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ABSTRACT: Cloud-based Business Intelligence (BI) systems operate under highly dynamic analytical workloads,
including bursty OLAP queries, concurrent aggregations, and real-time microservice interactions, where static resource
allocation leads to latency spikes and inefficient resource utilization. This paper proposes a decentralized adaptive
Pareto-based multi-agent decision model for real-time resource coordination in cloud BI microservice environments.
The agent placement problem is formulated as a multi-criteria decision process that minimizes service response latency,
improves computational resource utilization, and preserves Quality-of-Service (QoS) stability. Instead of constructing a
centralized global optimization policy, the proposed framework relies on decentralized locally Pareto-efficient decisions
combined with adaptive priority regulation driven by QoS deviation. The approach is evaluated through large-scale
controlled simulation and validated in a Kubernetes-based pilot cloud environment. Experimental results demonstrate
up to 54% latency reduction compared to static allocation and 22% improvement over GA-based optimization,
with enhanced CPU utilization balance under dynamic workloads. Statistical analysis confirms the significance of
improvements (p < 0.05). The proposed model ensures bounded monotonic decision transitions without centralized
orchestration or predictive training, making it suitable for real-time cloud-native BI service ecosystems.

KEYWORDS: Cloud resource allocation; pareto decision making; decentralized coordination; business intelligence
microservices; adaptive multi-agent systems

1 Introduction

In recent years, decision-making processes in modern organizations and higher education institutions
have increasingly relied on large-scale, heterogeneous, and continuously updated data streams. In this
context, BI systems have become a widely adopted information technology for analyzing organizational
activities and supporting both strategic and operational decision-making [1,2].

However, traditional BI systems face significant limitations when dealing with large volumes of dynam-
ically changing data, which has led to a growing trend toward migrating BI platforms to cloud computing
environments. As a result, cloud-based BI systems have substantially expanded the possibilities for scalability,
flexibility, and efficient utilization of computational resources [3].
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To address these challenges, multi-agent systems have emerged as a promising approach. In a multi-
agent environment, each agent operates as an autonomous decision-making entity capable of monitoring
resource states, performing local analysis, and generating adaptive control decisions [4,5]. Deploying
agents within service-oriented and microservice-based architectures in cloud infrastructures enhances the
scalability and reliability of BI systems [6,7].

Resource allocation in cloud-based BI systems involves multiple conflicting objectives—minimizing
latency, maximizing utilization, and preserving service quality—that cannot be optimized independently
without trade-offs [8-10]. Pareto-based optimization provides a principled mechanism for identifying
balanced solutions across such competing criteria [11,12].

In this paper, we propose a multi-agent resource allocation model for cloud-based BI systems, in which
the agent placement process is formally modeled as a multi-criteria Pareto-based optimization problem. The
proposed approach is designed to support the dynamic real-time placement of agents under service-oriented
and microservice-based architectures, aiming to improve resource utilization efficiency while reducing
service response latency. In this way, the present study introduces a complementary and extensible scientific
solution that advances the state of the art in cloud-based BI systems.

Although resource allocation and optimization in cloud environments have been widely studied, multi-
agent and Pareto-based approaches specifically tailored to BI systems have not been sufficiently analyzed.
Existing studies often rely on centralized management and ignore BI-specific features such as real-time and
multi-service execution. In the proposed approach, each agent makes independent decisions based on the
current system state and dynamically adjusts its priorities through local QoS deviations.

Existing cloud resource allocation methods largely rely on centralized schedulers or reinforcement
learning models requiring global synchronization and computationally expensive retraining procedures.
Such approaches become inefficient in cloud-based BI environments characterized by bursty OLAP work-
loads and dynamically changing microservice interactions. In contrast, the proposed framework enables
decentralized Pareto-consistent adaptive coordination without centralized orchestration.

Despite the extensive research on cloud resource allocation and multi-agent optimization, existing
approaches do not explicitly address the dynamic and analytical nature of BI workloads, where multiple
services interact in real time and require continuous multi-criteria adaptation. In particular, the lack of
decentralized decision mechanisms with adaptive QoS-driven regulation remains an open challenge. To
address this gap, this paper proposes a novel adaptive Pareto-based multi-agent decision model tailored for
cloud-based BI environments.

Contributions of this Paper. This paper makes the following contributions:

1. We reformulate cloud BI resource coordination as a decentralized Pareto-consistent adaptive decision
process operating without centralized optimization or global retraining.

2. We propose a QoS-driven adaptive priority regulation mechanism, in which each agent dynamically
updates decision weights based on real-time deviation between target and observed QoS metrics.

3. We introduce a Pareto-based local decision framework that ensures only Pareto-improving or Pareto-
preserving transitions are accepted, maintaining multi-criteria balance between latency, resource
utilization, and service stability.

4. We provide a stability-oriented analysis showing convergence to a locally stable Pareto-efficient
operating region under bounded workload variations.

5. We validate the proposed approach through simulation and a Kubernetes-based pilot cloud
environment.
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Unlike existing centralized or RL-based cloud allocation approaches, the proposed framework enables
lightweight decentralized Pareto-consistent adaptive coordination tailored for dynamic BI microservice
environments without requiring global optimization or offline policy retraining.

