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Abstract With the proliferation of services available on the Web, modern systems increasingly require mechanisms able
to orchestrate multiple services in order to meet complex business requirements. Web service composition is an efficient
approach to transform these basic services into coherent composite solutions, while ensuring the scalability and flexibility
essential in distributed environments. However, Web service composition based on Quality of Service (QoS-aware WSC)
presents a major problem. For each task in a workflow, several candidate services are available, characterized by significant
heterogeneity and variability. In order to select the optimal combination of services able to satisfy QoS constraints transforms
the problem into a complex multi-objective optimization challenge that is difficult to solve in polynomial time, especially in
large-scale and dynamic environment. In this paper, we proposed a new approach called Dynamic Parameter Ant Colony
Optimization (DPACO), an enhanced variant of the ACO algorithm for QoS-aware Web service composition. DPACO
introduces adaptive parameter control and a dynamic pheromone injection strategy, which improve the balance between
exploration and exploitation. This adaptivity helps to avoid stagnation and local optimal, while reducing search time and
ensuring robustness in dynamic and heterogeneous environments. Experimental evaluations conducted on multiple datasets
demonstrate the superiority of the proposed approach compared to classical ACO and its variants (SACO, MOACO, FACO,
and EFACO). Specifically, it achieves improvements of up to +15.2% over ACO, +12.6% over SACO, +9.8% over MOACO,
+7.3% over FACO, and +11.6% over EFACO in terms of solution quality. Moreover, the adaptive injection and parameter
adjustment mechanisms significantly reduce the computational time required to reach optimal composite services.
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1. Introduction

With the rapid integration of Artificial Intelligence (Al), the Internet of Things (IoT), and Cloud Computing into
modern enterprise systems, Service-Oriented Architecture (SOA) [1, 2] has emerged as a fundamental framework
enabling seamless interoperability between these technologies. It relies on Web Services, which act as a low-coupling,
autonomous, interoperable, and platform-independent components, facilitating integration and communication
between heterogeneous systems [3]. With a standardized ability to expose, discover, and compose functionality
on a large scale, Web Services enable distributed systems to be flexible, scalable, and adaptive, and better address
diverse business requirements in dynamic and widely distributed environments. Many companies such as Amazon,
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IBM, eBay, and Wachovia Bank have adopted this approach as the foundation of their distributed infrastructure.
According to the latest reports on the SOA market, renowned vendors such as Oracle, Microsoft, AWS, and Google
Cloud are cited as the main actors supporting this evolution [4].

In distributed environments, a single Web Service is usually not enough to meet diverse business needs, due
to the increasing specialization of services and the heterogeneity of providers [5]. Web Service Composition
(WSC) is therefore an essential approach, allowing several atomic services to be combined to create coherent
composite services capable of performing complex business processes [0, 7, 8]. This mechanism enhances flexibility,
modularity, and reusability, while allowing dynamic adaptation to variable execution contexts [9]. This issue has
attracted growing attention within the scientific community due to its potential to enhance the agility, interoperability,
and adaptability of distributed systems. Furthermore, it has become a major strategic issue for the development of
service-oriented systems, in which the automation of the selection and orchestration process is crucial in dynamic
and uncertain contexts [10, 11, 12].

With the rapid growth in the number of Web service providers, there are a massive number of services with
similar features available at present. This selection process becomes even more complex when services must be
selected based on quality of service (QoS) constraints, such as response time, cost, reliability, or availability. This
problem, known as Quality of Service-aware WSC (QoS-aware WSC), consists to select the best combination of
atomic services while respecting the overall QoS requirements of the system [13, 14]. It is widely recognized as a
combinatorial problem [15] that cannot be solved efficiently in polynomial time for instances of realistic scale. In
dynamic and uncertain environments, the task poses a significant optimization challenge due to the large number of
possible solutions and the interdependence between the selected services.

Web service composition is a complex combinatorial optimization problem where each task is associated with a
set of services that provide the same functionality but with different performance characteristics [16]. The selection
of a service for each task generates an exponentially large solution space, which makes this a NP-hard problem.
The complexity increases with the existence of multiple objectives, such as cost or response time, which must
be minimized, and availability or reliability, which must be maximized [17]. Since these objectives are often
conflicting, the algorithm must constantly balance them to arrive at an optimal composite solution. Furthermore,
the dependencies between tasks can restrict the possible alternatives, which requires a global evaluation of each
candidate solution rather than local decisions. In addition, the dynamic nature of service environments, where
performance values may vary over time, also introduces additional uncertainty that must be considered during the
optimization process.

Given the combinatorial and multi-objective nature of the QoS-aware WSC problem [18], traditional exact
or exhaustive methods have become impractical, especially in dynamic and large-scale environments [19]. As a
result, meta-heuristic approaches [20, 21, 22, 23] have emerged as effective alternatives, offering flexible strategies
for exploring the vast solution space and approximating high-quality solutions within reasonable computation
times. Among these, Ant Colony Optimization (ACO) algorithms [25, 26] have attracted particular interest due to
their ability to achieve a balance between exploration and exploitation, adaptively search to find the best service
combinations, and simultaneously deal with multiple QoS criteria. These properties make ACO and its variants
particularly well suited to addressing the challenges inherent in-service composition that takes service quality into
account.

Despite the effectiveness of variants of the ACO algorithm [27, 28, 29], they have notable limitations when
applied to service composition that takes quality of service (QoS) into account. The balance between exploration and
exploitation is often strained, which can lead to premature convergence toward sub-optimal solutions or, conversely,
excessive exploration that slows convergence. Furthermore, static parameters, such as pheromone evaporation rates,
the impact of heuristic information, and pheromone deposit quantities, reduce the adaptability of the algorithm
to dynamic and heterogeneous environments [30, 31]. As a result, ACO may struggle to explore large search
spaces effectively and respond to fluctuating service availability and varying QoS requirements. These challenges
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motivate the development of improved and adaptive ACO variants that can dynamically adjust parameters and guide
pheromone deposition more intelligently.

Since both the standard ACO and its variants have significant limitations, the EFACO (Enhanced Flying Ant
Colony Optimization) algorithm [32] has been proposed to improve the quality of solutions while addressing some
of the challenges inherent in-service composition. EFACO improves on the concept behind FACO (Flying Ant
Colony Optimization) [33] by controlling the “flying” behavior of ants and depositing pheromones on neighboring
services, which are selected at random. This enhancement allows for more flexible exploration of the search space,
reducing the potential for premature convergence and better balancing exploration and exploitation. However,
although EFACO improves the quality of the solution, it still has to deal with computational overhead due to the
management of multiple pheromone trails and the stochastic process of neighbor selection, thus highlighting the need
for additional adaptive strategies capable of effectively dealing with dynamic environments and QoS constraints.

These limitations demonstrate how important we need more intelligent and adaptive strategies that can maintain an
efficient trade-off between search and discovery in dynamic service composition scenarios. With adaptive parameter
tuning and targeted pheromone distribution, the search can focus on more promising areas of the solution space, to
quickly achieve high-resolution composite services, with a high level of robustness and stability. Such approaches
are essential to deal with the combinatorial complexity and multi-objective nature of QoS-aware service composition,
especially in environments characterized by variable service availability and provider heterogeneity.

In this paper, we propose the DPACO (Dynamic Parameter Ant Colony Optimization) approach as a cross-objective
improvement over EFACO, taking advantage of the multi-objective concepts used in EFACO while introducing
adaptive strategies to overcome its limitations. More specifically, DPACO dynamically adjusts pheromone deposition
and tweaks algorithm parameters to ensure a more efficient balance between exploration and exploitation. This
allows the algorithm to navigate efficiently in large and heterogeneous service spaces, respond to dynamic variations
in service availability, and guide the search toward solutions that satisfy various quality-related objectives. By
incorporating these adaptive mechanisms, DPACO improves convergence speed, solution quality, and stability, while
resolving the issues of computational overload and stochastic neighbor selection observed in EFACO.

To further validate the effectiveness of the proposed approach, extensive experiments were conducted, comparing
DPACO with several ACO variants across diverse scenarios. The results demonstrate that the adaptive strategies
not only improve convergence speed but also enhance the stability and reliability of the solutions. By combining
dynamic parameter adjustment with intelligent pheromone deposition, the approach efficiently identifies an optimal
composition of services while effectively managing the trade-off between exploration and exploitation. These findings
underline the capacity of the method to handle large-scale, heterogeneous, and dynamic service environments,
ensuring high-quality QoS-aware compositions in complex workflows.

The remainder of this paper is organized as follows. Section 2 defines the QoS-aware web service composition
problem and presents the baseline ACO algorithm along with its enhanced variant EFACO, highlighting their
principles and limitations. Section 3 provides a review of related works, discussing previous approaches and their
respective advantages and shortcomings. Section 4 presents the proposed DFACO approach, detailing its adaptive
mechanisms for dynamic parameter tuning and intelligent pheromone deposition. Section 5 reports the experimental
evaluation and discusses the results obtained across various scenarios, including comparisons with existing ACO
variants. Finally, Section 6 concludes the paper, summarizing the main contributions.

