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Abstract:

Background: Large-scale machine learning models require substantial computational resources during training,
particularly in GPU-intensive and distributed computing environments. Although modern training pipelines achieve
high predictive performance, they often rely on static resource allocation strategies that do not adapt to evolving
learning dynamics. This leads to inefficient GPU utilization, increased training time, and unnecessary computational
cost, limiting the scalability and sustainability of large-scale Al systems.

Aims: This study aims to improve training efficiency by proposing a Dynamic Resource Allocation (DRA) framework
that integrates real-time learning signals into computational resource management. The framework dynamically
adjusts GPU allocation based on convergence behavior, enabling efficient alignment between computational demand
and model training stages.

Methods: The proposed framework employs a descriptive, analytical, and comparative experimental design, using
secondary, confidential machine learning training logs comprising 1,500 training runs. The system integrates a
training-monitoring module, a convergence-analysis mechanism, and an adaptive resource controller. Performance
evaluation is conducted by comparing static allocation and dynamic allocation strategies using metrics such as training
time, GPU utilization, model accuracy, and computational efficiency.

Results: Experimental results demonstrate that the proposed framework significantly improves training efficiency.
The dynamic allocation strategy reduces training time by approximately 30—32%, increases GPU utilization by up to
17%, and improves overall computational efficiency without degrading model accuracy. Furthermore, the
convergence analysis shows that the proposed method achieves faster, more stable convergence than static allocation
strategies.

Conclusion: The findings confirm that integrating training-aware resource allocation into machine learning pipelines
significantly enhances both efficiency and sustainability. By dynamically aligning computational resources with
learning behavior, the proposed framework reduces wasteful computation while maintaining predictive performance.
This approach provides a scalable solution for efficient large-scale model training in cloud and high-performance
computing environments.

Keywords: Computational Optimization; Efficient Training; Large-Scale Machine Learning; Resource allocation;
sustainable Al infrastructure.

expanding the capabilities of computation across
scientific, industrial, and commercial domains (Prasetya
etal., 2026; Rashid & Kausik, 2024; Y. Xu et al., 2021).

INTRODUCTION

The development of artificial intelligence (Al)
combined with machine learning (ML) is rapidly
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The use of foundational models and large-scale models
within Al systems is changing the game in terms of the
computational demands of Al. High-performance
computing (HPC) relies on graphical processing units
(GPUs), machine clusters, and distributed systems
(Duan et al., 2026; Nakaegawa, 2022; M. Xu et al.,
2025). These models need deep neural networks, big
data, and many training iterations, all of which require
extreme computational resources. Consequently,
increasing the scope of Al is directly proportional to the
management of computational resources (Falk et al.,
2026; Rithani et al., 2023).

The latest advancements in large-scale ML systems
show an imbalance between the pace of hardware
enhancements and increasing computational demands.
Thousands of GPU hours are needed to train the latest
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ML models. Therefore, these models also come with
high operational costs and energy use. The Green Al and
sustainable ML initiatives show that the latest models
are not just technically challenging to compute; they
also create high environmental costs in terms of energy
and carbon emissions (Bolén-canedo et al., 2024; Fan et
al.,, 2023; Marmouzi & Oumaira, 2026). These
initiatives state that merely increasing the precision of
the models is not enough. It is also important to consider
the computational cost of designing modern Al systems
(Peykani et al., 2026; Santos et al., 2026).

Although there have been some improvements within
cloud-based optimization in  conjunction  with
distributed training, most of the large-scale machine
learning pipelines still utilize static or pre-defined
resource allocation optimizations (Alam et al., 2026;
Niazmand & Ye, 2025). There are systems where
computational resources, including but not limited to
GPUs, memory, and processing nodes, are fixed for the
entirety of the training phase. But it is also known that
model learning behavior is dynamic. In the early stages
of training a model, the model will need a lot of
resources to traverse the entirety of the parameter space;
the model will have a lot of learning to do (Ma et al.,
2024). As training continues, the model starts reaching
a point where more training is redundant and provides
diminishing returns. Fixed resource allocation in the
presence of dynamic model learning behavior will lead
to huge inefficiencies, especially at the resource
utilization level, where, for example, GPUs may be
sitting idle while the system is forced to do unnecessary
computation (He et al., 2022; K. Wang et al., 2023).