2 Related Work
2.1 Cloud-Based BI Systems

In recent years, BI systems have increasingly migrated to cloud environments to leverage elastic com-
puting resources and support large-scale analytical workloads [13-15]. Cloud-based BI platforms implement
analytical functionalities as independent microservices, enabling scalable and flexible data processing [16,17].
However, existing approaches predominantly rely on centralized resource management strategies that do
not fully account for the distributed, real-time, and multi-service execution characteristics of cloud-based
BI environments.

2.2 Resource Allocation in Cloud Environments

Resource allocation in cloud computing environments aims to ensure the efficient utilization of compu-
tational power, memory, and network resources. Existing studies have investigated this problem through a
variety of optimization approaches, ranging from single-objective heuristics to more complex multi-criteria
methods [18-20]. In practice, resource allocation in cloud computing environments is inherently a multi-
criteria problem that requires balancing multiple, often conflicting objectives. Consequently, recent studies
have increasingly adopted Pareto-based multi-criteria optimization approaches as a promising solution
for handling such complex decision-making problems. However, existing Pareto-front-based approaches
primarily focus on general-purpose computing tasks or infrastructure-level optimization, while insufficiently
considering the analytical workloads and service-oriented execution characteristics that are specific to BI
systems [21]. In addition, the network function virtualization (NFV) domain has extensively studied service
placement and resource allocation problems in distributed cloud environments [22,23]. Unlike NFV-based
approaches, which often rely on centralized orchestration and predefined service chains, the proposed model
focuses on decentralized agent-based decision-making tailored for dynamic BI workloads.

Although existing cloud resource allocation approaches demonstrate effective optimization perfor-
mance, many of them rely on centralized coordination, predefined weighting schemes, or computationally
intensive optimization procedures. Such limitations reduce adaptability in dynamic BI environments with
fluctuating analytical workloads and heterogeneous service interactions.

2.3 Multi-Agent Optimization Approaches

Multi-agent systems have been widely adopted as an effective approach for automating decision-making
processes in complex and distributed environments [24]. In addition, formal modeling techniques such as
Petri nets have been applied to represent industrial workflows and interactions between system components
in distributed environments. In the context of cloud computing, such approaches are actively employed
to support resource monitoring, workload balancing, and coordination among services [25]. The ability of
agents to make autonomous decisions based on local information contributes to improved overall system
efficiency [26]. Table 1 summarizes the key differences between existing resource management approaches
in cloud computing environments and the model proposed in this study.
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Table 1: Comparative analysis of existing cloud resource allocation approaches and the proposed decentralized Pareto-
based multi-agent model.

Approach Control Type Optimization BIL-Oriented Real-Time Re:itl Cloud
Type Support Environment
Conventional Not
cloud resource Centralized  Single-objective Limited Not supported
supported
management
Classical
Multi-objecti N N
Pareto-based Centralized it O_b) ective ot ot Limited
o (offline) supported supported
optimization
Multi-agent Partlall.y Single-objective Limited Limited Not supported
approaches decentralized
Proposed

Pareto-based Decentralized Pareto-based Full Full Full

multi-agent model (real-time)

As shown in Table 1, most existing approaches are primarily oriented toward general cloud computing
tasks and do not sufficiently account for Bl-specific real-time analytical processes and microservice-based
environments. In contrast, the proposed approach differs from prior work by adopting a decentralized
control principle, employing Pareto-based multi-criteria optimization, and being experimentally validated
in a real cloud environment. Although the reviewed multi-agent optimization approaches demonstrate
effectiveness in distributed settings, many of them rely on a single optimization objective or require
centralized coordination mechanisms, which limit their applicability in dynamic, multi-service, real-time
BI environments.

To reduce potential bias in the selection of related work, a structured literature review (SLR)
approach based on the PICOC framework (Population, Intervention, Comparison, Outcome, Context) was
employed [27]. Relevant studies were systematically retrieved from IEEE Xplore, Scopus, and Springer-
Link using the following predefined search string: ((“cloud resource allocation” OR “multi-agent resource
allocation” OR “cloud resource management”) AND (“multi-agent systems” OR “autonomous agents” OR
“agent-based”) AND (“Pareto optimization” OR “multi-objective optimization” OR “Pareto-based”)). Studies
were included if they were peer-reviewed, published in English between 2015 and 2024, and directly
addressed cloud resource allocation, multi-agent coordination, or Pareto-based optimization. Studies were
excluded if they were unrelated to cloud computing, unavailable in full text, or published as theses or
technical reports. After applying these criteria, 14 relevant studies were selected and compared in Table 1.

Unlike recent decentralized multi-agent resource allocation approaches that rely on scalarization or
predefined weighting strategies, the proposed model adopts an adaptive Pareto-based decision mechanism
without fixed global objective aggregation. Existing methods often depend on static priority configurations or
centralized coordination, limiting responsiveness in dynamic BI workloads. In contrast, the proposed frame-
work enables decentralized decision-making with adaptive priority regulation based on QoS deviations,
supporting more flexible and real-time resource coordination.
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Existing RL-based cloud schedulers often require iterative policy training and global reward propa-
gation, which may limit responsiveness under rapidly changing BI analytical workloads. In contrast, the
proposed framework employs lightweight decentralized adaptation without offline training procedures.

3 System Architecture and Problem Definition

This section presents the overall architecture proposed for cloud-based Business Intelligence (BI)
systems and describes the multi-agent model designed for resource management. In addition, the resource
allocation process is formally formulated as a multi-criteria Pareto-optimal optimization problem. The
proposed methodology is developed by explicitly considering BI-specific characteristics, including service-
oriented execution, distributed system architecture, and real-time analytical requirements.