2. Preliminaries

2.1. Problem Description

This section covers the mathematical modeling of the Web Service Composition problem and the service composition
workflow, before we propose our approach. WSC problem formulated as a combinatorial problem, where the
objective is to select, for each task T;, a service Sy from a set of service candidates S* are available, offering
the same functionality, while optimizing multiple quality of service (QoS) criteria such as cost, response time,
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availability, and reliability (As illustrated in Table 1). Due to the exponential growth of the search space, finding an
optimal service composition becomes a complex challenge.

As illustrated in Fig. 1, let’s consider a workflow W composed of a set of tasks 7" = {71, ..., T, }, where each
task 7 is executed by selecting one of the available workflow services (WS). Let S; = {WS1,...,WS,,} be the set
of m services available for task 7;. The aim is to select one service per task so as to minimize a cost or maximize a
quality of service (QoS) while respecting workflow constraints. In this work, we consider four QoS features, which
represent non-functional constraints on services:

Cost (S): Denotes the total cost of the services used in the solution S.

* Response time RT(S): Defines the total workflow execution time.

Availability A(S): Indicates the probability of successful invocation of selected services.
Reliability R(S): Represents the message transmission error rate.

o
ol
o

__________________

Figure 1. The model for WSC assigned to each task

QoS Criteria Expression

Cost (C) i c(wsi ;)
i=1

Response Time (RT) i RT(ws; ;)
i=1

Throughput (T) ﬁ T(ws; ;)
i=1

Reliability (R) f[ R(ws; ;)
i=1

Table 1. Aggregation_ Models for QoS Value Computation

The quality of the solution S is evaluated in terms of the values of the characteristics C(S), RT(S), A(S) and D(S),
as defined in Table 1. These criteria allow us to compare different solutions and identify those that best balance the
constraints. Thus, the problem is formalized as a multi-objective combinatorial optimization, where the objective is
to minimize C(S) and RT(S), while maximizing A(S) and D(S). This makes service selection a complex problem,
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requiring advanced approaches to identify solutions to satisfy these constraints, while ensuring an optimum balance
between these different functions.

Workflows are classified as simple or complex depending on their structure. A simple workflow follows sequential
execution only, while a more complex workflow combines multiple execution modes. Fig. 2 illustrates four basic
models:

¢ Sequential (a): This model is based on a linear execution where each task 7; is followed directly by 7;1. It
is represented as:
T1—>T2—)T3—)°"—>Tn,1 —)Tn

* Parallel (b): Tasks can be executed simultaneously, reducing total execution time.
Tl — (T2 H Tg) — T4

* Conditional (c): This model introduces a bifurcation where a choice is made between several paths depending
on certain conditions. A conditional workflow can be formalized as:

T5 if condition P1
T — . .. —
T3 if condition P2

where P1 and P2 are probabilities associated with possible paths.
* Loop (d): There are workflows that require a task to be repeated before the next step can be taken. A loop is
represented mathematically as:
Ty =Ty — - =Ty =T

o000/ 0 0-g 0 -0

(1) Sequential (2) Parallel (3) Conditional (4) Loop

Figure 2. The workflow models

These heterogeneous models introduce a combinatorial complexity that makes their execution and optimization
notably complex. As illustrated in the Fig. 3, To deal with these structures consists the decomposition a complex
workflow into independent sub-workflows and the optimization of each subset in a targeted manner.

Fig. 3 (a) represents a complex workflow, which combines several execution patterns and has dependencies that
increase the search space for optimal solutions. Fig. 3 (b) illustrates its decomposition into simpler workflows, each
considered as an individual problem. This segmentation reduces the dimensionality of the problem, limiting the
propagation of interdependencies and facilitating the evaluation of optimal solutions in a reduced search space.
Since these simple workflows are represented as autonomous entities, their further decomposition is neglected. The
optimal solutions are then selected by comparing the fitness values of the sub-workflows, according to the defined
multi-objective constraints and objectives.

The main challenge of WSC is to find the optimal combination of Web services (WS) to achieve the best
compromise between QoS criteria. Each solution corresponds to a complete composition path, where a specific
service is selected for each task. Since the number of potential compositions increases exponentially with the number
of tasks, the total number of potential solutions for this problem corresponds to: m™.

Given that the number of possible service compositions grows exponentially as m™, the problem becomes
computationally intractable for exhaustive search approaches. This complexity classifies WSC as an NP-hard
problem, requiring efficient heuristic or metaheuristic approaches to explore the vast solution space and identify
near-optimal or optimal compositions.
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Figure 3. Decomposition of a complex workflow into independent sub-workflows

2.2. ACO

The ACO algorithm has recently demonstrated how it can be used as an optimization metaheuristic for many NP-hard
problems, such as the travelling salesman problem or job shop scheduling . Moreover, it has been widely explored in
the context of dynamic WSC, a context with characteristics similar to those of large combinatorial optimization
problems, notably due to the exponential size of the search space and the multiple constraints related to QoS.

In the context of Web service composition, each solution represents a sequence of services C' = {W Sy, ..., WS, },
constructed progressively by a population of artificial ants. At each stage, an ant chooses a service W S, from a set
of candidates .S; to respond to a task T}, according to a probability defined by the formula:

[0}
ZWS“leS [Tz l] [ni,l]ﬂ

Where « and [ represent control parameters that respectively determine the importance assigned to pheromone
intensity 7; ; and heuristic value 7; ; when selecting a service. The set N} denotes the services still available to ant
k at step i, i.e., the set of compatible candidates for functional task 7; that have not yet been selected in the current
composition construction.

In the ACO algorithm applied to service composition, local updating allows each ant to modify the pheromone
trace, after a service has been selected for a task, in order to reduce its attractiveness temporarily and encourage the
exploration of alternatives. This operation is generally defined by the formula:

Tij(t+1) = (1—p)7;(t) +p70 2)

where p is the local evaporation rate, and 7 the initial amount of pheromone. After all the ants have successfully
constructed their solutions, a global pheromone update is applied to reinforce the service choices involved in the best
compositions found. This process aims to guide the search towards the most promising solutions, thus reinforcing
their attractiveness in the following iterations. The global update is typically defined by:

Tij(t+1) = (1 —p)7i;(t) +pATi; 3)

where Ar; ; represents the pheromone augmentation provided by the best solutions, often calculated as:

1
e if(i,j) et
ar = Fey D) “)

0, otherwise
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where ¢* represents the best composition found and f(c¢*) its objective value.

The ACO algorithm has been proved a highly efficient method to address a wide range of combinatorial
optimization problems, notably in terms of its ability to efficiently explore large search spaces and converge on
high-quality solutions. Nevertheless, it presents some limitations. In particular, colonies may converge to sub-search
spaces prematurely, which leads to stagnation and loss of diversity. The balance between exploration and exploitation
depends highly on the parameters «, /3, and p, whose manual adjustment limits the robustness of the algorithm to
dynamic environments. Moreover, as the size of the search space increases, convergence tends to slow significantly,
and the absence of adaptive mechanisms reduces its ability to respond to changing contexts.

The EFACO algorithm [32] has proved to be an efficient approach to overcome a few of the limitations of
ACO, in particular the problem of stagnation in a local optimum. However, this approach presents a non-negligible
computational overhead, as the ants must, at each iteration, randomly explore the set of neighboring services on the
solution path. In contrast, our proposed approach, detailed in Section 4, adopts a more intelligent neighbor selection
strategy, in order to better balance exploration and exploitation. In addition, it aims to reduce the sensitivity of the
algorithm to initial parameter settings.

2.3. EFACO

The EFACO algorithm is an enhancement of the ACO algorithm, specifically the FACO, designed to improve the
control of the balance between exploration and exploitation in the search space. It has been designed as a more
efficient neighbor selection process and a multi-pheromone distribution in order to improve the quality of solutions,
maintain diversity, avoid stagnation and minimize computational overload. it has also been generalized to address
the problem of WSC.

In the EFACO algorithm, the transition process allows each ant to select the next service based on two factors:
the value of the pheromones and a local heuristic related to the QoS criteria. While FACO relies on a single trace,
EFACO uses a multi-pheromone mechanism where the pheromone is represented by a set of values associated with
different QoS attributes. The probability that an ant & will choose a service s’ for task ¢ + 1 is given by:

[T(t s)(t+1, 5')]0‘[77(15 5)(t+1,s’)]ﬁ
2ient [Ty e+1,0] M) @+1,0)]

t1

Pl oyt = 5 €N/ S)

The pheromone associated with a transition is calculated as the sum of the traces of each attribute:

A c
T(t5)(t41,5") = T(ts) (141,50 T T(La)(t 1) T Ty (t4+1,00) T Tt (141,87 (6)
The local heuristic is defined by a combination of the various QoS dimensions:

A R C RT
N(t,8)(t+1,5") = M) (t+1,5") T N(t,8)(t+1,8") — (TI(t,s)(tH,s/) + 77(t,s)(t+1,s/)) (7

The quality of the solutions is then evaluated by a function that aggregates these criteria according to weights
defined by the preferences of the user:

”7 ”7 n—1
H t s) (t+1,s’ + H Rkt (t,s)(t+1,s")
arg max f =

n—1 n— 1
k€cants W, H Ck )(t41,5) + Wit H RT(%: s)(t+1,s")

where W,, W,., W, and W,., are the weights ass001ated with the QoS attributes according to user preferences,
and n the number of tasks in the composition.

In the step followed, the ants update the pheromones locally on their path, using the same classic formula as in
ACO. They deposit traces on their path to encourage other ants to follow these routes in future iterations.

