© MAY 2026 | IRE Journals | Volume 9 Issue 11 | ISSN: 2456-8880
DOI: https://doi.org/10.64388/IREV9I11-1718503

Dynamic LoRA Rank Selection for Parameter-Efficient

Fine-Tuning Under Memory-Constrained Environments

SIDDHARTHA GOOLA!, C. AKHILA KRISHNAN?
.2 Department of Computer Science and Engineering, Aurora Deemed to be University, Hyderabad,

Abstract- Large Language Models (LLMs) have achieved
performance Natural
Language Processing (NLP) tasks; however, fine-tuning
these models requires significant computational resources
and memory. Parameter-Efficient Fine-Tuning (PEFT)
techniques such as Low-Rank Adaptation (LoRA) reduce
training costs by updating only a small number of

remarkable across various

parameters. Traditional LoRA approaches generally use a
fixed rank value throughout training, which may lead to
inefficient memory utilization and suboptimal model
performance in memory-constrained environments. This
paper proposes a Dynamic LoRA Rank Selection
approach that adaptively adjusts the rank during fine-
tuning based on memory availability, model complexity,
and task requirements. The proposed method aims to
improve training efficiency while maintaining model
accuracy and reducing computational overhead.
Experimental analysis demonstrates that dynamic rank
adaptation can achieve better resource utilization and
comparable performance when compared to static-rank
LoRA methods. The proposed approach is especially
beneficial for edge devices, low-resource systems, and
environments with limited GPU memory, enabling
efficient deployment of large-scale Al models with

reduced hardware requirements.

Index Terms- Dynamic Rank Selection, Large Language
Models, Low-Rank Adaptation (LoRA), Memory-
Constrained Environments, Parameter-Efficient Fine-
Tuning (PEFT)

L INTRODUCTION

The rapid advancement of Large Language Models
(LLMs) and deep learning technologies has
significantly transformed the field of Artificial
Intelligence (AI) and Natural Language Processing
(NLP). Modern Al systems are capable of performing
complex tasks such as text generation,
summarization, translation, coding assistance, and
conversational
However, these

reasoning with high
contain  billions

accuracy.

models of
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parameters, making their training and fine-tuning
computationally expensive and memory intensive [1,
2].

Traditional fine-tuning approaches require updating
all model parameters, demanding high GPU memory,
increased computational power, and longer training
durations. Such requirements limit the deployment of
advanced Al models on edge devices, low-resource
systems, and memory-constrained environments. As
the adoption of Al applications continues to grow
across industries, the need for efficient and scalable
fine-tuning techniques has become
important [2, 3].

increasingly

Parameter-Efficient Fine-Tuning (PEFT) methods
have emerged as effective solutions to reduce the
computational burden of adapting large models.
Among methods, Low-Rank Adaptation
(LoRA) has gained significant attention because it
fine-tunes only a small subset of trainable parameters
while keeping the original model weights frozen.
This approach substantially reduces memory
consumption and training costs while maintaining

these

competitive model performance [3, 4].

Despite its advantages, conventional LoRA
approaches generally rely on fixed rank values
throughout the training process. Static rank allocation
may lead to inefficient memory utilization because
different layers and tasks often require different
adaptation capacities. A low fixed rank can reduce
model accuracy, whereas a high fixed rank may
increase memory usage beyond hardware limitations.
Consequently, static-rank LoRA methods may not
provide an optimal balance between performance and
resource  efficiency memory-constrained

environments [4, 5].

in
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Recent research has explored adaptive and dynamic
optimization strategies for efficient Al training.
Dynamic parameter allocation techniques have
shown potential in improving resource utilization and
reducing computational overhead. However, limited
research has focused specifically on dynamic rank
adaptation in LoRA-based fine-tuning systems under
constrained hardware settings [5, 6].

To address these challenges, this paper proposes a
Dynamic LoRA Rank Selection approach for
parameter-efficient  fine-tuning in  memory-
constrained environments. The proposed method
dynamically adjusts LoRA rank wvalues during
training based on memory availability, task
complexity, and model learning requirements. This
adaptive mechanism aims to improve training
efficiency, optimize memory utilization, and maintain
model accuracy while reducing computational costs.

