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ABSTRACT
Large Language Models (LLMs) have recently achieved significant
progress in natural language processing tasks, including question
answering and assisting users, such as in cloud computing. Cloud
computing is a composite of various fields, including LLMs,
which is a straightforward approach to enhancing the performance
of the entire cloud. Therefore, AI-driven load balancing has
been developed in cloud computing for a long period to benefit
from machine learning to enhance the performance of cloud
computing. This study presents a comparative evaluation of several
state-of-the-art LLMs, including OpenAI GPT-4 and Google
Gemini, with our proposed model (IaCloud1) in predicting the most
appropriate load-balancing techniques in the cloud environment.
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1. INTRODUCTION
Cloud computing is a modern technology that individuals,
companies, and organizations widely use to store data and run
applications, ensuring a high level of access, performance, and
security. It provides a set of shared resource pools, such as
data center servers or routers. Additionally, numerous integrated
solutions have been developed that enhance the cloud computing
environment using machine learning and large language models
(LLMs) across different levels, including SaaS, PaaS, IaaS, and
LbaaS (load balancing as a service) [1, 2]. Large language models
are advanced artificial intelligence systems designed to understand
and generate human language. LLMs are widely used in modern
applications, including virtual assistants, chatbots, education, and
research. Machine learning is a branch of artificial intelligence
where computers learn patterns from data and improve the LLM’s
performance without being explicitly programmed.
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The collaboration of machine learning and LLMs creates flexible
AI-driven systems that are autonomous and AI-driven cloud
computing. Likewise, researchers endeavor to optimize cloud
computing services, therefore [1, 3, 4, 5]. Similarly, we will
use customized LLMs that aim to select an appropriate load
balancing in order to compare it with other common models, such
as ChatGPT and Gemini.

As aforementioned, LbaaS is the service responsible for routing
and distributing incoming traffic across multiple resources in
cloud computing to prevent overloaded or underloaded resources,
including both software and hardware components. Load balancing
implements various types of algorithms and techniques, both static
and dynamic, which also include a diversity of constraints and
metrics that subsequently add complexity to selecting a suitable
option.

To this end, this model used for this evaluation was created
based on prior research from previous studies and then translated
into insightful knowledge to satisfy consumers’ aims, including
important information on load-balancing techniques, strategies,
and algorithms from multiple scientific resources.

Quality of Service (QoS) recommends various criteria, known as
”metrics selection,” used for this evaluation. These criteria are
called ”metric selection,” defined as follows:

(1) Performance: Represents the overall effectiveness of the cloud
system after applying a load-balancing algorithm. Higher
performance indicates better satisfaction of QoS requirements.

(2) Throughput: The total number of tasks completed within a
given period.

(3) Associated Overhead: the additional computational and
communication costs incurred during the execution of the load
balancing algorithm.

(4) Fault Tolerance: The ability of a load balancing algorithm
to maintain correct operation and service availability despite
failures of nodes, virtual machines, or network components.

(5) Migration Time: The time required to transfer a task, process,
or virtual machine from one resource to another.
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(6) Response Time: The delay between a user sending a request
and the system’s response. Effective load balancing aims to
minimize response time.

(7) Resource Utilization: Measures how efficiently cloud
resources such as CPU, memory, and bandwidth are used.
Higher utilization indicates better resource management.

(8) Scalability: Represents the ability of the system to maintain
performance as the workload or number of resources increases.

(9) Power Saving or Energy Consumption: Measures the
effectiveness of the load balancing algorithm in reducing
energy consumption while maintaining acceptable QoS levels.

During this evaluation, we test the combination of these metrics
as inputs while awaiting the models’ responses, focusing on the
best algorithms and accuracy, including those from ChatGPT
and Gemini. Subsequently, we interact with the aforementioned
models, relying on prompt engineering by choosing specific
prompts for the evaluation. Prompt engineering is the art and
practice of designing clear, specific, and structured instructions to
guide AI models.