®)

T(t,s)(t+1,5") = (1 = P) Tt,5)(t41,57) T P TO ©)
where (t, s)(t + 1, s) represents the amount of pheromone deposited on the edge connecting a task service ¢ to a
task service ¢ + 1. The value 7y denotes the initial pheromone, while p corresponds to the evaporation rate.
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After the solutions have been constructed and local updates have been applied by each ant, EFACO applies a
global pheromone update mechanism to reinforce the transitions used by the best solution that has been found. This
process enhances convergence towards high-quality paths, while controlling the overstating of certain solutions by
evaporating traces on other edges. This is realized using the following formulas for global pheromone updates:

T(t,8)(t+1,8) = (L= P) T(t,6)(t41,5") P A(t,6)(t41,57) (10)

where p € (0, 1) is the pheromone evaporation factor. The amount of pheromone released is calculated as follows:

, if the edge belongs to the best solution
NI e belon an
0, otherwise

where l,es¢ denotes the length of the best global solutions. After the global update of pheromones, the EFACO
algorithm adds a step to select neighbors, which is a major improvement to the FACO flight process. Unlike the
latter, which exhaustively explores all neighbors, EFACO applies an adaptive selection method that aims to reduce
computational overload while maintaining a good balance between exploration and exploitation. At each iteration, a
random set of S neighboring services is selected, then sorted according to their Euclidean distance to a service
WS . belonging to the best solution (as illustrated in Fig. 4). The distance between two services is defined by the
following formula, taking into account QoS attributes (cost, response time, availability, reliability):

d(sﬁy) = \/(CS - Oy)Q + (RTS - RTy)2 + (As — Ay)2 + (Rs — Ry)2 (12)

The pheromone injection mechanism is the next step, applied to neighboring services, favoring those that are
most promising based on their proximity and heuristic values. The amount of pheromone deposited on neighbors
[ € Nj is adjusted according to:

T(t41,s")(t,s")

(13)
1+ \/d’(ﬁ(t+1,s/)(t+1,l))

T(t4+1,8) (t4+1,0) = T(t+1,8")(t,1) T

where d’ (n(t+175/)(t 41, z)) denotes the normalization of the distance between a Web Service belonging to task
t + 1 and a neighbor Web Service [ of the same task, with I € N;. This normalized distance is calculated using the
following equation:

N(t+1,s")(t+1,1) (14)

d' (Me41,5) (041.0)) = e " o
q=1"I(t+1,s")(t+1,q

Finally, the number of neighbors considered is dynamically adjusted according to:

y = <f) X S (15)

where R € [0, 1] is a random variable and j is the current iteration number. This mechanism allows us to increase
exploration during the first iterations and to encourage exploitation in the final iterations.

Recall that the EFACO algorithm was introduced to address the computational cost and stagnation problems in
FACO by integrating multi-pheromone mechanisms and adaptive neighbor selection. However, certain limitations
persist, especially in handling dynamic environments and maintaining an optimal balance between exploration and
exploitation. In this work, we propose additional improvements to address these weaknesses and enhance the overall
performance of the EFACO algorithm.
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Figure 4. Neighboring selection Process [32]

3. Related Works

As distributed systems have become more complex, particularly with the rapid growth of the Internet of Things
(I0T), the WSC based on QoS has become one of the major challenges in combinatorial optimization. Due to its
high complexity (NP-hard), much research has focused on swarm intelligence algorithms, such as ACO, PSO, and
Genetic Algorithms (GA), to address this challenge efficiently.

Qiqing et al [34] proposed an algorithm called MOACO for Web service selection, aiming at multi-criteria QoS
optimization with a Pareto optimal set and adaptive pheromone adjustment to achieve a better trade-off between
exploration and exploitation. Li et al [35] proposed a multi-objective chaotic ant colony optimization (MOCACO)
system, incorporating a chaos operator to accelerate convergence speed and improve search performance. Xia et
al. [36] proposed a multi-pheromone strategy in standard ACO to improve the search for near-optimal solutions
on a composition graph. Wang et al. [37] proposed an adaptive algorithm ACO, to dynamically adapt pheromone
evaporation according to the degree of confidence, in order to enhance the robustness and diversity of solutions
generated in dynamic environments. Chifu et al [38] have developed an ACO-based composition selection method
using a 1-OPT heuristic, expanding the search space to avoid stagnation on local solutions. WU and Zhu [39]
improved on ACO by modeling composition as an acyclic directed graph (DAG) and integrating a multi-criteria
evaluation function to simultaneously optimize QoS and transactional constraints, thereby enhancing solution
quality and limiting stagnation. Yu et al. [40] proposed ACO-WSC, the adaptation of ACO for multi-cloud service
composition with a directed graph and hybrid evaluation function, to improve search efficiency and to accelerate
convergence. Dahan et al. [41] extended ACO with DFACO, adding dynamic neighbor selection and 3-Opt to
balance exploration/exploitation and limit stagnation. AlAyed et al. [28] enhanced ACO with a swap strategy and
multi-pheromone to diversify search and accelerate convergence. Dahan et al [32] refined the model by proposing
EFACO, combining optimized neighbor selection and multi-pheromone distribution to improve the efficiency and
quality of solutions.

Several approaches have resorted to combine it with other optimization methods or integrate it into multi-agent
systems, to enhance exploration, provide convergence stability and meet the challenges of distributed environments.
Zhao et al [42] developed a hybrid algorithm where ACO generates initial non-dominated solutions, then improved
by GA, in order to achieve a balance between exploration and exploitation and to speed up the achievement of
optimal solutions. Dahan et al [43] proposed an efficient multi-agent ACO algorithm for cloud service composition,
to improve the exploration/operation balance via dynamic agent distribution and adaptive update mechanisms.
Meanwhile, El Allali et al. [22] introduced a framework for composition in heterogeneous environments by
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combining ACO with mobile agents, enabling intelligent reduction of the search space and improved scalability
and composition execution time. Gohain and Paul [44] combined PSO and ACO for Web service composition,
taking advantage of PSO’s exploratory capability and ACO’s local exploitation to improve the overall quality of
compositions. Du and Miao [45] introduced Be-ACO, merging the Beetle Antenna Search (BAS) algorithm with
ACO, to dynamically generate search subspaces and improve solution accuracy while avoiding local optimal. Yang
et al. [46] and Bei et al. [47] explored hybrid approaches to improve service composition optimization in multi-cloud
environments. Yang et al. developed a dynamic hybrid algorithm, DAAGA, combining ACO and GA, with an
adaptive mechanism based on an iterative adjustment threshold to balance global and local search, thus accelerating
convergence and improving the stability of large-scale solutions. For their part, Bei et al. proposed an improved
ACO incorporating a multi-pheromone mechanism to specifically optimize different QoS parameters, and introduced
a genetic (GA) mutation operation to avoid stagnation and enhance solution diversity. Qi et al [48] combined the
Skyline algorithm with ACO for large-scale transactional service selection, using Skyline to reduce the search space
and ACO to optimize QoS and transactional constraints, thus to improve the efficiency and quality of the solutions

generated.

Authors Methodology Pros Cons

[36] Xiaetal | Enhanced ACO with - Optimizes multiple QoS - Sensitivity to initial

(2008) multi-pheromones to simultaneously. parameter settings.
dynamically optimize web - Adapts to real-time service | - High computational
service composition based on | changes. complexity due to
variations in QoS and service | - Medium stagnation multi-pheromone
state. reduction. management.

- Improved convergence
speed.

- Premature convergence in
dynamic environments.

[34] Liu Qing
et al (2009)

Multi-objective ant colony
optimization (MOACO)
based on Pareto dominance
for dynamic Web service
composition under global
QoS constraints.

- Multi-criteria optimization
without weighting.

- Diversity of Pareto
solutions.

- Pheromone reset to
minimize stagnation.

- Reduced execution time
compared to MOGA.

- Low convergence without
local optimum.

- Sensitivity to parameters
(o, B, p).

- Not adapted to complex
workflows.

- Residual risk of stagnation.

[35] Liet al

Improved MOACO using

- Reduced convergent risk to

- Sensitivity to chaotic

account both QoS constraints
and transactional properties,
as modeled by an acyclic
directed graph.

(2010) chaotic updating (Logistic local optimal. parameter (/).
Map) to enhance search - More Pareto optimal - Higher complexity.
diversity and avoid premature | solutions. - No dynamic adjustment of
convergence. - Low execution time. chaotic parameters.

[39] Wuetal | ACO applied to Web service | - Simultaneous optimization | - High complexity due to

(2013) composition taking into of QoS and transactional overlapping QoS and

constraints.
- Generic model capable of

handling complex workflows.

- Reduces failures due to
transactional inconsistency.

transactional constraints.

- Sensitivity to parameter
settings of ACO factors
(pheromones, weights).

- Risk of stagnation without
dynamic parameter
adjustment.

Table 2. Overview of ACO algorithm improvements for QoS-aware composition
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adjustment of the pheromone

[38] Chifuet | ACO is adapted with the - Integration of QoS and - Sensitive to initialization
al (2014) addition of a 1-OPT heuristic | semantic similarity criteria. parameters.
to avoid local stagnation, - Avoid stagnation with - Risk of sub-optimal
using an enhanced planning 1-OPT heuristic. solutions in large search
graph (EPG) integrating - Reasonable convergence areas.
semantic similarity and QoS. | time. - Using the EPG leads to a
- Adaptability to complex higher cost in terms of
service compositions. complexity.
[37] Wang et | Adaptive Ant Colony - Integration of QoS and trust | - Sensitivity to adaptive
al (2014) Optimization with dynamic criteria. parameter settings.