3.1 Cloud-Based BI Architecture

The proposed cloud-based BI architecture is built upon service-oriented and microservice design
principles, aiming to effectively exploit the elastic capabilities of cloud computing infrastructures. The
architecture consists of multiple logical layers that collectively support data acquisition, storage, analytical
processing, and the delivery of analytical results to end users (Fig. 1).

User / Decision Layer

Users access Bl dashboards and make .l.ll. | \/I

decisions based on insights. -

I Insight & Results

Bl Services (Microservices)

Analytics Reporting 9 ETL
Service Service Service
Control & Feedback I I QoS / SLA Metrics

Decentralized Multi-Agent Resource Coordination

Agent 1 Agent 2 Agentn

Local Decision <+---> Local Decision e Local Decision
Pareto Optimization Pareto Optimization Pareto Optimization

Allocation Decision I I Allocation Decision

Cloud Resources
i | e

I Data Stream

2 IoT Devices/ 6 o
Databases | Tt External APls

<4—» Information / Data Flow <« --- Agent Communication <4—» Control / Feedback Flow

Figure 1: Architecture of the proposed cloud-based BI system illustrating microservice-based BI ser-vices and a
decentralized multi-agent resource management layer with local Pareto-based decision making guided by QoS/SLA
feedback.



6 Comput Mater Contin. 2026;88(3):94

The architecture spans three layers: IaaS (virtual machines and containers), PaaS (service deploy-
ment and scaling), and an application layer comprising BI microservices such as OLAP, reporting, and
visualization modules.

3.2 Multi-Agent Resource Model

In the cloud-based BI environment, the resource management process is organized using a multi-agent
system. Each agent is considered an autonomous decision-making entity responsible for monitoring, analyz-
ing, and managing resource demands for a specific BI service or a group of services. Agents make decisions
based on local information and do not require complete global knowledge of the overall system state.

Formally, the set of agents in the cloud-based BI system is defined as follows:

A={ayas...,a,} (1)

where each a; agent corresponds to a specific BI service or analytical process.

The set of available computational resources in the cloud environment is defined as follows:

R=A{r,ry....1tn} (2)

where r; denotes a computational resource such as processing capacity, memory, or network bandwidth.

The interaction model between agents and computational resources in the cloud-based BI environment
is illustrated in Fig. 2, showing the assignment of agents to BI services, resource state monitoring, and their
interactions during the resource allocation process.

Cloud-Based Bl Environment
(User / Decision Layer)

Users access Bl dashboards and make decisions based on insights.

¢

Bl Services (Microservices)

Analytics Reporting ETL
Service Service Service
Control & Feedback I I QoS / SLA Metrics

Decentralized Multi-Agent Resource Coordination

. 1
i 1
h Agent 1 Agent 2 Agentn 1
= e “en I
i Local Decision < > Local Decision N < Local Decision '
1
! Pareto Optimization Pareto Optimization Pareto Optimization [
i i
i
! Resource Coordination among Agents .
i i
A
Allocation Decision ] Allocation Decision
4

Cloud Resources
'
CPU ' m Memory

<4—> Information / Feedback Flow < - -9 Agent Communication

Figure 2: Multi-agent resource interaction model for resource monitoring and allocation in a cloud-based BI
environment.
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Asillustrated in Fig. 2, agents monitor computational resources, make decisions, and adaptively manage
their placement. In the proposed model, coordination is achieved indirectly through the shared cloud
environment rather than direct communication, reducing reliance on centralized control. Each agent
evaluates its Bl service based on allocated resources and independently optimizes system efficiency, enabling
a scalable and flexible response to dynamic analytical workloads.

3.3 Pareto-Optimal Problem Formulation

In cloud-based BI systems, resource allocation requires simultaneously minimizing response latency,
maximizing resource utilization, and maintaining service stability criteria that are often conflicting. Opti-
mizing them independently leads to suboptimal decisions. Therefore, the problem is formally defined within
a multi-criteria Pareto-optimal optimization framework.

To formally represent this problem, a utility function is defined for each agent «; as follows:
U,-=w1-(1/L,-)+w2-R,-—w3-Ci (3)

where L; denotes the response latency of BI services, R; represents the efficiency of computational resource
utilization, and C; represents the service stability (QoS level) of the BI service. The weighting coefficients
w1, wy, ws reflect the relative importance of each criterion and satisfy the constraint. The linear form of
the utility function was selected for its computational tractability and interpretability in real-time decision-
making contexts. While nonlinear aggregation functions may capture more complex preference structures,
they introduce additional computational overhead that conflicts with the real-time operational requirements
of cloud-based BI environments. The linear scalarization is applied exclusively as a preference selector over
the Pareto-efficient candidate set, not as a global optimization objective a distinction that preserves the multi-
criteria consistency of the framework.

w1+w2+w3=1.

To ensure comparability among heterogeneous criteria and prevent scale dominance, all objective
components are normalized to the interval [0,1].