Specifically, this paper aims to:

1. Analyze the limitations of static-rank LoRA
methods in memory-constrained environments.

2. Explore dynamic rank adaptation techniques for
parameter-efficient fine-tuning.

3. Evaluate the impact of dynamic rank selection on
memory usage, computational efficiency, and
model performance.

4. Compare the proposed approach with traditional
fixed-rank LoRA methods.

5. Identify future research opportunities for adaptive
fine-tuning techniques in large-scale Al systems.

This research is guided by the following research
questions:

RQIl: How does dynamic LoRA rank selection
improve memory efficiency during fine-tuning of
Large Language Models?

RQ2: What is the impact of adaptive rank selection
on model accuracy and computational performance?
RQ3: How effective is dynamic rank adaptation
compared to traditional static-rank LoRA methods in
resource-constrained environments?

RQ4: Which factors influence the optimal rank
selection strategy during parameter-efficient fine-
tuning?

RQ5: What future improvements can enhance
adaptive LoRA-based fine-tuning frameworks for
scalable Al deployment?
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II. LITERATURE REVIEW

A. Evolution of Parameter-Efficient Fine-Tuning
Initially, fine-tuning Large Language Models (LLMs)
required updating all model parameters, demanding
extensive computational resources, high GPU
memory, and long training durations. Traditional full
fine-tuning methods, although effective, are
expensive and difficult to deploy in low-resource
environments. As Al models continued to grow in
size and complexity, researchers began exploring
efficient alternatives that could reduce training costs
while preserving model performance [1], [2].

The development of Parameter-Efficient Fine-Tuning
(PEFT) methods significantly changed the approach
to adapting large Al models. Techniques such as
adapters, prompt tuning, prefix tuning, and Low-
Rank Adaptation (LoRA) enabled models to learn
task-specific information by modifying only a small
subset of parameters instead of retraining the entire
network. Among these approaches, LoRA became
highly popular because it injects trainable low-rank
matrices into transformer layers while keeping the
original weights frozen, thereby reducing memory
usage and computational overhead [3], [4].

Recent studies have demonstrated that LoRA-based
fine-tuning achieves performance comparable to full
fine-tuning while using significantly fewer trainable
parameters. These improvements have made LLM
deployment more practical for edge devices,
academic research environments, and organizations
with  limited hardware resources [4], [5].
Furthermore, researchers have explored quantization-
aware LoRA, sparse adaptation methods, and hybrid
PEFT techniques to further optimize memory
efficiency and scalability [6].

Despite  these  advancements, most LoRA
implementations still rely on static rank allocation.
Fixed-rank configurations may not effectively utilize
available memory because different layers and tasks
often require varying adaptation capacities.
Consequently, researchers have started investigating
adaptive optimization techniques that dynamically
allocate resources during training to improve
efficiency and model performance [5], [7].
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B. Dynamic LoRA Rank Selection

Dynamic LoRA Rank Selection is an emerging
research area aimed at improving the efficiency of
parameter-efficient  fine-tuning in  memory-
constrained environments. Instead of using a fixed
rank throughout the training process, dynamic rank
selection adjusts the LoRA rank based on factors
such as layer importance, memory availability,
training progress, and task complexity [7], [8].

Recent studies suggest that adaptive rank allocation
can improve resource utilization by assigning higher
ranks to critical layers and lower ranks to less
significant layers. This dynamic approach helps
balance memory consumption and model accuracy
more effectively than static-rank methods [8], [9].
Researchers have also explored optimization
strategies that monitor gradient importance,
activation sensitivity, and parameter contribution
during training to determine optimal rank values
dynamically [9].

Dynamic rank adaptation is especially beneficial for
low-resource systems and edge Al deployments
where GPU memory and computational power are
limited. By reducing unnecessary parameter updates,
adaptive LoRA methods can lower training costs,
improve scalability, and support efficient deployment
of large-scale Al models in constrained environments

(71, [10].

However, implementing dynamic rank selection
introduces several challenges. Determining optimal
adaptation criteria, avoiding training instability, and
maintaining consistent model performance across
different tasks remain open research problems. In
addition, dynamic rank adjustment mechanisms may
increase  algorithmic complexity and require
additional monitoring during fine-tuning [8], [10].

C. Performance and Memory Efficiency Challenges
The effectiveness of LoRA-based fine-tuning largely
depends on achieving a balance between memory
efficiency and model performance. Although LoRA
reduces the number of trainable parameters,
inappropriate rank selection may still result in
inefficient resource utilization or degraded model
accuracy [4], [7].
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Low-rank configurations may limit the model’s
ability to learn task-specific representations, leading
to reduced accuracy and generalization capability.
Conversely, higher-rank configurations improve
learning capacity but increase GPU memory
consumption and computational overhead. Research
has shown that optimal rank values often vary across
layers, datasets, and application domains, making
fixed-rank approaches less effective for generalized
deployment scenarios [5], [9].