- Dynamic parameter

- High computational

al (2014)

improved ACO to generate
non-dominated solutions and

evaporation rate, integrating | adjustment. complexity.
QoS and trust degree for - Reduced stagnation. - Poor tuning may degrade
dynamic Web service - High convergence and performance.
selection. increased Pareto solutions.
[42] Zhao et | Hybrid algorithm using - High-quality - High complexity due to

multi-objective solutions.
- Combination of the

ACO-GA alternation.
- Sensitivity to parameters

(2015)

composition of web services
on multi-cloud environments,
aims to minimize the number
of clouds used in the

GA to narrow the search and | advantages of ACO (pheromone intensity,
optimize the selection of (exploration) and GA mutation rate, crossover).
QoS-constrained Web (exploitation). - High memory consumption
services. - Higher quality results on with hybrid population
large datasets. control.
- Difficult to balance
exploration and exploitation
phases without adaptive
adjustment.
- Risk of increasing
computing time on very large
sets.
[40] Yuetal | ACO used for the - High performance in - Sensitivity to ACO

multicloud composition.

- Low-cost communication
between clouds.

- Ability to quickly find valid

parameters (pheromones,
heuristics).

- Failure to dynamically adapt
parameters to balance

(PSO) for fast initialization
and Ant Colony Optimization
(ACO) to improve
convergence in QoS-aware
web service composition.

composition. compositions. exploration and exploitation.
- Robust approach to - Complexity increases with
combinatorial complexity. the number of services and
clouds.
[44] Gohain Hybrid algorithm using - Rapid exploration with - High hybridisation
et al (2016) Particle Swarm Optimization | PSO. complexity.

- Smooth optimization with
ACO.

- High-quality solutions
compared with PSO alone.

- Sensitivity to PSO and ACO
parameters.

- Higher computational cost.
- Difficulty to balance the
impact of PSO and ACO.

- Precise tuning required for
good performance.

Statistics Opt. Inform. Comput.

Table 2. Overview of ACO algorithm improvements for QoS-aware composition (continued)
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[28] AlAyed
et al (2019)

SACO combine adaptive ant
flight, optimized neighbor
selection, and
multipheromones for
QoS-aware composition.

- Improved dynamic
adaptation for a better
balance between exploration
and exploitation.

- Reduced execution time
through flight limitation.

- High robustness on different
types of workflows.

- High number of iterations
required to reach a
satisfactory solution,
especially without dynamic
adaptation.

- Sensitivity to adaptive
settings.

- Performance dependent on
threshold calibration.

- High theoretical
computation time growth
with problem size (e.g. O(n?),
O(n*)).

[41] Dahan et
al (2019)

Improved FACO algorithm
with dynamic neighbor
selection, integration of
3-Opt, and adjustment of the
number of neighbors injected
depending on the quality of
the solution to solve the TSP.

- Improved balance between
exploration and exploitation
through dynamic pheromone
injection.

- Low execution time.

- More complex algorithm
due to dynamic neighbor
management.

- Sensitivity to threshold
settings for dynamic
adjustment.

- Specific adjustments may be
required depending on the
size of the problem.

[46] Yang et
al (2019)

Hybrid algorithm using ACO
(Max-Min) for global search
and GA for local
optimization, with dynamic
merge threshold adjustment
for QoS-aware composition.

- Rapid convergence through
dynamic adaptation.

- Reduced risk of stagnation.
- Suitable for large-scale
problems.

- High memory requirements.
- Sensitivity to dynamic
settings.

- High computational
overhead on very large
datasets.

[32] Dahan et
al (2021)

Enhanced FACO (EFACO)
integrating restricted ant
flight, adaptive neighbor
selection, and
multi-pheromone distribution
for QoS-aware composition.

- Enhanced QoS optimization
via multi-pheromones.

- Improved balance between
exploration and exploitation
through adaptive selection.

- Significant reduction in
execution time.

- Fast convergence and high
solution quality.

- High complexity due to the
handling of several
pheromones.

- Sensitivity to adaptive
threshold settings.

- High memory cost to buffer
multiple pheromone matrices.
- Possible reduction in
solution diversity if
parameters are poorly
adjusted.

- Difficulty of optimal
parameterization in highly
dynamic environments.

Table 2. Overview of ACO algorithm improvements for QoS-aware composition (continued)

Statistics Opt. Inform. Comput.
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[43] Dahan et
al (2021)

Distributed ACO using a
multi-agent system (MAACS)
combining several agents for
execution and monitoring to
balance the search for
solutions in the composition
of QoS-aware cloud services.

- Enhanced balance between
exploration and exploitation.
- Low probability of
premature convergence.

- High performance stability
on large datasets.

- Short run-time due to
parallel execution.

- High memory cost due to
multiple sub-populations.
- Sensitivity to the number
and type of agents.

- Potential degradation if
agent distribution is
misconfigured.

- Limited scalability for
extreme workflow sizes.

[22] El Allali

An improved ACO built into

- Enhanced balance between

- Complex multi-agent

et al (2022) a mobile multi-agent system | exploration and exploitation. | coordination.
for dynamic composition of | - Short run-time due to - Sensitivity to ACO
web services, with parallel execution. parameters.
sub-problem partitioning and | - Adaptable to heterogeneous | - High computational cost.
parallel execution to environments. - Possible inefficiency if
maximize performance and agents are poorly distributed.
scalability.
[45] Du and Hybrid algorithm combining | - Improved convergence by - High complexity due to
Miao (2022) | BAS for global exploration combining the speed of BAS | BAS-ACO integration.

and ACO for local
optimization in
QoS-constrained web service
composition.

with the precision of ACO.
- Reduced risk of local
stagnation.

- Dynamic adaptation to the
search space.

- Fine-tuning required to
balance exploration and
exploitation.

- High computational costs in
the case of large service sets.

[47] Bei et al
(2024)

Enhanced ACO with
multi-pheromone mechanism
for QoS optimization,
combined with genetic
mutation to avoid stagnation
and accelerate convergence in
multi-cloud environments.

- Efficient optimization of
multiple QoS.

- Low mutation stagnation.
- Fast, stable convergence.

- Adaptable to multi-cloud
architectures.

- Improved latency and
response time management.

- High complexity due to
multipheromone management
and mutation.

- Sensitivity to pheromone
weight settings.

- High memory consumption.
- High computational cost for
massive instances.

- Need for precise
adjustments to balance
multiple QoS.

[48] Qi etal
(2024)

Using Skyline to reduce the
search space and ACO to
optimize the selection of Web
services with QoS and
transactional constraints.

- Efficient reduction of search
space via Skyline.

- Combined QoS and
transactional optimization.

- Reduced risk of local
stagnation.

- Improved speed and quality
of solutions.

- High complexity of Skyline
pretreatment.

- Sensitivity to ACO
parameters (pheromones,
volatility).

- Significant computational
cost on very large datasets.
- Possibility of memory
overload with very large
numbers of services.

- Difficulty adjusting
Skyline/ACO thresholds
according to context.

Table 2. Overview of ACO algorithm improvements for QoS-aware composition (continued)
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The contributions illustrated in the comparison table presented previously cover a large number of different
extensions and enhancements to the Ant Colony Optimization (ACO) algorithm, applied to the dynamic composition
of Web services in the context of Quality of Service (QoS) constraints. These approaches generally belong to three
main categories:

* Improved approaches, aimed specifically to modify the internal inner core of the ACO algorithm (e.g. via
multi-pheromone mechanisms, mutation strategies or adaptive update rules) in order to increase convergence,
avoid local stagnation and achieve a better balance between exploration and exploitation;

* hybrid approaches, which combine ACO with other metaheuristics such as genetic algorithms (GA), PSO or
BAS to combine the advantages of several optimization strategies;

« distributed or multi-agent approaches, based on a decentralized architecture to improve scalability, distribute
the workload and adapt composition to complex cloud environments.

Although these different approaches have brought significant enhancements as regards solution quality, diversity
and robustness, they share common limitations such as high complexity, sensitivity to parameter settings, high
memory consumption, and difficulty in large-scale adaptation.

In order to address these limitations, the present study builds on the philosophy behind some advanced ACO
algorithm versions, in particular those inspired by EFACO. The aim is to limit the stagnation problem, achieve
faster convergence, and improve the adaptability of the algorithm through dynamic parameter adjustment and more
efficient pheromone updating. With these enhancements, the algorithm is adopted to deal more efficiently with the
constantly growing complexity of large-scale environments, where the large number of services and the dynamic
nature of interactions require quick and relevant decisions.

In the following paragraphs, we will describe the main elements of the proposed approach and how it can
overcome the limitations mentioned above.

4. Proposed Approach

EFACO is an extension of the FACO algorithm proposed by the paper [33], specifically designed to solve the QoS-
aware WSC problem. This alternative algorithm is aimed to make up the gaps in FACO, and includes improvements
such as ant flight limitation, random selection of a subset of neighbors to speed up the search, and a multi-pheromone
mechanism to balance QoS criteria more efficiently. However, EFACO still presents some limitations related to the
narrow update of pheromones, neither taking into account the holistic quality of explored solutions nor efficient
redistribution to neighboring services, which in turn can lead to stagnation in sub-optimal solutions. Although
EFACO outperforms FACO, further improvements are needed to enhance its robustness and ensure optimum
convergence.