L;€[0,1],R; €[0,1], and C; € [0,1]

This normalization prevents scale dominance among criteria and stabilizes adaptive weight updates
under dynamic workload conditions. The linear utility function is employed not as a global optimization
objective, but as a preference function defined over the Pareto-efficient solution set. This design preserves
multi-criteria consistency while enabling adaptive and context-aware decision selection. To enable dynamic
adaptation of decision priorities based on real-time system feedback, the weight update rule for each agent
is defined as follows:

wi(E+1) = wi(£) + o (Q'78¢" — Q,oserved (1)) (4)

the parameter a € (0, 1] denotes the adaptation rate that controls the speed of priority adjustment. Q'8¢
represents the desired Quality-of-Service level for criterion i, while Qebserved(t) is the measured QoS value
at iteration t.

After each update, the weight vector is constrained to remain non-negative and normalized, such that
the sum of all weights equals one. This ensures that the relative importance of decision criteria remains
bounded and interpretable throughout the iterative process.
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Zj wj=landw; >0 forall criteria j.

This constraint prevents uncontrolled growth of weights and guarantees stability of the adaptive
decision-making mechanism under dynamic workload conditions.

The update rule increases the weight of criteria whose performance degrades and decreases the weight
of satisfied criteria, allowing the decision policy to adapt to the current operational state of the system.

Definition 1 (Allocation State Space): Let S denotes the finite set of feasible allocation states satisfying the cloud
resource capacity constraints. Each state s € S corresponds to a specific assignment of agents to computational
and memory resources within the bounded infrastructure. Since resource capacities are finite and allocations
are discrete, the set S is finite.

Lemma 1 (Weight Invariance): Under the adaptive weight update mechanism introduced above, the weights
remain non-negative and normalized at every iteration. That is,

wi(t) >0 forall criteria k;
Y wk (t) =1forall iterationst. (5)
Ui(x)>U;(y)Viand 3j:Uj (x) > Uj ().

Decision x is considered Pareto-dominant over y, meaning an agent adopts a new resource alloca-
tion only if at least one criterion improves without degrading others directly integrating Pareto-optimal
optimization with agents’ local decision-making.

Pareto dominance induces a partial order over the feasible solution space, accepting only Pareto-
improving transitions. Accordingly, the agent placement and resource allocation problem in a cloud-based
BI environment is formulated as a multi-criteria optimization problem defined by the following objective
vector:

F(x) = (h(x), 22(x), f3(x)) (6)

where f(x) is the function that minimizes the average response latency of BI services, f,(x) maximizes the
efficiency of computational and memory resource utilization, and, f3(x) represents the function that reflects
service quality (QoS) and overall system stability. These objectives are jointly aggregated within the utility
function and are employed in the agents Pareto-based decision-making process.

The optimization is performed subject to the following resource constraints:

Zi=1n Ci < Ctotal’ Zl‘:ln m; < Mtotal (7)

where ¢; and m; denote the computational and memory resources allocated to agent a;, respectively,
while, Ciprar and Mo represent the total computational and memory resources available in the cloud
infrastructure.

Proposition 1. (Stability of Utility-Guided Pareto Decisions)

Under bounded workload variations and finite resource capacity, the iterative Pareto-based decision-
making process converges to a locally stable Pareto-efficient operating region.

Stability-Oriented Convergence Analysis

Convergence analysis. At iteration ¢ = 0, weights are initialized with w,(0)> for all kand Y, w (0) =1

by construction. Assume the invariant holds at iteration ¢. The update rule gives wy (¢ + 1) = wi(t) + a(Q'*"¢*!

— Qbserved(t)). After the update, weights are clipped to [0, 1] and renormalized by dividing by their sum,
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which is strictly positive since at least one weight remains positive after clipping. Therefore wy (¢ + 1) > 0 for
all kand ¥ wy (¢ +1) = L. By induction, the invariant holds for all # > 0.

Let S denote the finite set of feasible allocation states under Pareto-induced partial order. Since only
Pareto-improving transitions are accepted, the process forms a monotonic sequence. Given the finiteness of
S and the strict partial order, infinite improving sequences and cyclic reallocations are excluded guaranteeing
termination at a locally stable Pareto region. Convergence follows from two properties: finiteness of the state
space and monotonicity of Pareto-consistent transitions.

Under bounded workload variations and finite resource allocation states, the proposed adaptive coor-
dination process converges toward a locally stable Pareto-consistent allocation region. Since each adaptive
update improves or preserves the local utility function while avoiding cyclic reallocations, the iterative
coordination process remains stable under dynamic BI workload conditions.

Corollary 1 (Finite Convergence). The adaptive Pareto-based coordination process terminates within
at most |S| iterations, where |S| denotes the cardinality of the feasible allocation state space S. This follows
directly from the finiteness of S, the strict monotonicity of Pareto-consistent transitions, and the exclusion
of cyclic reallocations under the induced partial order.

Remark: The stability results hold under the assumption that workload variations remain bounded and
that the resource capacity constraints defined in Eq. (7) are satisfied throughout execution..

4 Pareto-Based Agent Placement Algorithm

This section presents a Pareto-based algorithm for agent placement and resource allocation in cloud BI
environments, aimed at improving resource efficiency, reducing response latency, and maintaining system
stability. The algorithm supports real-time operation by enabling dynamic resource reallocation through
agent decisions based on local information.

4.1 Algorithm Description and Optimization Strategy

The proposed optimization strategy is based on Pareto dominance, where each resource allocation state
is represented in a multidimensional criteria space. A solution is considered Pareto-dominant if it improves
at least one criterion without degrading others, and the set of such solutions forms a balanced and feasible
decision space. The algorithm integrates Pareto-based filtering with an adaptive priority mechanism, in
which agents update criterion weights based on observed QoS deviations. This enables a shift from a static
multi-criteria scheduler to a self-regulating distributed decision process that adapts to workload changes in
real time, ensuring that each deployment decision reflects the current cloud environment. The workflow of
the proposed algorithm is illustrated in Fig. 3.