This study presents a comparative study of our customized
model against different LLMs, such as ChatGPT and Gemini.
Therefore, an evaluation is conducted for the proposed model
with different scenarios of metrics. The resulting load balancing
recommendations are then compared with those generated by
ChatGPT and Gemini.

This paper is organized as follows. Section 2 cites related work.
Section 3 presents the methodology. Section 4 displays the
outcomes of the evaluation model compared with other known
models. Section 5 aims to discuss the results. In the last section
6, we conclude and discuss future research.

2. RELATED WORK
Task scheduling and resource management remain fundamental
challenges in cloud computing due to the dynamic nature
of workloads, heterogeneous resources, and the need to
simultaneously optimize multiple QoS metrics such as response
time, cost, throughput, and resource utilization [6]. Traditional
scheduling approaches, including heuristic and meta-heuristic
algorithms, have been extensively investigated to improve cloud
performance. The authors of article [7] reviewed several hybrid
meta-heuristic scheduling techniques and highlighted their
effectiveness in optimizing resource allocation and execution
efficiency in cloud environments. However, these approaches
often suffer from limited adaptability in highly dynamic cloud
infrastructures and require extensive parameter tuning. Recent
advances in artificial intelligence, particularly large language
models, have introduced new opportunities for intelligent cloud
resource management, particularly when combining multiple
tools [8]. [4] proposed an LLM-based cost-aware task scheduling
framework for cloud computing systems. Their approach combines
Deep Reinforcement Learning (DRL) with LLM reasoning
capabilities, where DRL agents generate high-quality scheduling
decisions that are subsequently used to fine-tune an LLM acting
as a high-level scheduling agent. The proposed framework aims
to optimize multiple objectives simultaneously, including average
response time, task success rate, and rental cost. Experimental
results demonstrated improved generalization capabilities across
heterogeneous cloud environments compared with traditional
DRL-based schedulers. Nevertheless, the study primarily focuses

on cloud task scheduling and does not extensively investigate
distributed edge-cloud deployment scenarios. To address the
increasing computational demands of LLM inference, Pozi and
Sato [5] introduced a data-augmented model routing framework
for efficient LLM deployment in edge-cloud environments. Their
work employs a supervised routing mechanism that classifies
incoming prompts according to difficulty levels and dynamically
routes them either to lightweight edge-based models or more
powerful cloud-hosted models. Furthermore, the authors proposed
a mask-based data augmentation strategy to improve routing
accuracy and reduce unnecessary computational overhead.
Experimental evaluations showed significant improvements in
routing efficiency while maintaining inference accuracy and
reducing operational costs. However, the proposed framework
mainly focuses on program generation tasks and LLM deployment
optimization rather than broader cloud resource scheduling
problems. Several recent studies have further explored hybrid
cloud-edge architectures for efficient LLM deployment. [9]
proposed a multi-objective routing algorithm based on NSGA-II
to distribute inference requests among heterogeneous cloud and
edge LLM instances. Their approach simultaneously considers
response quality, latency, and inference cost, demonstrating
substantial cost reductions while maintaining acceptable
performance levels. Similarly, [10] developed EACO-RAG,
a distributed edge-assisted Retrieval-Augmented Generation
(RAG) framework that leverages collaborative edge nodes
and adaptive knowledge updates to improve scalability and
reduce deployment costs in hybrid environments. These studies
emphasize the growing importance of intelligent routing and
adaptive workload distribution for large-scale LLM services. In
addition, reliability-aware scheduling has attracted considerable
attention in multi-cloud environments. Tekawade and Banerjee
[11] proposed a cost-effective and reliability-aware scheduler for
workflow execution in heterogeneous multi-cloud systems. Their
method incorporates pricing mechanisms, reliability constraints,
and task dependencies to improve scheduling efficiency. Although
effective, the proposed solution relies on traditional optimization
techniques and does not exploit the reasoning and decision-making
capabilities offered by modern LLMs. Despite the significant
progress achieved by existing studies, several research gaps
remain. Most traditional scheduling approaches lack adaptability to
rapidly changing cloud conditions, while many recent LLM-based
solutions focus either on scheduling decisions or inference routing
independently. Consequently, there is still a need for adaptive
frameworks that integrate LLM reasoning, intelligent routing,
and dynamic resource allocation mechanisms to simultaneously
optimize performance, cost efficiency, and scalability across cloud
and edge-cloud computing environments.