In order to improve solution quality, this section presents a new method called DPACO (Fig. 5 shows the DPACO
flowchart), which combines the exploratory strengths of ACO with the convergence approaches of Grey Wolf
Optimization (GWO) [49]. Through using proportional and dynamic pheromone updating as well as intelligent
parameter adjustment over time, this approach solves EFACO’s constraints and reduces stagnation risk, hence
strengthening convergence. The main novelty of DPACO is its capacity to incorporate all QoS parameters while yet
efficiently balancing exploration and exploitation. Moreover, its adaptive nature allows it to dynamically respond
to unforeseen variations, ensuring robust and flexible optimization, particularly in heterogeneous and evolving
environments. Even though this algorithm provides a solution to the WSC problem, it also addresses a wide range of
optimization problems where efficient exploration and fast convergence are required.

Fig. 5 outlines the steps of the improved DPACO algorithm. This algorithm outperformed the traditional ACO
and EFACO in terms of solution quality. Since the traditional ACO and EFACO algorithm has 3 main factors:

¢ The first factor is to exclude the exploitation of other solutions, as the high level of pheromone in the trails,
which reduces the diversity and converges rather too quickly to a sub-optimal solution. (Stagnation Problem

and Diversity)
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* The second factor consists in the parameters in the algorithm, which means marginal control of the balance
between exploitation and exploration, which in turn can affect the quality of the solution, especially in a
changing environment. (Balance between exploitation and exploration)

¢ The last factor is the high cost of computing on a large problem, which is often quadratic or more in
complexity when the number of solutions explored increases, especially when processing is done in real time.

(Computation time)

Therefore, our idea addresses all three aspects since the composition problem expects a system to identify the
optimal Web Service Composition (WSC) inside a reasonable time. Moreover, a harmony between exploration and
exploitation has to be reached to grow efficiency and solution quality. Thus, the system has to reach an optimal
composition when it is to satisfy the above-mentioned factors.

Initialize Parameters

v

Solutions Construction using Probabhilistic

Y

No

Selection of Web Services

v

Update Local Pheromone

All ANT-AGENT

have completed
tours

A

Update Global Pheromone
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Global best 3 solutions (a, g, f)directly
influence updated pheromones

v

Inject pheromone on the nearest
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Y
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Figure 5. Flowchart of DPACO algorithm

Statistics Opt. Inform. Comput. Vol

. X, M 2026.



15

4.1. Proportional Pheromone Distribution

In the EFACO algorithm, based on a random search of neighboring Sy services to enhance the injection of
pheromones in other paths, these services are sorted according to their distance from a random Web service that
belongs to the best solution found. The pheromone injection on these S random neighbor services must belong to
the same task 77, this algorithm uses the same formula as used in FACO (see the equation 14). However, the results
obtained by the EFACO algorithm present a marginal domination over FACO to enhance their probability to be
selected in the next iterations in order to harmonize loads between exploration and exploitation phases.

Despite the performance of EFACO, introduces an adaptive strategy between exploration and exploitation, but
this flexibility raises a number of negative factors. Recourse to a random factor in the neighbor selection process can
lead to inherent stochastic variability in each run, which can affect convergence stability and result reproducibility.
In addition, the formula 15 used to dynamically adjust the neighbors induces a rapid reduction in exploration along
the iterations. This rapid transition to exploitation limits the diversity of solutions generated, favoring premature
convergence towards sub-optimal solutions, which increase the risk of stagnation in the search space and convergence
towards sub-optimal solutions. Even if Sy is random, sorting neighbors by distance alone may discard more distant
promising solutions, favoring redundancy at the expense of diversity.

Therefore, the EFACO algorithm could prematurely converge on sub-optimal solutions and stagnate in a locally
satisfactory zone, without sufficient diversification in the advanced optimization phases. This is mainly due to the
neighbor mechanism used during optimization. Indeed, at the beginning, when the number of iterations j is low,
the ratio % is relatively high, to encourage the exploration of distant neighbors. But over the iterations, this value
decreases, so that the algorithm is progressively pushed towards exploitation by selecting ever closer neighbors.
Although this mechanism aims at an adaptive balance, an overly rapid decrease reduces the diversity of solutions,
and limits the ability of the algorithm to escape from locally optimal zones.

Random Neighbor Problem

1.0
N 100 Exploration Exploiotiation — R/j hov,
0.8 | N close neighbors
0.6 \ NN Sl
U < o Ignoring e
Bo.a | 2 50 |- distant solutions Exploitation
Go.
o redundancy
0.2 S S
&
0.0 L
R 0 Diversity
uns Exploration —
.4l — !
Average - ; 25 - R/jlow, close neighbors p
o = 10 15 20 0 5 10 15 20 25 20 30
Iterations jJ Iterations j
(a) Stochastic variability induced by random sampling of (b) Transition from exploration to exploitation based on R/j
neighbors and loss of diversitye

Figure 6. Limitations of the EFACO approach

As explained in Fig. 6, present clearly the limitations of the EFACO algorithm. Sub-figure (a) shows that
the random selection of neighbors generates significant stochastic variability, making neighborhood exploration
inefficient and leading to pheromone dispersion that slows convergence. This instability makes it difficult to find
robust solutions and undermines the reproducibility of results. Sub-figure (b) shows the dynamics of the transition
from exploration to exploitation: as iterations progress, the diversity of solutions decreases rapidly while exploitation
dominates, increasing the risk of premature stagnation in local optimal. As a result, without adaptive regulation
mechanisms, the balance between exploration and exploitation is difficult to balance, and limits the capacity of the
algorithm to efficiently optimize the composition of QoS-aware services in large scale.

In order to tackle the weaknesses of the EFACO algorithm, notably the stagnation risk and the variability due to
random decisions, we propose a new approach inspired by the hierarchical structure of the GWO. In this approach,
the three leader ants of each iteration are assimilated to the dominant individuals of the swarm ¥, ;1 and o , and their
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influence is weighted into the overall pheromone updating process (as illustrated in the equation 16). This hierarchy
ensures that exploration focuses on the most promising regions of the search space, but preserves the diversity to
avoid convergence towards local optimum. In addition, a local redistribution of pheromones to neighboring services
ensures that high-quality information is distributed in the vicinity, reinforcing local exploration and contributing
to the stability of the optimization process. This double dynamic, both global and local, allows the algorithm to
achieve an efficient balance between intensification and diversification.

This work proposes a new global pheromone update based on the weighted average influence of the three best
ants, identified as ¢, 4 and o . Inspired by the leadership principle in the GWO, this strategy spreads the influence of
the best solutions in a more balanced and robust way. The following equation formalizes this mechanism, which
combines the evaporation effect with proportional reinforcement based on the relative quality of solutions by leaders.

Tiyj(tﬂ‘].) = (1—,0)7'”(t)+p Z Wi 'ATi’j (16)
ke{Y,u,0}

where p is the evaporation rate, A7; ; represents the amount of pheromone deposited by each leader ant, and

wy, € [0, 1] is the weight assigned to each ant based on its solution quality (ws > w,, > w,). This formula takes into

account several high-quality solutions to guide the search process, rather than relying solely on a single best ant. As

a result, it improves convergence stability and mitigates premature stagnation to maintain diversity in the search
dynamic.

After the completed tour, each leader ant k& € {¢, i, o} disposes an amount of pheromone Ark)

;; onanarc (i, j)
during the global update.

Q .., .
AT(k) _ fk’ if (17]) € L(k)a

0, otherwise.

a7

where L(*) denotes the solution built (path founded) by leader ant k, Lj, is the total cost of this solution (in terms
of time, cost, reliability, etc.) and () is a positive deposition constant fixed in advance, and ATl-(j;) corresponds to the
amount of pheromones deposited by & on arc (i, j).

To avoid the problem of selecting neighboring services randomly or in a static way in order to inject pheromones,
in this work we propose to inject services on a dynamic and harmonized manner. Thus, this injection is made
proportionally according to the frequency of services belonging to the solution found by ant leader: the least frequent
services receive more reinforcement in order to encourage exploration and increase their chances of being selected
in future iterations, while the most frequent services inject a progressively reduced amount in order to avoid search
stagnation. This proportional distribution allows us to better distribute the influence of services, to maintain a good
balance between exploration and exploitation, and to improve the quality of the solutions found.

After the global update phase, each leader ant injects a number of pheromones into the nearest neighbors according
to the frequency of services. The equation below describes how pheromones are distributed to neighboring nodes:

_ T(t,s)(t+ 1, S)) (s)
T(t+1,8)(t+1,1) r@+L@u+LD+( e d (n(sD) X(Zﬁamﬂﬂ>xwk (18)
Where [ € [1, Nh] is a service neighboring s in the space of services available to the task T;y;. Nh is the
number of neighbors. 7(¢, s")(t + 1, s) indicates the pheromone tracks from the global pheromone update. d’(7(s, 1))
represents the normalized distance between the services of task ¢ + 1 and its neighbor, Web service [, in the same
task. ¢(s) denotes the functional weight of service s, calculated from its frequency of appearance in previous
solutions, so that less frequent services receive a higher weight. This weight is normalized by the sum > qES(k) o(q),

where S(*) is the set of services presents in the leader’s solution k, thus ensuring that the pheromone injection is
proportional to the relative importance of each service in the overall solution.