Another significant challenge involves training
stability and scalability. Dynamic adaptation
strategies require continuous monitoring of training
behavior, memory usage, and parameter importance.
In large-scale LLMs, these monitoring operations
may introduce additional computational complexity
and synchronization overhead [8], [10].

Researchers have also identified challenges related to
reproducibility and evaluation consistency in
adaptive fine-tuning systems. Variations in hardware
configurations, benchmark datasets, and optimization
strategies may affect the reliability of performance
comparisons between static and dynamic LoRA
methods [6], [10].

D. Future Scope of Adaptive Fine-Tuning

Recent advancements indicate that adaptive
parameter-efficient fine-tuning techniques will play
an important role in the future of scalable Al systems.
Dynamic LoRA Rank Selection has the potential to
improve training efficiency, reduce hardware
requirements, and enable broader accessibility of
LLM technologies across industries [7], [10].

Future research may focus on integrating
reinforcement  learning,  neural
optimization, and automated resource management
techniques into dynamic rank adaptation frameworks.
Researchers are also exploring hardware-aware
optimization methods that can automatically adjust
fine-tuning strategies based on real-time device

architecture

capabilities and workload requirements [8], [10].

In addition, combining dynamic rank selection with
model quantization, pruning, and sparse computation
techniques may further enhance memory efficiency
and energy optimization for AI deployment on
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mobile devices and edge computing systems. Human-
in-the-loop optimization and explainable adaptive
training mechanisms may also improve transparency
and trustworthiness in future Al fine-tuning
frameworks [6], [9].

Overall, the reviewed literature suggests that
Dynamic LoRA Rank Selection represents a
promising direction for achieving efficient and
scalable parameter-efficient fine-tuning in memory-
constrained environments. Continued research in
adaptive optimization strategies will be essential for
supporting the next generation of lightweight and
resource-aware Al systems.

III. METHODOLOGY

The methodology adopted for this research on
Dynamic LoRA Rank Selection for Parameter-
Efficient Fine-Tuning Under Memory-Constrained
Environments is based on a structured experimental
and literature-driven  approach.  The  study
systematically investigates existing Parameter-
Efficient Fine-Tuning (PEFT) techniques,
particularly Low-Rank Adaptation (LoRA), to
analyze their limitations in memory-constrained
systems and evaluate the effectiveness of dynamic
rank adaptation strategies. The methodology focuses
on identifying optimization techniques that improve
memory efficiency, computational performance, and
model accuracy during fine-tuning of Large
Language Models (LLMs).

A. Literature Sources

Research papers and technical resources were
collected from major scientific databases and digital
libraries including IEEE Xplore, ACM Digital
Library, SpringerLink, ScienceDirect, arXiv, and
Google Scholar. These sources were selected because
they provide high-quality peer-reviewed publications
related to Artificial Intelligence, Natural Language
Processing, Large Language Models, and efficient
deep learning optimization techniques.

The collected literature mainly focused on:
1. Parameter-Efficient Fine-Tuning (PEFT)
2. Low-Rank Adaptation (LoRA)

3. Dynamic optimization techniques

4. Memory-efficient Al training
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5. Adaptive neural network optimization
6. Large Language Model fine-tuning

B. Search Strategy

The literature survey was conducted using

combinations of keywords related to LoRA

optimization,  adaptive  fine-tuning, = memory

efficiency, and large-scale Al systems. Example

search queries include:

1. Dynamic LoRA Rank Selection

2. Parameter-Efficient Fine-Tuning using LoRA

3. Memory-efficient fine-tuning for Large Language
Models

4. Adaptive rank optimization in transformer models

5. Low-Rank Adaptation for resource-constrained
systems

6. Dynamic parameter allocation in deep learning

7. Efficient LLM fine-tuning under limited GPU
memory

The study primarily focused on research papers
published between 2022 and 2026 because recent
advancements in Large Language Models and
generative Al significantly accelerated research in
efficient fine-tuning techniques and adaptive
optimization methods.

m =

Fig 1: Proposed methodology and research workflow
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C. Inclusion Criteria

Research papers were included in the study if they

satisfied the following conditions:

1. Published in peer-reviewed journals, conferences,
or reputed preprint repositories.

2. Related to LoRA, PEFT, adaptive fine-tuning, or
memory-efficient Al training.

3. Included experimental evaluation or technical
implementation details.

4. Focused on optimization techniques for Large
Language Models or transformer architectures.

5. Written in English.

6. Contained relevant performance, memory, or
computational analysis.

D. Exclusion Criteria

Research papers were excluded if they:

1. Were duplicate studies.

2. Focused only on traditional full fine-tuning
without PEFT methods.

3. Did not include experimental or technical
validation.

4. Were opinion articles, blogs, editorials, or non-
peer-reviewed content.

5. Were unrelated to memory optimization or
adaptive rank selection techniques.

E. Experimental Design and Analysis

The selected studies were analyzed to identify
existing approaches for LoRA-based fine-tuning and
adaptive parameter optimization. Based on the
collected literature and experimental observations,
the proposed Dynamic LoRA Rank Selection
framework was conceptually designed to dynamically
adjust rank values during training according to
memory availability, task complexity, and model
learning behavior.

The following parameters were considered during
analysis:

GPU memory utilization

Computational overhead

Training efficiency

Model accuracy and loss performance

Rank adaptation strategies

Scalability across transformer layers

AN i
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The research analysis was divided into four major

categories:

1. Static LoRA fine-tuning methods

2. Dynamic rank adaptation techniques

3. Memory and computational efficiency analysis

4. Performance comparison between static and
adaptive approaches

The analyzed studies were compared to identify
common limitations, research gaps, optimization
challenges, and future directions for adaptive
parameter-efficient fine-tuning systems. The findings
from this methodology provide a foundation for
developing scalable and memory-efficient Al training
frameworks suitable for constrained hardware
environments.

Iv. RESULTS AND ANALYSIS

A. Comparative Analysis of Existing Fine-Tuning
Approaches

The reviewed literature indicates that Parameter-
Efficient Fine-Tuning (PEFT) techniques have
significantly reduced the computational requirements
of fine-tuning Large Language Models (LLMs).
Among the various PEFT methods, Low-Rank
Adaptation (LoRA) has emerged as one of the most
effective approaches because it minimizes trainable
parameters while maintaining competitive model
performance [1], [2].

Recent  studies  demonstrate  that  adaptive
optimization techniques can further improve LoRA
efficiency by dynamically allocating computational
resources during training. Dynamic rank adaptation
approaches have shown better memory utilization
and scalability = compared  to
configurations, especially in memory-constrained
environments [3], [4].

static-rank

Table I. Comparative Summary of Reviewed Studies

Ref ' Focus Area Strengths Limitations

[1] Parameter- Reduced Limited
Efficient trainable adaptability
Fine-Tuning parameters

[2] Low-Rank Lower Fixed-rank
Adaptation memory dependency
(LoRA) consumption
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[3] Dynamic Improved Increased
Rank resource algorithm
Optimization  allocation complexity

[4] = Adaptive Better Training
Transformer scalability instability
Fine-Tuning

[5] Memory- Reduced Performance
Efficient GPU trade-offs
LLM requirements
Training

[6] @ Quantized Faster Accuracy
LoRA inference degradation
Techniques

[7]  Dynamic Efficient Limited
Parameter layer-wise benchmark
Allocation optimization  evaluation

[8] ' Adaptive Enhanced High
PEFT flexibility monitoring
Frameworks overhead

The comparative a\nalysis suggests that dynamic
rank adaptation methods provide better flexibility and
resource optimization than traditional fixed-rank
LoRA approaches. However, challenges related to
training stability, evaluation consistency, and
adaptive optimization remain important research
concerns [3], [7].

B. Memory Efficiency Analysis

One of the major findings from the reviewed studies
is that dynamic LoRA rank selection can significantly
improve memory utilization during fine-tuning.
Traditional full fine-tuning methods require updating
billions of parameters, leading to high GPU memory
consumption and increased computational costs [1],

[5].

Static-rank LoRA methods reduce memory usage by
updating only low-rank matrices, but they still
allocate fixed adaptation capacity across all
transformer layers regardless of actual layer
importance. This often results in inefficient resource
utilization [2], [4].

Dynamic rank selection approaches address this
limitation by allocating higher ranks to critical layers
and lower ranks to less significant layers during
training. Experimental observations from existing

IRE 1718503
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studies indicate that adaptive rank allocation can
reduce unnecessary parameter updates and optimize
GPU memory usage more effectively [3], [7].