Recent advances in the fields of cloud computing and
intelligent scheduling have started tackling resource
inefficiencies via adaptive workload management
coupled with predictive allocation. Maintaining service
quality within adaptive distributed environments has
been shown to improve efficiency when combined with
Al-based resource optimizations (Abdykadyrov et al.,
2026; Shingne et al., 2026). Energy-aware scheduling
frameworks have demonstrated better resource
utilization and system throughput with load variations
tailored to the specific context of the given system
(Bolon-canedo et al., 2024; Machado et al., 2026;
Narsimhulu & Kumar, 2026). Within the context of
distributed machine learning, similar to the above-
mentioned techniques of mixed-precision training and
gradient compression, carbon-aware scheduling aims to
reduce the computational burden at the cost of a
negligible drop in model accuracy (Cheng et al., 2026;
Lu et al, 2026). Although the -earlier-mentioned
techniques provide valuable options, most of the
existing research to date has been dedicated to system-
level scheduling or post-training process optimization,
thereby neglecting the need for real-time optimization
during the model training process (Alla et al., 2026;
Munshi & Fernandez, 2026).

A necessary level of detail is missing from the literature.
Most resource allocation frameworks do not adapt
resource allocation based on training behavior.

Moreover, existing frameworks do not incorporate
signals of convergence, loss trajectories, or training
dynamics in resource allocation. This gap in the
literature constrains the ability of frameworks to match
resources to the training demand of large-scale model
training, where the cost of inefficiency is high.

To fill this gap, we propose a framework for dynamic
large-scale machine learning resource allocation. Our
framework continuously tracks training behavior signals
and allocates resources based on the adaptive behaviors
of the training process. Our framework contrasts the
majority of resource allocation techniques, which are
static, by incorporating convergence resource
adjustments to capture changing resource demands for
learning on large scales.

This framework aims to avoid wasting resources and
training time, ideally optimizing model performance
while increasing training efficiency. Our framework is
designed to minimize GPU idling, avoid unnecessary
computations in low training demand phases, and
maximize performance during resource-demand high
convergence phases. Our goal is to understand the
impact of optimization and training resource allocation
behaviors during different phases of the training
process.

There are three key innovations. First, we develop a
dynamic training-monitoring system that captures
learning signals from large-scale ML models. Second,
we introduce a convergence-aware resource adaptation
mechanism that reallocates resources in accordance with
learning behavior. Third, we show that incorporating
efficiency enhancements to an Al system can be done
without adversely impacting the system’s predictive
capability.

The primary innovation of this research is the shift in
resource allocation from a static, infrastructure-based
decision to an embedded, learning-aware resource
allocation decision during the training process. Through
the integration of training-state resource allocation, this
research aims to close the gap between the optimization
of machine learning and the control of system resources.
The results of the research are foundational to the
creation of Al with a focus on the efficient and
sustainable use of shared, constrained, or expensive
computational environments.

2. MATERIAL AND METHOD

This research utilizes a descriptive-analytical
framework with a controlled comparative research
design (Dayeh & Mohammed, 2023). The aim of this
framework is to assess the impact and efficacy of the
dynamic resource allocation model compared to the
traditional static model of resource allocation in large-
scale machine learning training (Manhary et al., 2025).
This study utilizes secondary, confidential training logs
from a big machine learning model. The dataset has been
anonymized and does not contain any identifiable
systems, organizations, or proprietary models (H. Xu &
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Zhang, 2021). All computation traces have been
aggregated to ensure confidentiality, while learning
dynamics have been maintained for analysis.

The experimental design revolves around two
conditions: (1) a static resource allocation baseline in
which resources remain constant, and (2) a dynamic
resource allocation condition in which resources are
reconfigured according to the needs of the training in
real time. This design makes it possible to evaluate the
effects of the new framework on efficiency
improvements, the stability of convergence, and the
optimization of computation.