In order to adjust the impact of each service according to how often it appears in the previous solutions (as
illustrated in fig 7), we define a functional weight ¢(s). This weight is designed to encourage exploration around
infrequent services while maintaining minimal influence for dominant services. It is calculated by formula below :

Statistics Opt. Inform. Comput. Vol. X, M 2026.



17

o(s) = e~ Xs/Xmaz (19)

Let xs € N denote the number of occurrences of service s in the solutions explored up to the current iteration.
The value ... represents the maximum frequency observed across all candidate services. These quantities are
used to normalize the frequency of a service to weight its importance in pheromone injection.

The dynamic number of neighbors N ,(Lk) that each leader can reinforce, based on the quality of its solution, is
determined by formula below. This quantity, derived from a logarithmic normalization between the solution cost
for the leader L and the maximum cost Ly, allows us to adjust automatically the exploration intensity allocated
to each solution. This total number of neighbors is then distributed between services s € S(*), proportionally to
their inverse frequency of occurrence, modeled by a weight ¢(s). This distribution is defined by formula 21, which
ensures that each service has a minimum number of reinforcements N,;,, while concentrating injection on services
that are least used. All this ensures harmonized regulation between local exploitation of dominant services and
stimulus targeted at under-valued alternatives.

log(1+ Ly)
NhF) — T; Lo\ T TR 20
| Ti1] log(1 + Linax) (20)
NA®), () = max | Ny, | NAG) . 208 @
e+1(8) qusm o(q)

In addition, the equation 21 determines the maximum number of neighbors that each selected service in a solution
leader is allowed to reinforce, based on the number of neighbors it has historically contributed to previously explored
trajectories. This is derived from the number of times the service has appeared in previous iterations, through
a functional weight ¢(s). The distribution is carried out proportionally, ensuring that services that are weakly
exploited in the search memory have greater injection power. A minimum threshold NV,,;, is introduced to maintain
a guaranteed minimum influence even for strongly used services.

T, T T T T T

Source

5 Destination

-

TR

Tit+1 1l
(t+15)(t+11) I' € Nh(s")

@ — less frequent service s
'.—v more frequent service s°
LI €1+ 1areneighbor services of s and s ' respectively.

Nh(s) ST;,,: set of neighbors of service s.

Figure 7. An example of pheromone injection process based on service frequency

In the fig.7 illustrates the injection of pheromones from two services s and s’ belonging to the solution of a leader
Ly,. The number of reinforced neighbors depends on the functional weight ¢(s), proportional to the dearth of the
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service. Less frequent services (left) explore a larger neighborhood, while more frequent services (right) have limited
influence.

This pheromone injection strategy, and the selection a maximum number of neighboring services to be reinforced,
offers two main objectives:

— Firstly, it targets the neighboring services most similar in function to those found in the solution, while ensuring
a harmonized distribution of pheromones. This means the less frequent services receive more reinforcement,
encouraging exploration in future iterations, while the more frequent services maintain a modest influence, to avoid
excessive domination.

— Secondly, this approach reduces the execution time, as it restricts injection to the most relevant neighbors
rather than randomly selected or injected all available services, which improves both computational efficiency and
the quality of injection decisions.

4.2. Dynamic parameters adjustment

Most variants of ACO algorithms such as EFACO, FACO, control parameters such as «, (3, and p are defined a
priori as fixed and constant values throughout the running of the algorithm. These parameters are often selected
empirically or by cross-validation on a training dataset. These three hyperparameters play an important role to
control the balance between exploitation of the acquired knowledge and exploration of new solutions. Nevertheless,
when held constant throughout the runtime, these parameters can give rise to certain main limitations, but classifying
them into three cases, are as follows:

— First case: if 8 > a, this translates that our first iteration favors local heuristic exploration, which is preferable
at the beginning of the process of the algorithm, but if it continues in the last iterations, it can lead to stagnation
holding the algorithm in locally optimal or sub-optimal solutions, without allowing efficient convergence to the
optimal solution.

— Second case: if o > f3, this means that the algorithm favors the exploitation of pheromone-marked solutions
from the outset. This can help accelerate convergence, but if exploitation is excessive from the first iterations, the
algorithm could prematurely get locked into a locally optimal solution, and neglect the exploration of other more
promising tracks. This approach reduces the diversity of solutions and may prevent the optimal solution from being
reached.

— Third case: when the evaporation rate p is badly adjusted (too low or too high), this disrupts the memory
management mechanism. We take two scenarios where:

* p is too low, previous pheromone traces become active for a long time, leading to excessive memory
accumulation. This can artificially reinforce sub-optimal paths explored early to reduce the adaptive capacity
of the system.

» Conversely, when p is too high, the pheromones quickly evaporate, preventing the algorithm from capitalizing
on the promising trajectories already identified. This makes the process too unstable and prevents robust
convergence.

In addition, these parameters have a major impact on the transition probability, which means that whatever the
quality of the population generated at each iteration, the transition probabilities are always calculated using the same
exponential weights. On the other hand, this prevents the algorithm from reinitializing the search in the event of
prolonged stagnation, leading to insufficient detection of solution diversity.

In order to address these limitations and improve convergence in a balanced way while maintaining solution
diversity, this section proposes a dynamic self-adaptive adjustment mechanism for «, 3, p, that relies on the quality
of the solutions generated to answer the question of which phase (exploration or exploitation) should be included in
the next iteration.

This mechanism aims to improve the ability of the algorithm to avoid local optimum, to encourage convergence
towards globally promising areas, while maintaining an intelligent balance between diversification and intensification.
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- Adaptive control parameters o, B and p
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Figure 8. Adaptive Adjustment of ACO Parameters: An Illustrative Example (Stagnation Problem)

Fig. 8 shows how the adaptive control mechanism for the parameters «, 3, and p efficiently surmounts the
stagnation problem while maintaining a dynamic balance between the two phases mentioned in the previous
paragraph. During the first iterations (iteration = 72), the progressive increase in « and decrease in [ reflect a phase
of intensification guided by the best solutions explored. However, at iteration, stagnation is detected, the controller
automatically reacts by reducing «, increasing 8 and p, thus restarting the exploration process. This adaptive reset
enables the algorithm to avoid a sub-optimal trap and converge back to better solutions, as evidenced by the gradual
rise in v and the stabilization of the parameters, demonstrating the system’s ability to dynamically adjust its behavior
based on observed progress.

In the DPACO algorithm, the three parameters of the algorithm are determined dynamically, based on the analysis
of the relative evolution of the quality of the solutions. To determine these parameters, at each iteration ¢, we evaluate
the quality evolution of the best solution F{,, compared to the previous best solution Fy'!. The relative rate of
improvement is defined as:

Fi=l — Ft
t __ ~ best best
best
This rate represents the variation in performance between two successive iterations. A §° > 0 indicates

improvement and §* < 0 reflects stagnation or degradation.

At each iteration, the three main ACO parameters are updated as follows:

o =al (146
Bt-‘rl _ ﬂt . (1 _ (;t) (23)

pit=pt (14"

This mechanism allows us to dynamically adjust the balance between exploration and exploitation based on the
solution quality and performance achieved during optimization. To avoid unexpected variations in parameters, we
introduce a progressive adjustment mechanism. This approach combines previous parameter values with new updates,
which allows for a controlled evolution over iterations. This progressive adjustment ensures that the algorithm
maintains a stable dynamic, capable of efficiently adapting to changes while ensuring reliable convergence.

Ot =0+ (1—~)- 6 (24)

where 6 € {«, 8, p} and v € (0, 1) is the inertia factor that controls the proportion of previous values. This ensures
a smooth and gradual transition, reinforcing the stability of the algorithm.

Although smooth adjustment stabilizes the evolution of the parameters, it is necessary to monitor the diversity
of the population in order to adjust the balance between the diversification phase and the optimal selection phase.
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Overly low diversity can lead to early convergence towards a local optimum, while excessive dispersion can lead to
slower progress. For this, we use the standard deviation of costs, calculated by:

N

1 —\ 2
o= NZ(FZ-—F) (25)
i=1
where N is the number of solutions, F; their individual cost, and F' the mean. This indicator evaluates the

dispersion of solutions and provides guidance for adjusting the parameters.

With dynamic parameter adjustment, the algorithm can adjust dynamically to variations in the search space. The
result is greater stability in the optimization process, avoiding stagnation and dependency on fixed settings, and
more efficient progress towards high-quality, optimal solutions. This dynamic flexibility is essential to optimize
highly complex search environments which are constantly evolving.

4.3. Complexity Analysis

The DPACO algorithm is based on the following steps, which are performed at each iteration. These steps are taken
into account to analyze the time and space complexity of the proposed approach, as each one has a specific impact
on the overall computational cost. Therefore, it is necessary to study them in order to evaluate the impact of the
adaptive mechanisms introduced by DPACO compared to variants of the ACO algorithm, such as EFACO.

As indicated in Algorithm 1, the first step of DPACO is to construct solutions using a population of S ants. At
each iteration, each ant makes n successive decisions to select a service for each of the workflow tasks, based on a
probabilistic transition rule using pheromone and heuristic information. Since the calculation of this probability and
the associated selection are performed in constant time, the cost of this step is proportional to the number of ants
and the number of tasks, resulting in a complexity of O(S - n) per iteration.