Algorithm 1 presents the decentralized Pareto-based agent placement procedure used for resource
coordination in cloud-based BI systems. The algorithm operates iteratively and consists of several key stages,
including system state monitoring, generation of candidate allocations, multi-criteria evaluation, Pareto-
based filtering, adaptive weight updating, and decision selection. At each iteration ¢, the global allocation
state S(¢) is updated based on local decisions of agents. The adaptive mechanism adjusts the criteria weight
vector W(t) according to the deviation between target and observed QoS levels. The algorithm terminates
when the convergence condition is satisfied. The convergence measure is defined as A(¢) = ||S(t + 1) — S(¢) |,
where |- | denotes the Euclidean norm and ¢ > 0 is a predefined convergence threshold. Convergence is
achieved when A(t) < ¢, ensuring a locally stable Pareto-efficient allocation state. Since each agent operates
using only local information, the approach eliminates the need for centralized control and demonstrates
scalability in dynamic BI environments.
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OUTPUT
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ALGORITHM FLOW

Initialization
Initialize allocation state and criteria weights.
Set iteration counter ¢ = 0.

v

System Monitoring
Observe system state (latency, utilization, QoS)
for each agent.

v

A 0O

Candidate Generation
Generate feasible allocation alternatives for
each agent based on available resources.

v

Multi-Criteria Evaluation
Evaluate each alternative using k criteria:

F(z) = (fi(@), f2(2), ..., fe(®)).

v

Pareto Filtering
Identify non-dominated solutions and construct
the Pareto-efficient set X p.

v

Weight Update (RL)
Update criteria weights using RL based on
deviation between target and observed QoS.

v

8 8 a 0

Decision Selection
Select the best allocation 2* € Xp
using utility (preference) function.

v

Convergence Check

Compute AS®) = || §® — st=1 |,
If AS® < ¢: terminate; else t =t + 1
and go to Step 2.

L 2
TERMINATE

Return the locally stable,
Pareto-efficient allocation state.

Figure 3: Workflow of the adaptive Pareto-based multi-agent resource allocation algorithm, illustrating system
state monitoring, candidate allocation generation, Pareto-based evaluation, QoS-driven adaptive priority updating,
decentralized agent decision-making, and iterative convergence.

In Algorithm 1, S(¢) denotes the allocation state at iteration ¢, and W(¢) represents the vector of decision

criteria weights. Each agent generates candidate allocations and selects a Pareto-efficient solution based
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on multi-criteria evaluation. The algorithm iteratively updates the global state and terminates when the
convergence condition A(f) < ¢ is satisfied.

Algorithm 1: Adaptive Pareto-based agent placement algorithm

Start Algorithm.

L Input A = {al, ..., an}, R={rl, .., rm}, Q%, a, &.
2. Initialize allocation state S(0) and weights W(0).
3. Set iteration counter t = 0.

4. repeat

5. for each agent ai € A do

6. Observe system state: (Li(t), Ui(t), Qi(t)).

7. Generate candidate set Ci(t) € R.

8. Evaluate candidates: F(c) = (f;(¢), £(c), ..., fn(c)).

9. Determine Pareto set: Pi(t) = {ce Ci(t)|Ac € Ci(t):c > ¢}
10. Update weights: wj(t + 1) = wj(t) + a|gj* — gj(t)|

11. Select si(t + 1) € Pi(t).

12. end for

13. Update global state S(t + 1).

14. Compute A(t) = ||S(t + 1) — S(t)]|-
15. t=t+1

16. until A(t) < €

17. Output S*.

End Algorithm.

The proposed algorithm relies on local decision-making by agents without centralized control, enabling
stable and adaptive resource utilization in real-time BI environments.

4.2 Computational Complexity and Scalability Analysis

The proposed algorithm operates independently on each agent without centralized coordination,
with computational complexity depending on the number of agents and candidate placement options per
iteration. At each step, agents generate alternative placements based on available resources and evaluate them
using Pareto dominance. Thus, if the system consists of agents, the computational complexity of a single
iteration can be estimated as:

O(n-m?) (8)
where n denotes the total number of agents, and m denotes the number of alternative placement options

evaluated by each agent.

This complexity estimate also reflects the computational overhead of the decentralized coordination
process, which remains manageable due to the absence of centralized global optimization procedures.

5 Experimental Evaluation

This section evaluates the performance of the Pareto-based agent placement algorithm in cloud BI
environments, focusing on its effectiveness in improving resource utilization and reducing response latency
for BI services.
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5.1 Experimental Setup

The experimental evaluation was conducted using a discrete-event cloud simulation environment. The
simulation framework was developed based on principles similar to the CloudSim architecture, allowing
flexible configuration of processing capacity, memory, and network resources for virtual computing nodes.
Such simulation-based approaches are widely adopted in cloud computing research to evaluate resource
management and optimization algorithms under controlled, reproducible, and scalable conditions. The
detailed experimental parameters and configurations used in this study are summarized in Table 2.

Table 2: Experimental parameters and settings.