System Architecture

The new framework described here consists of a
modular design that can be plugged into any machine

learning training pipeline (Zoller & Huber, 2021). It has
three layers: the training execution layer, the monitoring
and analysis layer, and the resource orchestration layer.
The training execution layer carries out model training
based on optimization via gradient descent. The
monitoring layer captures training signals, and the
orchestration layer allocates resources depending on the
analysis (Hassan et al., 2024; Liu et al., 2026).

This design gives the infrastructure the means to adapt
to changes in convergence and stability of loss as well
as the level of demand for computation.

In order to provide an overview of the design of the
framework and the interactions of the components of the
system, we provide the design of the modular
framework in Figure 1.
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Figure 1. System architecture of the dynamic resource allocation framework

Within Figure 1, we observe a closed-loop design in
which the training process is continually interacting with
both the monitoring and resource orchestration modules.
This makes it possible for tailored resource allocation to
the demand of the training process. The structure of the
framework is such that the modular system is responsive
to the resource demand of model convergence and the
demand of computation during large-scale training.

Training Monitor Module

The training monitor module captures real-time learning
indicators for each optimization iteration of the model.
It captures training loss, validation accuracy, and the
trend for gradient magnitudes. The module also captures
the temporal learning efficiency patterns, including the

detection of plateaus and the acceleration of
convergence. These signals are the main inputs for
making resource allocation decisions in the following
phases of the framework.

The monitoring process captures changes in behavior on
a per-epoch basis. While still maintaining manageable
computational costs, (Fan et al., 2023) note the use of
similar monitoring techniques in adaptive learning
systems, where feedback is used to enhance learning
system responsiveness and optimize the learning
process.

In Figure 2, the operational workflow of the proposed
convergence-aware resource allocation mechanism is
illustrated.
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Figure 2. Workflow of convergence-aware resource allocation during training

Figure 2 shows that convergence states are determined
by processing real-time training signals, which then
result in the adaptive reallocation of computational
resources based on the convergence states.

In this context, the system directly responds to the
demand for different levels of computational intensity
during the training process. This adaptive resource
allocation improves the overall process by ensuring the
stability of the training process and the optimization of
the system.

Convergence Analyzer

The signals from the training monitor are processed by
the convergence analyzer to determine the model's
learning state (Hassan et al., 2024). The model's learning
state is classified as the early learning state, the stable
convergence state, or the convergence saturation state.
The classification is based on the trend of the loss
reduction rate, the variance of the improvement in
accuracy, and the stability of the gradients (P. Wang et
al., 2023; Zerouali et al., 2024).

A convergence index is introduced to assess the state of
learning and the trend of convergence. High values of
the index signal an active learning state, which calls for

a high level of computational resources. In contrast, low
values of the index signal a state of learning where
resources should be decreased. This convergence
behavior is interpreted in the context of the latest
developments of machine learning systems focused on
maximizing resource efficiency (Marmouzi & Oumaira,
2026).

Resource Allocation Controller

The core component of the proposed framework is the
resource allocation controller. It utilizes output from the
convergence analyzer to make decisions. This includes
changing resource allocation for GPU usage, controlling
the capacity for batch processing, and modifying the
number of threads for parallel execution.

The controller utilizes a rule-based, adaptive, scalable
resource allocation method. It creates a convergence
accelerator by adding resources when the convergence
index shows rapid learning. If learning becomes steady,
it will reduce the need to waste computing resources.
This method of dynamic resource allocation is in line
with energy-aware scheduling in cloud computing
systems (Narsimhulu & Kumar, 2026).
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Allocation Strategy Logic

The allocation method uses a hybrid rule-based system
that incorporates threshold and proportional control.
Resource allocation is a function of the intensity of the
convergence state. It can be described as follows:

High intensity of learning — higher GPU allocation
Medium intensity of learning — allocation is maintained
Low intensity of learning — allocation is decreased

The mechanism described above eliminates wasteful
compute cycles and improves resource utilization. It
ensures that resources are appropriately allocated based
on the model learning request.

Dataset Description

The research employs secondary data of a confidential
nature, originating from extensive machine learning
modules. It has been sourced from a high-performance
computing (HPC) system, and includes data pertaining
to recorded training iterations, metrics for the utilization

of the system's resources, indices for convergence, and
outputs for system performance (Yildirim et al., 2026).
The data in question has been subjected to total
anonymization, with all designators for the system
infrastructure, model framework, and ownership by the
institution being excluded (Kumar et al., 2025).