The findings also show that dynamic rank adaptation
is especially beneficial for:

1. Edge Al devices

2. Low-memory GPU systems

3. Mobile Al deployment

4. Resource-constrained cloud environments

Overall, adaptive LoRA techniques improve
scalability while maintaining competitive fine-tuning
performance under limited hardware resources [5],

[8].

C. Performance Analysis

The reviewed studies reveal that model accuracy and
computational efficiency are strongly influenced by
LoRA rank selection strategies. Low fixed-rank
values often reduce learning capacity, resulting in
lower task accuracy and weaker generalization
performance [2], [6].

Conversely, higher fixed-rank values improve
representation  learning  but memory
consumption and training overhead. Dynamic LoRA
rank selection attempts to balance these trade-offs by
continuously adjusting rank values according to
training requirements and layer importance [3], [4].

increase

Research findings indicate that adaptive rank

optimization can achieve:

1. Faster convergence during training

2. Reduced computational overhead

3. Improved parameter utilization

4. Comparable or improved model accuracy relative
to static-rank methods

However, several studies also report that frequent
rank adjustments may introduce optimization
instability and additional monitoring complexity
during large-scale training processes [4], [7].

D. Identified Research Gaps

Based on the reviewed studies, several important
research gaps remain in Dynamic LoRA Rank
Selection and  parameter-efficient  fine-tuning
research:
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1. Lack of standardized evaluation benchmarks for
adaptive LoRA methods.

2. Limited real-world deployment studies in large-
scale production environments.

3. Insufficient explainability regarding adaptive rank
allocation decisions.

4. Limited research on hardware-aware dynamic
fine-tuning frameworks.

5. Lack of unified optimization strategies across
different transformer architectures.

These gaps indicate that further research is required
to develop reliable, scalable, and interpretable
adaptive fine-tuning systems for next-generation Al
models.

Table II. Research Gaps and Future Opportunities
Research Gap Future Direction
Lack of standardized Develop common
evaluation metrics benchmarking frameworks

Limited  real-world Conduct industry-scale

deployment studies experimentation

Insufficient Integrate explainable

explainability adaptive optimization
techniques

Hardware-aware Develop device-specific

optimization adaptive frameworks

limitations

Scalability challenges Improve distributed

in large LLMs adaptive fine-tuning

methods

E. Overall Findings

The overall findings from this research indicate that
Dynamic LoRA Rank Selection is a promising
approach for improving parameter-efficient fine-
tuning in  memory-constrained  environments.
Compared to conventional static-rank LoRA
methods, adaptive rank optimization provides better
memory efficiency, improved scalability, and more
effective resource utilization while maintaining
competitive model performance.

The study also highlights that future advancements in
adaptive optimization, hardware-aware training, and
explainable Al techniques will play an important role
in enabling efficient deployment of large-scale Al
systems on constrained computing platforms.
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V. FUTURE RESEARCH DIRECTIONS

The findings of this research indicate that Dynamic
LoRA Rank Selection provides a promising solution
for improving parameter-efficient fine-tuning in
memory-constrained environments. However, several
technical  challenges related to  scalability,
optimization, stability, and adaptability still remain
unresolved. The identified research gaps highlight
multiple opportunities for future investigation in
adaptive fine-tuning and efficient Large Language
Model (LLM) optimization.

A. Explainable Adaptive Rank Selection

One of the major limitations of current adaptive fine-
tuning systems is the lack of transparency in how
rank values are dynamically selected during training.
Most existing approaches behave as black-box
optimization systems, making it difficult to
understand why certain layers receive higher or lower
rank allocations. Future research should focus on
developing Explainable Al (XAI) techniques that can
clearly justify adaptive rank decisions and provide
interpretable insights into model optimization
behavior. Improved explainability would increase
trustworthiness and facilitate easier debugging and
validation of adaptive fine-tuning systems [5] [8].

B. Standardized Benchmarking Frameworks

Existing studies use different datasets, hardware
configurations, evaluation metrics, and training
methodologies ~ when  assessing  LoRA-based
optimization techniques. This lack of standardization
makes it difficult to objectively compare adaptive and
static-rank approaches. Future work should focus on
designing unified benchmarking frameworks that
evaluate memory  efficiency, = computational
performance, scalability, convergence speed, and
model accuracy across multiple transformer
architectures and application domains [1] [6].