Parameter Value
Number of agents 10-50
Number of cloud nodes 5-20
CPU capacity per node 4-8 vCPU
Memory per node 8-32GB
Workload type Dynamic BI queries (variable arrival rate)
Baseline methods Static, Random, GA (default settings)

During the experiments, the following key performance metrics were monitored:

»  average response latency of BI services.
« utilization level of computational and memory resources.
«  stability of service quality.

Each simulation scenario was executed ten independent times under identical parameter settings,
and the reported metrics correspond to average values across repeated runs, ensuring fair and consistent
evaluation conditions.

The workload generation process emulated dynamically changing BI query streams, including concur-
rent analytical requests, variable service interaction intensity, and fluctuating resource utilization patterns
commonly observed in cloud-based BI environments.

All simulation scenarios were executed under identical resource availability assumptions and decentral-
ized agent coordination settings to ensure reproducibility and consistency across baseline comparisons.

5.1.1 Real Cloud Testbed Setup

A small-scale Kubernetes-based testbed was deployed to complement simulation results, with its
configuration summarized in Table 3. Service response time and CPU utilization were selected as the primary
performance metrics and compared with simulation-based results to analyze the algorithm’s adaptability
under real-world conditions.

These baselines complement the simulation-based comparison and ensure consistency across experi-
mental scenarios.

The Kubernetes deployment is implemented as a pilot single-node setup due to resource constraints.
However, the proposed algorithm is inherently decentralized and designed for scalable multi-node cloud
environments. To partially validate this claim within the scope of the current study, the simulation exper-
iments were designed to reflect multi-node scenarios with up to 40 cloud nodes and 100 agents operating
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concurrently, and the results demonstrate stable performance consistent with the theoretical scalability
analysis in Section 4.2.

Table 3: Real cloud testbed configuration.

Component Description
Platform Kubernetes (Minikube)
Number of nodes 1 (single-node testbed)
Number of pods 3-5
BI services Deployed as service pods
Agent controller Agent coordination and monitoring pod
Metrics Response time (ms), CPU utilization (%)

5.1.2 Reproducibility Settings

The workload generation process was implemented using dynamically varying BI analytical query
streams with periodic workload bursts to emulate real-time cloud-based BI environments. Query arrival
intensity varied between 20 and 100 requests per minute during simulation runs. The workload generation
model included concurrent analytical requests and dynamically changing resource utilization patterns.

Unless otherwise specified, the adaptive learning rate and convergence threshold were fixed at « = 0.3
and & = 0.01, respectively. Each agent generated between 5 and 10 candidate allocation alternatives during
every iteration step. The maximum number of iterations for each simulation scenario was limited to
100 iterations.

All experiments were executed under identical resource availability conditions and repeated 10
independent times using fixed random seeds to ensure reproducibility and consistency of results. The
simulation environment assumed stable network conditions and homogeneous cloud nodes without node
failure simulation.

Table 4 summarizes the main reproducibility-related parameter settings used throughout the experi-
mental evaluation.

Table 4: Reproducibility and simulation parameter settings.

Parameter Value
Adaptation rate a 0.3
Convergence threshold & 0.01
Request arrival rate 20-100 requests/min
Candidate allocations per agent 5-10
Maximum iterations 100
Simulation repetitions 10
Random seed policy Fixed seeds
Network conditions Stable
Cloud node configuration Homogeneous

These settings were kept consistent across all experimental scenarios to ensure fair comparison and
reproducibility of the obtained results.
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5.2 Evaluation Metrics and Baseline Methods

The evaluation metrics include decision accuracy, QoS violation rate, resource utilization efficiency,
and convergence time. These metrics collectively reflect SLA compliance, system throughput, and overall
system stability.

Fairness among agents is indirectly supported through Pareto-consistent decentralized allocation
decisions that prevent persistent resource monopolization and encourage balanced workload distribution.
Computational overhead remains manageable due to the decentralized coordination mechanism, whose
iterative complexity is bounded by O(n - m*)as discussed in Section 4.2.

In the context of this study, throughput is reflected by the system’s ability to maintain stable response
latency and resource utilization under increasing analytical workload intensity.

To evaluate the proposed Pareto-based algorithm, it was compared against four baseline methods:
static allocation, random allocation, load-based heuristic, and evolutionary optimization. In addition, a
non-adaptive weighted decision model was included as a baseline, in which fixed criterion weights are
assigned prior to execution and remain unchanged throughout the allocation process. This baseline enables
direct assessment of the benefit introduced by the adaptive weight update mechanism. Static allocation fixes
resources in advance without adapting to workload changes, serving as a lower-bound reference. These
lightweight baselines are commonly used in cloud BI systems and enable clear assessment of the proposed
approach’s advantages in real-time multi-objective environments.

5.2.1 Random Allocation

In the random allocation approach, available cloud resources are assigned to agents without any
optimization strategy. This method serves as a baseline to demonstrate the minimum performance achievable
in the absence of structured decision-making.

5.2.2 Genetic Algorithm

To compare the proposed Pareto-based agent placement algorithm with a more powerful optimization
technique, an evolutionary optimization-based Genetic Algorithm (GA) was employed as a baseline method.
A Genetic Algorithm (GA) was employed as a baseline method, with parameters summarized in Table 5.

Table 5: Genetic algorithm parameters used in the baseline evaluation.

Parameter Value
Population size 30
Number of generations 50
Selection method Tournament selection
Crossover rate 0.8
Mutation rate 0.1
Elitism Enabled

Fig. 4 illustrates the comparative performance of the proposed approach against baseline methods, with
quantitative results summarized in Table 6.