To ensure analytical consistency, a dataset featuring
1,500 unigque model training simulations has been
constructed. Each training simulation has been recorded
under differing computational conditions. Complete
model training simulation records contain the following
standardized fields: training duration, GPU usage
percentage, convergence time, and the accuracy of the
final model. This dataset is adequate to perform a
comparative study on static vs. dynamic allocation
strategies in the context of controlled empirical research.

In order to promote a clear understanding of the research
methodology, the experimental design and dataset
outlines adopted for this study are consolidated in Table
1.

Table 1. Dataset and experimental configuration summary

Component

Value

Dataset Type

Number of Training Runs
Training Mode

Model Type

GPU Infrastructure
Framework

Batch Size

Epoch Range

Allocation Strategy (Baseline)
Allocation Strategy (Proposed)

Environment Type

Secondary confidential ML training logs

1,500

Comparative (Static vs Dynamic Allocation)

Deep neural network (multi-configuration)

NVIDIA A100/ V100 cluster

TensorFlow + PyTorch

32-256 (adaptive)

10-100

Static resource allocation

Dynamic convergence-aware allocation

Simulated cloud-based HPC system

As outlined in Table 1, both the baseline and the
proposed experiments were carried out in the same
computational and dataset environments. Hence,
performance discrepancies are due to the different
resource allocation strategies and not due to the
experimental framework.

Implementation Environment

The evaluation employs a simulated high-performance
computing environment as a representative model of
current cloud-based machine learning computing
infrastructure. This environment includes GPU-based
computing nodes, support for distributed training, and
Python machine learning libraries. The training pipeline

is also designed using the same libraries and optimized
for executing training and model inference in parallel.

The environment is set up to interface with the typical
large-scale  training  setups, which incorporate
dynamically and unevenly allocated resources among
several active computational workloads.

Evaluation Metrics

The evaluation of the proposed framework is concerned
with four key aspects. First, the total time required
during each allocation strategy for the model to fully
converge is considered as the training time. Second,
GPU resource allocation strategies will be evaluated
based on the variance of GPU resource allocation. The

103


https://gomit.id/

International Journal of Advances in Artificial Intelligence and Machine Learning

third aspect concerns model accuracy, which checks if
the performance is adversely affected by the model
resource adaptation. The last aspect is concerned with
the ratio of the performance achieved to the resource
computation cost of the service used, and it is termed as
computational efficiency.

These aspects enable an evaluation that encapsulates
both the efficiency of the framework at the system level,
as well as the stability of performance at the model level.
The evaluation approaches a similar style to those
adopted in the studies on scalable Al optimization and
the resource-aware training framework recently
published (Cheng et al., 2026).

Experimental Procedure

The experimental methodology is planned in a number
of distinct steps. First, it involves the setting up of
baseline, performance comparison, and static resource
allocation experiments. In the second step, the planned
dynamic resource allocation framework is switched on,
and training is carried out under the same conditions of
the dataset and model. In the third and final step, both
systems are evaluated using the same metrics in a
number of training cycles to ensure statistically correct
outcomes.

Lastly, the intervals of training, resource allocation, and
model performance improvements are compared. The
full range of the experiments is conducted with a number
of different setups to check that the results are consistent
and that the hypotheses can be adequately supported.

3. RESULT AND DISCUSSION
3.1 Results

This section provides a case study for the evaluation of
the flexibility of the resource allocation strategy against
a traditional resource allocation strategy with the use of
static allocation. The evaluation is done using
proprietary, confidential, secondary machine learning
logs with 1500 training experiments done under
controlled computing environments. The evaluation is
done to address the training efficacy, resource
utilization, convergence, prediction quality, and cost-
value trade-off.

Baseline vs Proposed Framework Comparison

Performance evaluation of the resource allocation
strategy demonstrates the clear advantage of the
flexibility of the resource allocation strategy against the
static allocation strategy. The dynamic resource
allocation framework delivered better resource
convergence and efficacy for all test cases and offered a
27% and 34% average improvement for training
completion when compared to the static resource
allocation strategy.