C. Hardware-Aware Adaptive Fine-Tuning

Current adaptive LoRA methods generally do not
fully consider real-time hardware limitations during
optimization. Future research should investigate
hardware-aware dynamic fine-tuning frameworks
capable of automatically adjusting LoRA rank values
according to GPU memory availability, processing
capability, power consumption, and system
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workload. Such adaptive mechanisms would improve
deployment efficiency on edge devices, mobile
systems, and low-resource computing environments

[31171.

D. Integration with Quantization and Model
Compression

Dynamic LoRA Rank Selection can be further
improved by integrating it with advanced
optimization methods such as quantization, pruning,
sparse computation, and model compression
techniques. Combining these approaches may
significantly =~ reduce = memory  usage and
computational overhead while maintaining high
model performance. Future studies should explore
hybrid optimization frameworks that jointly optimize
parameter efficiency, inference speed, and energy
consumption for large-scale Al deployment [4] [9].

E. Stability and Scalability of Adaptive Optimization
Although dynamic rank adaptation improves
flexibility and memory utilization, frequent rank
adjustments may introduce optimization instability
during large-scale training. Future work should focus
on developing stable adaptive optimization
algorithms capable of handling extremely large
transformer models without degrading convergence
behavior or training consistency. Research should
also investigate distributed adaptive fine-tuning
techniques for scalable multi-GPU and cloud-based
Al systems [2] [10].

F. Automated Intelligent Rank Allocation

Current adaptive rank selection approaches often rely
on predefined heuristics or manually designed
optimization criteria. Future research may explore
reinforcement learning, neural architecture search,
and self-optimizing Al systems that can
automatically determine optimal rank allocation
strategies during training. Intelligent automation
could improve efficiency while reducing the need for
manual hyperparameter tuning in parameter-efficient
fine-tuning frameworks [7] [10].

G. Trustworthy and Energy-Efficient Al Systems

As Al systems continue to expand into real-world
applications, future research should also focus on
developing trustworthy, secure, and energy-efficient
adaptive fine-tuning methods. Research efforts
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should investigate reliability, robustness, fairness,
and sustainability aspects of adaptive LoRA
optimization to support responsible deployment of
Large Language Models across diverse industries and
constrained computational environments [5] [8].

VL CONCLUSION

Dynamic LoRA Rank Selection has emerged as a
promising approach for improving Parameter-
Efficient Fine-Tuning (PEFT) in Large Language
Models (LLMs), particularly in memory-constrained
environments. Recent advancements in Low-Rank
Adaptation ~ (LoRA), adaptive optimization
techniques, and efficient transformer training have
made it possible to reduce computational costs, lower
GPU memory consumption, and maintain
competitive model performance during fine-tuning.
These capabilities are highly beneficial for scalable
Al deployment across edge devices, low-resource
systems, and resource-constrained computing
environments.

However, the findings of this research indicate that
several important challenges still remain in adaptive
LoRA-based fine-tuning systems. Traditional static-
rank LoRA methods often suffer from inefficient
memory utilization and limited flexibility, while
dynamic rank adaptation techniques may introduce
optimization instability, monitoring overhead, and
increased algorithmic complexity. Issues related to
scalability, reproducibility, evaluation consistency,
and explainability also affect the reliability and
practical deployment of adaptive fine-tuning
frameworks.

The study further identified important research gaps
including the lack of standardized benchmarking
frameworks, insufficient real-world deployment
studies, limited explainability in adaptive rank
allocation, and  inadequate = hardware-aware
optimization techniques. These limitations highlight
the need for more reliable, interpretable, and scalable
adaptive fine-tuning solutions for next-generation Al
systems.

Future research should focus on explainable adaptive
optimization, standardized evaluation methodologies,
intelligent automated rank allocation, hardware-
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aware fine-tuning, and integration with quantization
and model compression techniques. In addition,
stable distributed optimization frameworks and
energy-efficient adaptive training systems will play a
major role in enabling efficient deployment of large-
scale Al models across diverse computational
platforms.

Overall, Dynamic LoRA Rank Selection represents
an important step toward building efficient, scalable,
and resource-aware Al fine-tuning systems. By
improving memory efficiency, reducing
computational overhead, and enabling adaptive
parameter optimization, future advancements in this
field can significantly contribute to the broader
accessibility and practical deployment of Large
Language Models in real-world applications.
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