During the construction phase, local pheromone updates are applied in order to immediately integrate the decisions
made by the ants during task transitions. As these updates directly relate to the successive decisions taken by each
ant, their cost is proportional to the number of transitions made. Consequently, this step has linear complexity and
doesn’t have an impact on the order of the solution-building phase.

After all solutions have been constructed, the algorithm selects the best solutions found in the current iteration.
For each leader, a global update of pheromones is applied to reinforce the transitions associated with its solution.
These operations are based on the search for solutions limited in size by the number of tasks 7. Since the number of
leaders is constant, the cost of this phase remains linear and can be estimated at O(n) per iteration.

In the next phase, the algorithm injects pheromones into the neighbors of the leader solutions. For each leader
and for each of the n tasks in its solution, a set of NV}, neighboring services is selected from among the candidate
services for the next task ¢ + 1. Pheromones are then injected from each services that make up the solution of the
leader to its neighboring services associated with this task. Given that the injection is performed for n tasks and IV},
neighbors per task, this phase has, in the worst case, a complexity of O(n - N},) per iteration. In practice, the value
of NV}, is controlled, which limits the computational cost of this step.

Finally, the algorithm dynamically updates the control parameters «, 3, and p in order to adapt the search behavior
during iterations. This step is based on simple calculations that are independent of the number of tasks and the
number of candidate services, resulting in a constant cost per iteration, denoted O(1).

Considering all the steps described previously and taking into account Z iterations, the overall time complexity of
the DPACO algorithm is dominated by the construction of solutions and the mechanism for injecting pheromones
to neighbors. It can therefore be expressed as O(Z - n - (S + Ny,)). Furthermore, the space complexity is mainly
related to the storage of pheromones and solutions generated by the ant population, which leads to a memory cost of
the order of O(n-m+ S - n).

With respect to EFACO, DPACO shares the same asymptotic complexity, as both algorithms are based on the
same ACO-based solution construction mechanism, which remains the dominant component of computational cost.
The main difference is in the injection of pheromones: while EFACO diffuses pheromones to all candidate services
in the neighborhood, DPACO limits this injection to a controlled number of neighbors Ny, associated with the
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services of the next task and applied only to leaders. This mechanism reduces redundant calculations, with the
additional cost being bounded by O(n - Ny, ), where N}, is much smaller than the total number of candidate services,
without increasing the overall complexity.

Algorithm 1 DPACO: Dynamic Parameter Ant Colony Optimization

Inputs:

2: T ={t1,...,t,}: set of tasks
S;: candidate services for each task

4: S: number of ants, Z: maximum number of iterations
a, B, p, To: algorithm parameters

6: Output:
Spest: best executable composition plan

8: Initialize pheromone trails 7 < 79
Initialize parameters «, 3, p

10: Initialize Spest < 0
for iter = 1to Z do

12: for k =1to S do

Randomly select a service for task ¢;

14: for j = 2tondo
Select next service using Eq. (5)
16: Apply local pheromone update using Eq. (9)
end for
18: end for

Select leader ants 1, i and o
20: Update global pheromone trails using Eq. (16)—(17)
forall k € {¥,u,0} do

22: Compute the number of neighbors N, (k) using Eq. (20) service s in the leader solution
for [ = 1to N, (k) do
24: Inject pheromone into neighboring service [
using Eq. (18), Eq. (19) and Eq. (21)
26: end for
end for
28: end for

Update «, 8 and p dynamically using Eq. (22)—(25)
30: Update Sy if a better solution is found

32: return Sp.s:
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5. Experimental study

This section covers two main parts. First, we will present in detail the hardware and software components used, the
datasets selected, and the parameters configured for the algorithms selected for comparison. Secondly, an in-depth
discussion will be devoted to analyzing the results obtained by the proposed solution, comparing them with those
obtained by existing approaches, in order to highlight the contributions and limitations of our proposed method.

5.1. Experimental settings

5.1.1. Setup considerations

To evaluate the performance and efficiency of DPACO and the reference methods, we have implemented all
the algorithms in Python. All experiments were carried out on a Dell G15 laptop equipped with an Intel® Core™
i5-11400H processor (6 cores, 2.7 GHz base frequency), 16 GB DDR4 RAM and an NVIDIA GeForce RTX
3060 graphics card, running Windows 11. The complete hardware and software setup used for the comparative
experiments is detailed in Table 3.

Table 3. Hardware and software features

Hardware and Software | Technical characteristics

Implementation Language | Python

Processor (CPU) Intel® Core™ i5-11400H (6 cores, 2.7 GHz)
Memory (RAM) 16 GB DDR4

Graphics Card (GPU) NVIDIA GeForce RTX 3060

Operating System Windows 11

With regard to the control parameters, in order to standardize the experimental conditions for all algorithms, we
have used a range of common values, mainly based on the literature, notably those proposed in [32], and adapted to
ensure experimental homogeneity. Although identical parameters were adopted for all algorithms, some 40 initial
experiments were carried out to validate and refine these values. This process ensured that the chosen parameters
offered a good balance between solution quality and execution time, to ensure a reliable and appropriate comparison.
Table 4 presents the parameter values adopted for all the algorithms considered.

Table 4. Experimental setup: Control parameters used for all algorithms

Parameter Value
Number of iterations () 100
Number of ants (m) 30

Pheromone initialization (79) | 0.1

Pheromone factor («) |
Heuristic factor () 2
Evaporation rate (p) 0.9
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5.1.2. Dataset

In order to compare our approach with the other algorithms mentioned in the previous section, we have used our
dataset, which is an extended version of the one used in the EFACO article. [32]. This extension not only includes
the two original experimental scenarios (varying the number of tasks or the number of services), but also introduces
a third mixed scenario, in which both dimensions vary simultaneously. Furthermore, we considered the same QoS
attributes as in the EFACO experiments, namely response time, availability, reliability, and cost, to ensure a fair and
coherent setting for comparison.

Specifically, our dataset is organized into three experimental scenarios, as illustrated in Table 5:

¢ Scenario 1: The number of tasks is fixed at 10, while the number of candidate services per task varies from
100 to 1000, in increments of 100. This scenario allows us to analyze the impact of increasing service choice
per task on algorithm performance.

¢ Scenario 2: The number of candidate services is fixed at 100, while the number of tasks varies from 10 to
100, in increments of 10. This evaluates scalability with respect to increasing workflow size.

* Scenario 3: Both parameters vary simultaneously. The number of tasks is set to 10, 20, and 50, and for each
of these, the number of services varies among 100, 500, and 1000, resulting in nine dataset combinations. This
mixed configuration simulates more complex and realistic service composition environments.

With respect to the dataset used in the EFACO, which is limited to the exploration of two separate experimental
dimensions (variation in the number of tasks or the number of services), our dataset offers a richer and more flexible
evaluation setting. Scenario 1 follows the basic EFACO configuration, varying the number of candidate services
per task, while maintaining a fixed number of tasks. This allows us to evaluate the performance of the algorithms
in a larger search space. Scenario 2 explores how the opposite effect can be achieved, by progressively increasing
the number of tasks in the workflow, with a constant number of services, in order to observe how the algorithm
behaves when faced with longer compositions. Finally, Scenario 3 surpasses the limits of the EFACO protocol by
simultaneously varying the number of tasks and the number of services, to simulate more complex and dynamic
environments that are similar to real cases. This structure enables a more in-depth and robust analysis of algorithm
performance under a wide range of conditions.

Table 5. Overview of the Experimental Dataset Scenarios

Scenario | Number of Tasks | Number of Services per Task

Scenario 1 Fixed at 10 100 to 1000
Scenario 2 10 to 100 Fixed at 100
Scenario 3 10, 20, 50 100, 500, 1000

5.2. Experimental Results and Discussion

5.2.1. Results and Comparison
To evaluate the effectiveness of our approach and compare to existing algorithms, we carried out a series of
experiments based on the dataset discussed previously. This section presents and analyzes the results obtained
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in terms of solution quality, execution time and convergence, comparing our algorithm with the main concurrent
approaches in different experimental scenarios.

As a first series of experiments, we evaluated the performance of our approach in comparison with other existing
algorithms, using a neighbor selection strategy and static parameters. This aims to show the impact of intelligent
neighbor selection in a classical experimental setting. In a second series of experiments, we analyze the impact of
dynamic adjustment of the control parameters on the quality of the solutions produced, in order to demonstrate the
effectiveness of our adaptive algorithm to more complex and variable environments. The results of these two series
of experiments are presented and analyzed in the rest of this section.

Experimental Results on Solution Quality
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Figure 9. Experimental Results of Different ACO Variants on Solution Quality

Experimental Results on Execution Time
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Figure 10. Experimental Results on Execution Time of ACO Variants

The experimental results illustrated in the two figures 9 and 10 demonstrate how the DPACO approach outperforms
existing algorithms. As regards solution quality, with dynamic adjustment and harmonized injection, DPACO
achieved a score of 0.420, which surpassed EFACO (0.340), FACO (0.230), MOACO (0.210), SACO (0.270), and
significantly higher than ACO (0.170). With regard to execution time, DPACO is up from 3,900 s to 4,640 s in the
dynamic version. This is due to the time required for additional calculations as parameters are continuously adjusted.
Nevertheless, it is still lower than the execution times observed in other dynamic variants, such as FACO (6,180 s),
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SACO (6,710 s) and MOACO (5,890 s). These results show that DPACO offers a good balance between the quality
of the solutions obtained and the required computation time, which makes it suitable for environments where both
accuracy and efficiency are important.