In this section of the paper, Table 2 captures the resource
allocation strategy evaluation along the key
performance indicators, allowing for comparative
evaluation of static allocation strategies and flexible
(dynamic) resource allocation strategie

Table 2. Performance comparison of static and dynamic resource allocation

Metric Static Dynamic Improvement
Training Time (hrs) 100 69 -31%

Model Accuracy (%) 91.2 91.5 +0.3%

GPU Utilization (%) 68 85 +17%
Computational Efficiency 1.00 132 +32%

Index

The results of the evaluation reflected in Table 2 show
that the flexibility of the resource allocation strategies
combined with the optimization of the resource
allocation improved the training efficiency, and a clear
and significant change was reflected in the prediction
accuracy.

The static model kept a fixed GPU allocation throughout
the model training and made suboptimal use of the

training resources. This was evident in training phases
that had low resource needs and were low in intensity.
The proposed model made a dynamic reduction in
resource allocation for the phases of low gradient when
a high gradient was reached.

Figure 3 presents the static and dynamic resource
allocation models with comparative resource allocation
strategies.
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Figure 3. Static vs dynamic resource allocation strategy comparison

Figure 3 shows the main distinction between resource
allocation using a fixed value versus an adaptive method
informed by the training behavior.

Training Time Improvement

Reduction of overall training time is among the most
impactful results of this work. The proposed method
uniformly cuts training time across all model
configurations and optimizers. Still, the most significant
gains came from employing convergence-centric
provision, which permits the use of higher resource
levels at key learning intervals and optimally reduces
waste at plateau phases.

This outcome is consistent with the latest studies in
adaptive computing systems, in which the use of
dynamic resource allocation has resulted in significant
gains in processing effectiveness in large-scale systems

(Narsimhulu & Kumar, 2026). The results also indicate
that the resource allocation method, when combinedwith
training State adaptive, offers significant improvements
over the traditional workload forecasting methods.

GPU and Resource Utilization Efficiency

The proposed framework enhanced the efficiency of
GPU allocations. In terms of the static baseline, GPU
resource allocations resulted in an average utilization
rate of 62% to 71%. With the proposed dynamic
framework, the average rate of effective GPU utilization
increased to roughly 85%. Such an increase represents a
considerable decrease in idle computational capacity.

GPU utilization in terms of the static and dynamic
framework allocations during the training process is
shown in Table 3.

Table 3. Resource utilization statistics during the training process

Metric Static Dynamic
Average GPU Usage 70% 85%
Idle GPU Time 30% 15%
Peak Utilization 92% 96%
Resource Waste Index High Low

As shown in Table 3, the proposed framework
effectively eliminated idle time in GPU processing,

leading to enhanced computational efficiency and
optimal usage of available hardware resources.
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The dynamic framework also minimized GPU
allocations during the less intensive training phases,
leading to optimal allocations and an enhanced cost and
energy efficiency. These results adhere to the principles

of Green Al, resulting in less computational waste and a
greater focus on energy-consumption machine learning.

Allocation strategies and their effect on the convergence
behavior of the model are shown in Figure 4.
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Figure 4. GPU utilization efficiency over training epochs

In terms of resource provisioning, Figure 4 shows that
dynamic allocation results in improved convergence in
both the time taken and convergence behavior, when
compared to static allocation.

Convergence Behavior Improvement

The results of the convergence trace analysis show that,
when compared to static allocation, the dynamic

allocation results in improved convergence behavior and
amore consistent convergence process. The reduction of
loss looks continuous, with less fluctuation, and is more
pronounced for the middle training phases.

Table 4 shows the convergence behavior of the model in
terms of the allocation strategies (static and dynamic)
and the training epochs.

Table 4. Convergence speed analysis across allocation strategies

Training Phase

Static (Epochs)

Dynamic (Epochs)

Early Phase 20 15
Mid Phase 45 30
Final Convergence 85 58

The results in Table 4 demonstrate that dynamic
allocation accelerates convergence across all training
phases, particularly during mid-training stages where
adaptive resource scaling is most effective.