3. METHODOLOGY
The proposed methodology aims to evaluate the effectiveness
of a customized artificial intelligence model for recommending
the most appropriate load balancing algorithm according to
application-specific Quality of Service (QoS) requirements. In
the first phase, the customized model was collected from prior
research on load balancing in cloud computing, and then translated
into insights to satisfy consumers’ needs using a decision tree.
Initially, we collected important information on load-balancing
techniques, strategies, and algorithms from multiple scientific
sources, including metrics such as throughput, response time,
and tolerance analyses, as well as common static and dynamic
techniques of load balancing. The collected knowledge was then
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transformed into a structured dataset describing the suitability of
each load balancing algorithm for different QoS requirements.
Each dataset instance represents a unique combination of the
selected QoS criteria, while the corresponding class label identifies
the load balancing algorithm considered the most appropriate
according to the collected expert knowledge. In the second
phase, multiple training and cross-validation data partitions
were evaluated to assess the model’s generalization capability.
Additionally, resampling techniques were employed to estimate
the robustness and stability of the model’s performance across
different data distributions. As a result, the information acquired
describes a well-organized collection of load-balancing strategies,
including the crucial metric values needed to select the appropriate
load-balancing method. The pre-built model was then exposed
as a RESTful API that receives QoS requirements as input and
returns the recommended load-balancing algorithm together with
the associated prediction confidence.

To establish a comparative evaluation, the same 512 QoS scenarios
were submitted to three different recommendation approaches:
the proposed decision tree model, OpenAI GPT, and Google
Gemini. For the large language models, a standardized prompt was
designed to ensure that identical information was provided to each
model for every experiment. Each prompt contained the same QoS
criteria and requested the recommendation of the most suitable
load balancing algorithm from the predefined candidate list. This
procedure ensured a fair comparison by eliminating variations
due to prompt formulation. Otherwise, in our proposed model, it
interacts with the HTTPS protocol via the command line, even
using curl or another tool.

Ultimately, the prediction results generated by the three approaches
were analyzed using descriptive and comparative statistical
techniques. Frequency distributions, accuracy measurements,
agreement matrices, prediction diversity analysis, and correlation
studies were employed to compare the consistency of algorithm
selection among the evaluated models. Thereby using statistical
insights to help us understand the data, identify patterns, and
communicate results more effectively.

4. RESULTS
The experimental evaluation was conducted on 512 unique
combinations of QoS requirements. Three approaches were
compared: OpenAI GPT, Google Gemini, and the proposed
decision tree-based adaptive load balancing model. The analysis
revealed clear differences in the algorithm selection patterns across
the evaluated approaches. The experiment offers 32 predictable
algorithms, such as Round Robin [12], Ant Colony [13], Dynamic
Round Robin [12], and FAMLB [14] [15].

The outcomes display that Gemini has a strong preference for
PALB [16], selecting it in 167 scenarios, followed by CARTON
[17] in 100 scenarios and FAMLB [14] in 53 scenarios. Similarly,
GPT favored PALB, which was selected in 242 scenarios, while
JoinIdleQueue [18] and FAMLB were selected in 133 and 96
scenarios, respectively. The proposed model offers more space
for preferred algorithms and more recommendations, including
15 algorithms. For example, PALB was frequently selected for
32 scenarios, whereas Round Robin was associated with 15
scenarios. Similarly, the Throttled and LBVS algorithms were also
recommended for 15 scenarios. These figures, 1, 2, and 3, present

Fig. 1: Top selected algorithms in GPT.