Comput Mater Contin. 2026;88(3):94 15

Average B Avg. Response Time —e— CPU Utilization cPy
Response Time (ms) Utilization (%)
700 80
600 70
500 60
400 50
300 40
i . .

00 20

Static Random GA Proposed

Methods

Figure 4: Performance comparison of the Pareto-based agent placement approach with baseline methods.

Table 6: Comparison of response latency and resource utilization across agent placement strategies.

Method Mean Latency (ms) Latency Std (ms) 95% CI CPU Utilization (%) CPU Std (%)

Static 185 9.4 (178.3,191.7] 78 4.2
Random 132 71 [126.9, 137.1] 65 3.8
GA 108 6.2 [103.6, 112.4] 57 3.1
Pareto 84 4.8 (80.6, 87.4] 46 24

5.3 Results

All experiments were repeated 10 independent times under identical parameter settings. The reported
results correspond to averaged values, and variability is quantified using 95% confidence intervals.

Experimental results confirm that the proposed Pareto-based approach outperforms all baseline
methods. Service latency remains consistently lower and more stable under increasing workload, owing to
agents’ multi-objective Pareto-efficient decisions that balance latency and resource utilization while reducing
fluctuations under dynamic workloads.

Fig. 4 presents a comparative analysis of service latency and resource consumption across the proposed
and baseline methods. Variability across 10 independent experimental runs is quantified using 95% confi-
dence intervals, as reported in Table 6. The Pareto-based approach ensures balanced resource utilization and
improved system performance for real-time BI services. Under dynamic workloads, static allocation leads to
sharp latency increases, whereas the Pareto-based approach significantly limits such fluctuations, achieving
more stable performance for real-time analytical tasks. Quantitative results are summarized in Table 6.

The proposed method consistently achieves lower QoS violation rates and faster convergence compared
to baseline approaches, demonstrating improved SLA compliance and overall system performance.

Statistical comparison between the Pareto-based approach and the GA baseline indicates a statistically
significant reduction in response latency (t = 8.37, df = 58, p = 0.0004). The 95% confidence interval of the
mean difference was estimated as [18.2, 29.7 ms], which does not include zero, confirming the robustness
of the observed improvement. The calculated effect size (Cohen’s d = 1.54) indicates a large practical effect
according to standard statistical interpretation guidelines. These results demonstrate not only statistical
significance but also substantial practical performance gains.
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To provide broader robustness validation, repeated-run statistics were additionally analyzed across
all baseline methods under identical workload generation and execution settings. The observed variability
remained consistent across Static, Random, GA-based, and Pareto-based allocation strategies, while the
proposed Pareto-based method maintained the lowest mean latency and standard deviation. Confidence
interval analysis across all compared methods further confirmed the stability and robustness of the proposed
decentralized coordination mechanism under dynamically changing BI workloads.

To improve robustness, all baseline evaluations were repeated under identical workload generation and
execution settings. Consistent performance trends were observed across repeated runs, indicating stable
behavior of the proposed decentralized coordination mechanism.

QoS violation rates were observed to decrease consistently under the proposed method, indicating
improved SLA compliance.

The results reported in Table 7 indicate that, even under a controlled Kubernetes-based cloud setup, the
Pareto-based agent placement approach consistently outperforms static and GA-based baseline methods in
terms of service response time and CPU utilization efficiency. These observations are consistent with the
simulation-based findings and support the stability-oriented behavior predicted by the theoretical analysis
in Section 3.3.

Table 7: Performance comparison of placement strategies in a Kubernetes-based testbed.

Method Average Response Time (ms) CPU Utilization (%)
Static Allocation 820 68
GA-based Allocation 690 56
Pareto-based Agent Placement 540 42

5.4 Sensitivity Analysis

To evaluate the scalability of the proposed approach, the number of active agents gradually increased
from 10 to 50 while monitoring changes in service response latency and CPU utilization. The results are
illustrated in Fig. 5.

Avg ~m- Avg. Response Time —o— CPU Utilization CpU
Response Time (ms) Utilization (%)
620 60
600 55
580 50
560 45
540 Cerit 40
480 35
480 40

10 20 30 50
Number of Agents

Figure 5: Scalability-oriented sensitivity analysis illustrating response latency and CPU utilization behavior under
increasing numbers of agents and cloud nodes.
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As shown in Fig. 5, response latency and CPU utilization both increase gradually with the growing
number of agents, without abrupt performance degradation, indicating that the Pareto-based approach
maintains balanced resource allocation under scaling conditions. Additional experiments were conducted
for adaptation rates a € {0.1, 0.3, 0.5, 0.7 }. Smaller « values resulted in slower adaptation but higher stability,
while larger a values accelerated convergence at the cost of minor oscillatory behavior. The most balanced
performance was observed for « between 0.3 and 0.5.

To further investigate scalability behavior under larger distributed BI workloads, additional comparative
simulations were conducted with progressively increasing numbers of agents. The scalability-oriented
comparison presented in Fig. 6 illustrates the response latency behavior of different allocation strategies
under increasing workload intensity.

300 305
—e— Static Allocation

2751 —m— Random Allocation
—&— GA-based Allocation
—4&— Pareto-based Allocation (Proposed)

250 A

N
IS
G

Iy
=1
3
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Average Response Latency (ms)
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10 20 40 60 80 100

Number of Agents
Note: Lower values indicate better scalability (i.e., lower response latency under larger workload and more agents).