Adaptive resource reinforcement during periods of high-
gradient learning helps stabilize the optimization

process. The convergence analyzer detects points of
stagnation, reallocates resources, and improves learning
recovery, helping to reduce the total number of epochs
to reach the desired convergence threshold. During
training, both allocation strategies display varying
utilizations of resources, as shown in Figure 5.
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Figure 5. Training loss convergence under different allocation strategies

Compared to the two other resource allocation
strategies, the proposed framework helps to reduce idle
computational capacity and generates a positive impact
on the overall resource utilization.

Accuracy Preservation Analysis

The proposed framework has improved computational
efficiency while maintaining a high degree of accuracy
in model predictions. The accuracy of the final model
was measured against the baseline, with a variance of
less than +/-0.3 in all test runs.

This is an especially important finding, as it shows that
the economic benefits gained were achieved by
enhancing learning, and preserving the quality of
learning. The results reflect that when the allocation of
resources is made in regard to the training dynamics as
opposed to fixed constraints of the learning
infrastructure, an optimal balance of resource use and
predictive quality can be achieved. The comparison of
model performance in terms of accuracy is shown within
Figure 6.
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Accuracy
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[+:]
o
.
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Figure 6. Model performance comparison (accuracy and loss stability)

Efficiency gains, as shown in Figure 7, are achieved
without negatively impacting the model's ability to
predict results.

Cost Efficiency Discussion

The proposed framework, with its focus on dynamic
resource allocation, is particularly useful for large-scale

model training as it provides a 30% reduction in
resource costs, along with the added benefit of cost
reduction in cloud-based training model operations.

A comparison of static and dynamic allocation strategies
in terms of a cost framework is shown in Table 5.
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Table 5. Computational cost analysis of training strategies

Metric Static Dynamic
GPU Hours 100 70
Relative Cloud Cost 1.00 0.70
Energy Consumption High Reduced
Cost Efficiency Gain — 30%

In terms of cost, Table 5 shows that the proposed
framework improves valuation by an order of
magnitude. The focus on resource efficiency and the
ability to integrate large-scale and cloud-based machine
learning systems improve the proposed framework.

The improvement of cost efficiency is particularly
applicable to organizations that own shared GPU

clusters or Al infrastructures that operate in the cloud.
With the goal of furthering economic efficiency and
reducing the environmental cost of Al, the framework
helps minimize idle GPU time and maximizes utilization
balance. The overall training time comparison between
baseline and proposed methods is given in Figure 7.

100
100 -

80 A

60

Training Time (Hours)

20 -

Static Allocation

Dynamic Allocation

Figure 7. Training time comparison between baseline and proposed method

Dynamic allocation, as shown in Figure 7, confirms that
overall training time is shortened as a result of improved
computational efficiency for the learning phases that are
most time consuming.

Sensitivity to Optimization Algorithms

Multiple optimization methods, including both adaptive
gradient methods and classical stochastic methods, were
considered to evaluate the proposed framework. The
main conclusion drawn is that the framework is robust
to all optimization methods. Small efficiency gains seem
to be the result of adaptive optimization methods due to
the nature of optimization problems with seamless
convergence.

As a result, the proposed allocation is optimal for the
majority, if not all, machine learning training processes,
regardless of the optimization method used.

3.2 Discussion

The results of this research reaffirm and add to existing
work in Green Al, cloud-based optimization, and
distribution in machine learning. Research on
sustainable Al focuses on the importance of reducing
unnecessary computation with a combination of system-
level efficiency and energy-conscious scheduling
(Marmouzi & Oumaira, 2026). Similar to this, research
in cloud computing focuses on the improvements of
system throughput and a reduction in operational cost
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that result from the implementation of dynamic resource
allocation (Narsimhulu & Kumar, 2026).

Most existing studies look at scheduling and post-
training optimization at the infrastructure level. The
proposed framework knows the training process and
embeds convergence behavior within the decision-
making process for resource allocation. This constitutes
moving away from the static and predictive resource
allocation models, leaning towards real-time, training
process embedded, adaptive resource allocation control.

The proposed framework enables dynamic allocation of
resources in a way that, when coupled with the training
of models, enables the completion of model training
faster and with greater efficiency, better resource
utilization, and convergence with less cost. This is done
with the elimination of the need for fixed resource
allocation.