Fig. 2: Top selected algorithms in Gemini.

the aforementioned results.

Generally, the experiment demonstrates that among the 32
evaluated load balancing algorithms, 16 emerged as the most
frequently selected. These algorithms can be broadly categorized
into two groups based on their selection frequency: a high-priority
group, which was consistently recommended across many QoS
scenarios, and a lower-priority group, which was selected less
frequently but remained suitable for specific QoS requirements.

Additionally, traditional algorithms like Round Robin [12]
have low frequency levels, citing ShortestJobSheduling [19]
and BiasedRandomSapmling [20] algorithms. Moreover, GPT
recommended only 12 of the 32 available load balancing
algorithms, leaving 20 algorithms unselected throughout the 512
evaluation scenarios. Gemini demonstrated greater diversity by
selecting 17 algorithms while excluding the remaining 15. In
contrast, the proposed IaCloud model exhibited the broadest
coverage, recommending 23 distinct algorithms and leaving only
9 algorithms unselected: Max-Min [21], HoneyBeeForaging
[22], GenetecAlgorithm [23], StochasticHillClimbingTech [24],
TaskShedulingbasedOnLB and ACCLB [25], CAB and LFCB
[26], VD [27] and GLBS [28]. Table 1 displays a general overview.

Table 1. : General overview of selected algorithms in various models

Metric GPT Gemini IaCloud Model
Total Scenarios 512 512 512
Distinct Algorithms Selected 12 17 23
Diversity Percentage (%) 37.50 53.13 71.88

The agreement analysis (Figure 4) demonstrated that GPT and
Gemini produced identical recommendations in 39.26 percent of
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Fig. 3: Frequency of selected algorithms in the decision tree model.

Fig. 4: Agreement matrix for the models.

the evaluated scenarios. In contrast, the agreement between GPT
and the proposed model was 5.66 percent, while the agreement
between Gemini and the proposed model was 5.86 percent, as
shown in this figure.
The confidence analysis further revealed that Gemini produced
highly stable predictions with an average confidence of
approximately 95 percent. The proposed model exhibited a
more balanced distribution of algorithm selections across the
available load balancing techniques, indicating its ability to
consider a broader range of decision criteria rather than converging
on a small subset of frequently selected algorithms.
Figure 5 presents a clustered heatmap illustrating the relationship
between QoS criteria and the algorithms selected by the
proposed decision tree model. Hierarchical clustering groups
algorithms exhibiting similar decision patterns. The results
reveal several algorithm families characterized by common
QoS objectives. For example, PALB [16], FAMLB [14], and
DynamicRR [12] are strongly associated with throughput
and response time requirements, whereas Throttled [29] and
DecentralizeContentAware [30] are more closely linked to
scalability and resource utilization objectives. For example,
PALB [16] is strongly associated with throughput, tolerance,
and response time but less associated with performance. Another
example, DynamicRR [12], is strongly associated with throughput
and overhead. This figure represents all of the other options.

The study also offers the clustered version that automatically
groups algorithms with similar QoS-selection behavior for the
model built by a decision tree. This makes patterns much easier
to identify. For instance, cluster one includes DynamicRR [12],

GeneralizedPriorityAlgo [20], FAMLB [14], and PALB [16],
which appear together because they are strongly associated
with the same criteria: throughput, response time, and resource
utilization. Cluster 2: CLBVM [31], Lock-free Multi-processing
[32], BiasedRandomSampling [20], CARTON [17], Min-Min
[33], RR[12]. Performance requirements, strong throughput
requirements, and less emphasis on tolerance. As an instance,
Cluster 3: Throttled, Decentralized Content-Aware Algorithm
[30]. These are highly associated with resource utilization and
scalability.