Scenario 1 — Solution Quality vs Number of Candidate Services (tasks fixed =10)
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Scenario 1 — Execution Time vs Number of Candidate Services (tasks fixed = 10)
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Figure 11. Benchmarking of the six ACO variants: solution quality and execution time according to the candidate services
(Scenario 1, 10 tasks fixed)

In Scenario 1 (number of tasks set at 10), Figure 11 indicates clearly that the proposed DPACO algorithm achieves
the best results in terms of solution quality when the number of candidate services per task increases gradually from
100 to 1000. The average quality obtained by DPACO is between 0.24 and 0.29, significantly better than EFACO and
FACO (between 0.18 and 0.22), as well as classic variants such as MOACO, ACO, and SACO, which remain below
0.19. This performance is due to the combination of a dynamic and smart injection of pheromones to neighbors
and an automatic algorithm parameter adjustment, which lets DPACO adapt in real time to changes in the problem.
This strategy strengthens the balance between exploration and exploitation, and reduces stagnation. These results
confirm the robustness, scalability, and adaptive capacity of DPACO in the face of an increasing number of available
services.

In Scenario 2 (number of candidate services set at 100), Figure 12 reinforces these observations by evaluating the
performance of the algorithms as the number of tasks gradually increases from 10 to 100. The composition workflow
then becomes more and more complex, with an explosive increase in the number of possible configurations. Despite
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Scenario 2 — Quality vs Number of Tasks (candidate services = 100)
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Figure 12. Benchmarking of the six ACO variants: solution quality and execution time according to the number of tasks
(Scenario 2, 100 candidate services)

this, DPACO maintains a high solution quality, as high as 0.33, compared to 0.26 to 0.30 for EFACO, 0.21 to 0.28 for
FACO, and less than 0.21 for MOACO and ACO. With dynamic parameter tuning and smart pheromone deposition
management, DPACO is able to maintain efficient exploration while reducing unnecessary computational overhead.
At the same time, execution time remains under control, between 2.1 s and 13.5 s, lower than FACO (up to 15.4 s)
and close to EFACO, confirming that DPACO adapts effectively to increasing complexity, with an optimal balance
between performance and accuracy.

In Figure 13, the results show that DPACO confirms its performance in terms of solution quality. In terms of
quality, DPACO achieves high scores, ranging from 0.348 (T10-S100) to 0.397 (T10-S1000), and maintains robust
quality even in the most complex cases such as T50-S1000 (0.393). By comparison, in this same configuration, ACO
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Scenario 3 — Total Execution Time per (Tasks, Services) Combination
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Figure 13. . Benchmarking of the six ACO variants: total execution time and solution quality according to task-service
combinations (Scenario 3).

and FACO achieve 0.282 and 0.376 respectively, while SACO remains at 0.352. These results show that DPACO is
capable of providing high-quality solutions, even when the number of tasks and services increases significantly.

As regards execution time, DPACO also demonstrates stability. It maintains a processing time of less than 26
seconds in all combinations tested, with a minimum of 3.29 s (T10-S100) and a maximum of 25.23 s (T50-S1000).
By comparison, in the most demanding case, FACO reaches 43.06 s, ACO 39.34 s, and SACO 36.45 s. These
differences demonstrate the ability of DPACO to effectively manage increasing complexity without resulting in an
explosion in time costs.
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Figure 14. Performance evaluation of the adaptive parameter adjustment on 30 runs

To validate the effectiveness of our dynamic parameter adjustment approach, Figure 14 shows the adaptive
evolution of the parameters « (alpha), 8 (beta), and p (rho), as well as the convergence of the solution quality over
iterations, based on 30 independent runs of our DPACO algorithm. Reportedly, the parameter o, representing the
importance of the pheromone trail, gradually increases to reach an average of 0.78 around the 120th iteration, thus
reflecting a growing orientation towards the exploitation of promising paths. At the same time, the parameter (3,
which weights the local heuristic, decreases steadily from 0.72 to around 0.36, reflecting a gradual reduction in
the influence of heuristics in favor of pheromone-based learning. The evaporation rate p shows a decreasing trend,
ranging from 0.33 to 0.13, and indicates a gradual stabilization of pheromone deposition. Finally, the convergence
curve shows a steady improvement in the best quality achieved, rising from 0.12 to 0.29 on average, with low
dispersion (+0.01), confirming the stability and effectiveness of the adaptive mechanism integrated into DPACO.
This dynamic regulation allows the algorithm to intelligently adjust to the progress of the search, ensuring an
effective compromise between initial exploration and convergence towards optimized solutions.
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Figure 15. Convergence Curve on T50-S500 of all variants of ACO
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As shown in the figure 15, the convergence curves of the different ACO algorithms are illustrated in terms of
“best-so-far” quality over iterations. The proposed version, DPACO, differs significantly in terms of convergence
speed. In practical terms, it achieves a stable solution after just 37 iterations, which demonstrates its effectiveness in
quickly exploring the search space and exploiting promising solutions. This is followed by EFACO, which converges
at the 45th iteration, while ACO, SACO, MOACO, and FACO reach their plateaus at the 53rd, 60th, 60th, and 67th
iterations, respectively.

This rapid rate of stabilization reflects an ability to avoid redundant explorations while maintaining a high-quality
solution. DPACO is therefore able to stand out as an efficient and robust approach, surpassing other variants in both
precision and convergence speed.

5.2.2. Discussion and Limitations

The results obtained through various experiments highlight the superiority of the DPACO approach over traditional
variants of the ACO algorithm. In particular, the performance observed in terms of solution quality, convergence
speed, and stability demonstrates the value of dynamic parameter regulation. This strategy effectively strengthens the
balance between exploration and exploitation over iterations, while adapting to the constantly evolving requirements
of the search. In this section, we analyze these results in depth to better understand the factors contributing to this
improvement and to identify the practical issues.

In order to evaluate the effectiveness of the proposed pheromone injection mechanism, we carried out a comparison
between DPACO, EFACO, and FACO. As illustrated in Fig. 11, particularly with 400 candidate services, EFACO
selects neighbors randomly, and leads to inefficient pheromone dispersion. FACO improves this process through
static verification, but at the cost of increased rigidity. In contrast, DPACO adopts a dynamic and targeted strategy,
better guiding exploration. This approach ensures faster and more stable convergence, with gains of approximately
+11.6% over EFACO and +7.3% over FACO. This is confirmed in scenario 2 (Fig. 12), particularly with 40 tasks,
where DPACO continues to dominate in terms of quality, while EFACO remains unstable and FACO more costly.

As the results in Fig. 13 demonstrate, DPACO achieves a stable and superior solution quality despite the
simultaneous increase in the number of tasks and candidate services. This scalability can be explained by dynamic
parameter adjustment and a targeted injection strategy, contrasting with the degradation observed in EFACO, FACO,
and ACO. Furthermore, the low variance between similar configurations confirms the stability of the model in
large-scale environments.

In addition, the results presented in Figures 14 and 15 confirm the positive impact of dynamic parameter control
coupled with targeted pheromone injection in DPACO. This combination not only allows promising solutions
to be reached more quickly than other variants, but also maintains better stability across all executions. By
focusing intensification on relevant regions of the search space while adapting parameters as progress is made,
DPACO effectively avoids stagnation in local optimal. This ability to balance exploration and exploitation enhances
algorithmic robustness, particularly in complex and dynamic environments.

Limitations : Although dynamic parameter adjustment in DPACO reduces sensitivity to static settings in large-scale
contexts, its effectiveness is still related to the evolution of solutions, which can affect the rate of adaptation of the
mechanism when progress is slow. Furthermore, the interaction between adaptive parameters reflects the dynamic
nature of the optimization process, and the trade-off between stability and adaptability remains naturally related to
the problem context.

6. Conclusion

We have proposed a new approach called DPACO, in order to address the main constraints identified in the EFACO
algorithm. Despite improvements over classical ACO variants, EFACO is still constrained by high computational
costs, random neighbor selection, and insufficient scalability in dynamic environments. DPACO is based on the multi-
objective principle of EFACO while incorporating several adaptive mechanisms. More specifically, our approach
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introduces a dynamic, target-oriented pheromone deposit, adaptive local control to avoid stagnation and improve
the balance between exploration and exploitation, reduced search time, and increased robustness in large-scale
distributed environments.

In addition, experiments carried out on various datasets and 30 independent runs, our approach significantly
outperforms ACO and its major variants (SACO, MOACO, FACO, EFACO), with gains of up to +15.2% in
solution quality, while reducing convergence time. These results confirm the effectiveness of the proposed adaptive
mechanisms and demonstrate that DPACO constitutes a robust advance in solving the problem of QoS-aware WSC.
These results reinforce how important it is to include adaptive parameter control and dynamic pheromone injection
in service composition that takes QoS into account. Future work could focus on the extension in hybrid optimization
frameworks or its translation to other large-scale service-oriented environments, such as cloud or [oT ecosystems.
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