promising regions in
the search space by distributing useful information about
the search domain.

INTRODUCING COMPETITION

The concept of competition is to reward the more
effective solvers and penalize those that are not as ef-
fective. The reward consists of allowing more evaluations
of points in the search requested by the solver agents. It
is hoped that this will ensure the best use of the typically
limited computational resource available. It is expected
that the effectiveness of different solvers will vary during
the evolution of the search. Therefore, the reward mech-
anism needs to be adaptive and based on the actual per-
formance as the search progresses.

Competition among solvers is implemented by the
scheduler agent. This agent manages two queues
(shown in Figure 1):

=  Availability queue, a single queue for messages
from the model agents indicating their availability
to accept a point for model evaluation;

= Request queue, consisting of n; levels of first-in-
first-out (FIFO) queues for requests from solver
agents for evaluation of a point in the search
domain, where n; represents the highest priority
level set by the user.

availability queue

request queue

Leveln,l | | |

LevelZl | | |

Figure 1. Data structures of the queues managed by the
scheduler.

Level 1 | |

Each solver is assigned a priority [8], ranging from 1
to n;. The value of n; is a configuration parameter for the
agent system. The impact of the value of this parameter
on the performance of the system is discussed below.
The priority determines the placement of each request in
the request queue and implicitly determines the solver's
access to a model agent, with requests at the highest pri-
ority level gaining access first. These priorities are dy-
namic and subject to being adjusted throughout the
search based on each solver's performance, also
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Figure 2: Flowchart illustrating the scheduler agent’s process for allocating requests to model agents and
managing competition when a new best message is received.
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Figure 3: Priority profile of solvers when incorporating both cooperation and competition with 20 priority levels.

described below. the scheduler in the multi-agent system. Within this loop,
The flowchart in Figure 2 illustrates the main loop of  the scheduler waits for incoming messages. The element
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of competition comes into play when the scheduler re-
ceives a new best message from the analysis agent, indi-
cating an improvement in the currently best known solu-
tion (or the introduction of a new point into the set of non-
dominated points). This message contains information
about the solution and the solver responsible for it. A
solver that is responsible for the improvement is re-
warded with an increase in its priority, while the priorities
of other solvers may be decreased, provided they are not
already at the lowest level.

Other messages the scheduler may receive can
come from a solver agent or a model agent. Based on the
type of message, each message is then processed and
added to its corresponding queue, either the request
queue or the availability queue. For requests from solver
agents, this particular message (point) is placed at a spe-
cific level of the request queue according to the priority
of the solver at the time the request is sent.

The scheduling of the queues occurs when both
queues are not empty, and the number of requests is
equal to the number of solvers. This assumes that all
solvers will continue to submit points for evaluation,
which may not be the case for direct search methods in
general, as there may be cases where the direct search
methods run out of points. For the problems we have
considered, the issue has not arisen, but we will, in the
future, generalize this condition to ensure that deadlock
does not occur. The first point at the highest priority level
in the request queue is dispatched to an available model
agent. The request queue is then updated: the first entry
in each FIFO queue is moved to the end of the next higher
priority level if not already at the highest level. This
scheduling approach resembles that used in the imple-
mentation of multitasking in operating systems [9], en-
suring that all solvers are eventually allocated some com-
putational resource.

There are different approaches to adjusting the pri-
ority levels and several such approaches have been in-
vestigated. One approach involves introducing a decay
function for priorities as a function of the number of func-
tion evaluations. This decay function, however, intro-
duces an additional configuration parameter. It may be
difficult to identify a priori an appropriate value of this
parameter for any given problem. Another approach con-
siders adjusting the priority increment proportionally to
the improvement in the objective function value when a
solver finds a new best solution. However, this method is
difficult to implement for multi-objective problems as it is
difficult to define a metric which quantifies the quality of
non-dominated solutions. The approach used in the re-
sults presented below is the simplest: reward the solver
responsible for the improvement in the best known solu-
tion by increasing its priority by one and reducing the pri-
orities of all the other solvers by the same magnitude.
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CASE STUDY: A DESIGN OF A
MICROFLUIDIC ANALYSIS SYSTEM

An optimization-based design of a micro total ana-
lytic system (UTAS) for on-line detection of radionuclides
[10] is presented to examine the impact of incorporating
the element of competition into the framework. The goal
of the design is to detect and identify the presence of
two different radionuclides. The identification of designs
is a problem of design under uncertainty, formulated as a
set of differential equations with continuous design vari-
ables. This problem involves two objective functions: the
first minimizes the system's limit of detection (¢), and the
second combines the number of false negatives (n;) and
false positives (n,), with greater emphasis placed on the
number of false negatives due to safety reasons.

This problem serves as a good test case for the pro-
posed framework, as the problem is computationally ex-
pensive, and the search space is likely multi-modal [10].
Prior experience has demonstrated the benefits of infor-
mation sharing; however, introducing competition may
offer the potential for further improvement in outcomes
more quickly.