Figure 6. QoS-to-algorithm relationship graph derived from the
proposed adaptive decision tree model. The figure illustrates
the strongest associations between quality-of-service requirements
and the load-balancing algorithms selected by the model. PALB
[16] is primarily associated with power-saving and tolerance
requirements, whereas DynamicRR [12] is strongly linked to
response-time optimization. Throttled exhibits strong associations
with scalability and resource utilization objectives, while FAMLB
[14] is mainly selected when migration-time considerations are
important.

5. DISCUSSION
The results suggest that both LLMs tend to prioritize a limited
subset of load balancing strategies when simultaneously satisfying
multiple QoS objectives. Conversely, our model uses the entire
algorithm space with acceptable accuracy and diversity, offering
multiple options. This indicates a broader exploration of the load
balancing solution space and a higher degree of adaptation to
varying QoS requirements. In addition, the results of agreement
analysis, as mentioned, suggest that the proposed decision tree
model follows a substantially different decision-making process
and is not merely reproducing the recommendations generated by
large language models. Overall, the results demonstrate that the
proposed adaptive load balancing framework provides a distinct
and diversified decision strategy while maintaining competitive
performance across a wide range of QoS requirements. It displays
the relationship between key criteria and load balancing algorithms
using statistical insights.

Furthermore, the clustered graphs demonstrate the variety of
the selected models by the proposed method. The first cluster
suggests algorithms belong to a family of performance-oriented
load-balancing techniques. The second cluster indicates a focus
on execution efficiency rather than fault handling. The last cluster
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Fig. 5: Clustering of QoS criteria against selected algorithms.

Fig. 6: Clustering of QoS criteria against selected algorithms.

indicates a focus on execution efficiency rather than fault handling.

Moreover, this study is particularly valuable because it
explains why the model selects an algorithm: PALB because
of energy efficiency, DynamicRR because of responsiveness, and
FAMLB for migration-aware scheduling. Throttled due to its
scalability and utilization optimization, RoundRobin, including
performance-oriented simple balancing, finally joins IdleQueue
for overhead reduction.

Combining AI tools with load balancing can significantly enhance
cloud performance. Developing an accurate AI-driven LLM
requires building expert models that focus on specific targets rather
than relying solely on general purposes. The results demonstrate
flexibility; however, they may vary under certain conditions.
Therefore, expert models represent the most suitable approach.
These models assist users in cloud computing, in our case, by
selecting the most appropriate load-balancing technique according
to their requirements. Furthermore, combining multiple models

5



International Journal of Computer Applications (0975 - 8887)
Volume 187 - No.133, August 2026

can improve the optimization process.

Experts usually assist users in addressing their needs in a specific
domain. Since the data were collected primarily from engineers
and researchers in the domain, training multiple models offered
a solution by enabling the selection of the most appropriate
model to meet users’ needs. The experiment encouraged a
new perspective on investigating multiple models and combining
various tools, which can lead to improved decision-making and
useful assessments that help users respond to their needs in a
specific domain. In addition, this evaluation emphasizes the ability
to rely on and combine several tools at the same time, even
manually or automatically via an AI agent, for instance.

6. CONCLUSION AND FUTURE WORK
Selecting an appropriate load balancing strategy remains a
challenging task in cloud computing due to the diversity of
Quality of Service (QoS) requirements and the dynamic nature
of cloud environments. This paper presents an evaluation of
several models, alongside our customized models, to select the
appropriate approach for load balancing in cloud computing. The
study emphasizes the necessity of using expert models specifically
designed for the field, rather than relying on general models like
ChatGPT and Copilot. Our findings suggest that tailored solutions
hold significant value, as they align more closely with the specific
requirements of cloud environments. As future work, we plan to
extend the dataset by incorporating additional static, dynamic, and
AI-based load balancing algorithms together with a broader range
of cloud workloads and QoS metrics. Also intending to compare
the study to other machine learning methods.
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