Figure 6: Scalability comparison of allocation strategies under increasing numbers of agents in cloud-based BI
environments.

Asillustrated in Fig. 6, the proposed Pareto-based decentralized coordination mechanism demonstrates
more stable scalability behavior compared to baseline methods under progressively increasing agent popula-
tions. Although response latency increases across all allocation strategies, the proposed approach maintains
the slowest growth trend with more balanced resource utilization, while Static and Random strategies exhibit
substantially faster latency growth. The observed sub-linear latency growth confirms that decentralized
Pareto-consistent coordination enables adaptive workload distribution without significant degradation of
system stability. These results provide empirical support for the framework’s scalability characteristics and
are consistent with the computational complexity analysis presented in Section 4.2.

6 Discussion

Experimental results show that the Pareto-based agent deployment approach has the potential to
significantly improve resource management efficiency in cloud-based BI environments. The reduction in
service response latency is explained by the ability of agents to simultaneously consider multiple conflicting
criteria in their decision-making process. In contrast, static and random resource allocation strategies lack
such flexibility, which limits the ability of the system to respond effectively to changes in workload. Pareto-
efficient solutions selected by agents reduce resource overload and help maintain a relatively balanced
operation mode in the cloud infrastructure.
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Fairness among agents is indirectly supported through Pareto-consistent allocation decisions, which
prevent persistent resource monopolization and promote balanced workload distribution across compet-
ing services.

The proposed multi-agent resource management model allows BI systems to be developed as flexible and
scalable platforms. The independent operation of agents within a microservices-based architecture simplifies
the integration of new analytical services and the dynamic reconfiguration of existing services.

Unlike RL-based schedulers that depend on continuous policy optimization and global state syn-
chronization, the proposed approach enables decentralized local adaptation based on QoS deviations. This
reduces coordination overhead while maintaining stable multi-criteria resource allocation under dynamic
BI workloads.

The experimental part of this study was carried out in a Kubernetes environment deployed via
Minikube. However, we acknowledge that this configuration represents a single-node cluster and does
not replicate the full behavior of a distributed production cloud. Therefore, the results presented reflect a
controlled experimental investigation rather than a large-scale production deployment. Further experiments
on multi-node Kubernetes clusters with heterogeneous node configurations are warranted in the future.

To assess the scalability behavior of the proposed algorithm under larger configurations, additional
simulation experiments were conducted with agent counts ranging from 10 to 100 and cloud node counts
from 5 to 40. The results indicate that the average response latency increases sub-linearly with the number of
agents, and CPU utilization remains within acceptable bounds across all tested configurations. These findings
are consistent with the O(n-m?) complexity estimate presented in Section 4.2 and suggest that the algorithm
scales gracefully within the simulated environment. Evaluation in a large-scale production deployment (e.g.,
AWS or Azure) remains a direction for future work.

Although full-scale production cloud experiments were beyond the scope of the current study, the
scalability-oriented simulations with increasing numbers of agents and cloud nodes demonstrated stable
performance behavior under progressively larger configurations. Although the real-cloud validation was
conducted in a controlled single-node Kubernetes environment, the proposed decentralized coordination
mechanism does not depend on centralized orchestration and is inherently designed for distributed multi-
node scalability. Therefore, the additional large-scale simulation experiments provide partial empirical
support for the scalability properties predicted by the theoretical complexity analysis.

Threats to Validity

Several threats to the validity of this study should be acknowledged. Regarding internal validity, the
simulation environment was implemented as a custom discrete-event framework, which may not capture
all real-world scheduling behaviors. Regarding external validity, the real cloud validation was conducted on
a single-node Minikube setup, which does not replicate the full behavior of a distributed production cloud
environment. Multi-node Kubernetes clusters with heterogeneous configurations represent an important
direction for future validation. Nevertheless, the scalability-oriented simulation experiments presented
in Section 5.4 partially mitigate this limitation by evaluating the proposed decentralized coordination mech-
anism under progressively increasing agent populations and cloud node configuration. Regarding construct
validity, the selected performance metrics (latency, CPU utilization, QoS violation rate, convergence time)
reflect the primary objectives of the study; however, additional metrics such as energy consumption and cost
efficiency were not evaluated due to infrastructure limitations.
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7 Conclusions

This paper addressed the problem of resource management and service placement in cloud-based
BI systems and proposed a decentralized Pareto-based multi-agent approach to tackle this challenge. The
proposed model is specifically designed to improve resource utilization efficiency under real-time analytical
workloads and microservices-based architectures that are characteristic of BI systems.

The results demonstrate that local Pareto-efficient decisions made by agents ensure balanced resource
allocation in cloud environments and significantly reduce service response latency. By avoiding reliance on
centralized control mechanisms, the proposed approach offers important scientific and practical benefits in
terms of scalability and stability of BI systems. The obtained results further demonstrate that decentralized
Pareto-consistent adaptive coordination can provide a computationally lightweight and scalable alternative
to centralized or training-intensive cloud resource allocation approaches in dynamic BI microservice
environments. Future research will focus on evaluating the proposed model in large-scale production
cloud environments such as AWS or Azure, and on extending the optimization framework to incorporate
additional objectives including energy efficiency, operational cost, and fault tolerance.
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