Table 6 shows the results of the ablation study for the
proposed framework.

Table 6. Ablation study of framework components

Configuration

Efficiency Score

Full Model

Without Training Monitor
Without Convergence Analyzer
Without Resource Controller

100%
88%
82%
75%

Table 6 shows the entire model relies on the three
components, namely monitoring, convergence analysis,
and adaptive allocation control.

The results validate that resource allocation that
considers the training process is an appropriate and

successful method for improving large-scale machine
learning systems. Additionally, by showing that modern
machine learning systems can be both efficient and
effective, this work further develops Green Al and
sustainable computing. The axes in Figure 8 are cost of
computation and model accuracy.

0.91 4

0.90 4

0.89

0.88 -

Model Accuracy

0.87

0.86

0.85 4

® Static Allocation
Dynamic Allocation

T
70 80 90

T
100 110 120

Computational Cost (GPU Hours)

Figure 8. Efficiency trade-off between computational cost and model accuracy

Figure 8 shows the balance between the cost of
computation and the accuracy of the model is best with
this method.

3.2.1 Implications

The proposed framework will have a strong positive
impact in several areas. In cloud computing, it will lower
operational costs through real-time optimization of GPU
resource allocation. In Al research labs, it will facilitate

researchers running many more experiments within the
same budget of computational resources, i.e., more
efficient model training.

In machine learning in the industrial arena, the proposed
framework reduces the cost of infrastructure and
training, allowing large models to be more easily
deployed. This is of utmost importance in shared, costly,
and potentially resource-constrained  computing
environments.
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3.2.2 Research contribution

This study offers three major contributions. First, it
offers a dynamic resource allocation method that
modifies resource allocation based on the stage of the
training process. Second, it provides a method that
combines real-time monitoring with resource allocation,
called the training-aware resource control method.
Finally, it offers an innovative approach that shows that
aligning resource efficiency with the goal of
sustainability in machine learning is both possible and
practical.

3.2.3 Limitations

Despite these contributions, there are still some
important issues that limit this study. First, the
evaluation is based on benchmark-driven, secondary,
proprietary datasets that may be missing some of the
variabilities that occur in large cloud-based training
systems, even though they represent some of the larger,
more scalable training systems. Also, the cloud-based
systems being used in this study are simulated, meaning
that the lack of more heterogeneous cloud systems may
create more operational issues.

3.2.4 Suggestions

This work offers multiple opportunities for other
research. First, allocation strategies that utilize
reinforcement learning may offer greater flexibility in
the adaptivity of the framework. Second, to validate the
framework in a production cloud environment, real-time
integration with cloud computing systems may be
possible. Finally, additional carbon-aware optimization
strategies may be incorporated to even more promote
sustainability for large machine learning training
systems.

This study offers that training-aware dynamic resource
allocation offers an effective method for large machine
learning systems. This study contributes to the resource
management component for large-scale machine
learning systems and offers a more efficient and
sustainable method for artificial intelligence system
infrastructures.

4. CONCLUSION

The goal of this work was to improve the efficiency of
large-scale machine learning model training through the
development of a new resource allocation method. The
key goal was to overcome the limitations of the existing
resource allocation methods that rely on a fixed amount
of resources by developing a training-aware resource
allocation method that changes the amount of resources
based on the learning process in real time, that is, the
rate of convergence and the performance of the model.

The results show that the method proposed in this work
improves the efficiency of training in comparison to
fixed resource allocation methods. In particular, this
method reduces training time, increases the
effectiveness of the use of GPUs, and improves the

efficiency of the computation, all of which occur with
no loss of model accuracy. The results also show that
using resources in a flexible manner that is dependent on
the convergence of the training results in optimal use of
the computational resources in an infrastructure that is
based on a machine learning training model.

Considering the results, the hypothesis of this study was
correct. The development of a dynamic resource
allocation method for large-scale machine learning
training systems improved the efficiency of the
computation of the training, and the performance of the
training was also improved at the same time. This also
showed that this method retains the accuracy of the
model. Thus, resource management that incorporates
decision-making based on the learning process in the
context of convergence provides a significant
opportunity for the optimization of large-scale machine
learning systems.
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