This study employs two types of solvers: nature-in-
spired metaheuristic methods [11] and direct search
methods [12]. The solvers used are as follows:

= Genetic Algorithm (GA)
»= Plant Propagation Algorithm (PPA)
=  Particle Swarm Optimization (PSO)
= Steepest Descent (SD)
= Coordinate Search (CS)

The key parameter for the GA and the PSO methods
is the population size; for the PPA, it is the number of so-
lutions considered for propagation. Multiple instances of
the solvers are explored using different parameter val-
ues, defined as a function of the base population size, ng
(set to 20 in this case study). For the GA, the population
sizes are 2 x ng(small) and 5 x ng (big). For the PPA, the
number of solutions to propagate is ng/2 (small) and
2 xng (big). For the PSO, the sizes are n; (small) and
5x ng (big).

The instances of direct search methods, on the
other hand, are explored by assigning different weighting
factors, w, used in the weighted sum method to aggre-
gate multiple objectives into a single objective function
value. Four weighting factors are applied: 0.2, 0.4, 0.6,
and 0.8. Direct search solvers treat the base initial popu-
lation of size n, as a multi-start, initiating a search from
each member of the population sequentially.

None of the implementations here could be consid-
ered the best in class, but we intend to assess the per-
formance of the collection of algorithms to investigate
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Figure 4: Non-dominated solution sets at 6,000 function evaluations with different configuration settings. Neval
represents the total number of function evaluations, with each solution labeled by the responsible solver. ny and
n, denote the number of false negatives and false positives, respectively.

Limit of detection (¢)
(b) Cooperating and competing (n;=20)

the impact of cooperation and competition. The stopping
criterion is set to 20,000 total function evaluations by all
the solvers.

Impact of competition

To investigate the impact of competition, a set of 10
runs has been conducted incorporating both cooperation
and competition, with the number of priority levels,
n,=20. Figure 3 illustrates the priority profiles of each
solver during the search, with output printed whenever a
new non-dominated solution is identified. Solver in-
stances for the direct search methods are distinguished
by the suffixes 1, 2, 3, and 4 corresponding to the
weighting factors of 0.2, 0.4, 0.6, and 0.8, respectively.

Two phases of the search can be observed from
Figure 3. Initially, the search focuses on exploration, dur-
ing which metaheuristic solvers, particularly the small
PPA, frequently find new non-dominated solutions, as re-
flected in their increasing priority. This is followed by the
exploitation phase, where the SD4 solver (a direct search
method) identifies improved solutions, although typically
minor improvements. Toward the end of the search, the
small PPA identifies some new non-dominated solutions,
which are promptly refined by one of the direct search
solvers through information sharing, similar to the find-
ings from the previous study [1]. The CS solvers are omit-
ted from the figures as they do not ever find a non-dom-
inated solution.

Sensitivity to the number of priority levels

The number of priority levels, n;, is a configuration
parameter that may influence the performance of the
system. Comparing sets of runs with different values of
n;,: 5, 10, and 20, two observations are found. First, a
higher number of priority levels results in greater differ-
ence between computational resource allocated to the
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most effective solver and to the others, with the largest
difference observed when n;=20. This occurs because
solvers require more iterations to transition from the low-
est to the highest priority level. Second, the distinction
between the exploration and exploitation phases of the
search becomes more apparent with higher n; values. For
example, when n;=20, the exploration phase lasts shorter
compared with n;=10, whereas for n;=5, this distinction is
blurred. Therefore, it can be concluded that the number
of priority levels determines the degree of competition
among solvers. A higher number of priority levels closely
resembles the individual use of the most effective solver,
while lower values result in minimal competition.

Given the motivation of this paper-to make efficient
use of a limited resources—-we compare sets of non-dom-
inated solutions at 6,000 total function evaluation (Figure
4), where the advantages of incorporating competition
are evident. Under computational time constraints, the
combined use of both cooperation and competition with
20 priority levels leads to the best outcomes, being able
to explore the search space most effectively, with many
points covering the objective space.

Although the solution sets in Figure 4 differ, quanti-
fying which is better can be challenging, particularly as
the true Pareto front is unknown in this case study. Nev-
ertheless, the results show that incorporating competi-
tion alongside cooperation is likely to enhance the explo-
ration process, with almost the same computational ef-
fort, and the degree of improvement depends on the
number of priority levels. This is particularly beneficial
when acceptable solutions are required with limited com-
putational resource. Although the methods are stochastic
and repeated attempts will lead to different outcomes,
the results presented here are representative.
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CONCLUSION

A generic multi-agent framework for hybrid optimi-
zation has been developed to automate the configuration
and integration of metaheuristic and direct search opti-
mization methods. While information sharing among solv-
ers has been shown to improve outcomes [1], equal allo-
cation of computational resource to all solvers may not
be ideal as optimization problems often have evolving re-
quirements at different stages of the search. This moti-
vates the use of competition alongside cooperation in the
framework, enabling solvers to be dynamically prioritized
based on performance. The framework is able to dynam-
ically allocate computational resource as the search pro-
gresses, for instance, prioritizing metaheuristic methods
to explore the search space at the start of the search and
later shifting emphasis to direct search methods to refine
the solutions. The overall outcome is more effective use
of limited computational resource. The degree of compe-
tition is defined by the total number of priority levels, a
key configuration parameter of the system.

Future work will explore more sophisticated sched-
uling algorithms within the scheduler agent and examine
the potential benefits when the scheduler has the
knowledge about the properties of the methods and the
objective space.
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