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ABSTRACT
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Cloud-based machine learning has emerged as a promising approach for automating
software requirements classification. In most cases, however, fine-tuning transformer-based
models is an expensive process that requires substantial computing resources and costs in
production in cloud-based systems. This study proposes a cost- efficient performance
evaluation framework for cloud-based software requirements classification using
parameter-efficient fine-tuning techniques. The framework assesses both classification
accuracy and cloud resource efficiency. This study evaluates the performance of Full
Fine-Tuning (FFT), Adapter-Based Fine-Tuning and Low-Rank Adaptation (LoRA) under
identical cloud deployment conditions using BERT-base model in a GPU-based
environment. In the adopted BERT-base configuration, only 0.8% of the total parameters
are modified with LoRA while 3.9% are modified with adapter-based tuning. The results
further show that these techniques decrease training cost, GPU memory consumption and
computational overhead by over 50% and maintain almost the same prediction performance.
The accuracy difference between different experiments is within 1%. Owerall, the results
indicate that parameter-efficient fine-tuning provides a scalable, cost-effective and feasible
solution to deploy an industrial-scale software requirements classification system in cloud
environment.

ABBREVIATIONS PEFT  Parameter-Efficient Fine-Tuning
FFT Full Fine-Tuning GPU  Graphics Processing Unit

ABFT  Adapter-Based Fine-Tuning NLP  Natural Language Processing
LoRA  Low-Rank Adaptation NICE  Non Functional Identification and
BERT  Bidirectional Encoder Representations from Classification Engineering

Transformers
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1. INTRODUCTION

Software requirement classification is a fundamental
task in requirements engineering, enabling automated
identification of functional and non-functional
requirements, quality attributes, and system constraints.
As modern software projects generate large volumes of
natural-language requirements, accurate automated
classification is essential for improving development
efficiency, traceability, and requirement consistency.
Recent advances in transformer-based language models,
particularly BERT and its variants, have significantly
improved performance in requirement classification by
capturing contextual semantics beyond traditional
machine-learning approaches such as Support Vector
Machines and Random Forests [1]-[3]. However, these
models typically rely on full parameter fine-tuning,
which updates hundreds of millions of parameters and
results in high computational cost, large memory
consumption, and prolonged training time, factors that
become critical in cloud-based deployments due to GPU
pricing and scalability constraints [2], [4].

PEFT has emerged as an alternative adaptation
strategy in which most pretrained weights remain frozen
while only a small subset of task-specific parameters is
trained [3], [5], [6]. Methods such as LoRA learn
low-rank weight updates, whereas adapter-based
approaches introduce lightweight trainable modules
within transformer layers [6]-[8]. These techniques
substantially reduce training overhead while preserving
predictive capability across many NLP tasks.

Despite their success in general NLP applications, the
adoption of PEFT in software requirements engineering
remains limited. Existing requirement classification
studies primarily focus on predictive accuracy and rarely
examine deployment feasibility or operational cost in
[9]-[12],[19]. In

evaluation of the

cloud environments particular,

systematic trade-off between
classification performance and resource utilization such
as training time, memory footprint, and compute cost
has not been sufficiently explored in the software
engineering literature [13], [14].
To address this gap, this
deployment-oriented  comparison  of

work presents a
fine-tuning
strategies under controlled cloud infrastructure. The
study evaluates both predictive performance and
economic efficiency by

analyzing computational

resource usage alongside classification accuracy.

The main contributions of this paper are:

1. To design and implement a cost- efficient

performance evaluation framework for cloud based

software  requirements  classification  using
parameter efficient fine tuning.

2. To

Adapter-Based Fine-Tuning, and LoRA in terms of

evaluate and compare Full Fine-Tuning,

predictive performance and cloud resource
efficiency.

3. To analyze the trade-off between cloud cost and
accuracy.

The remainder of this paper is organized as follows:
Section 2 presents related work, Section 3 describes the
methodology, Section 4 explains the experimental setup,
Section 5 presents the results and discussion and Section

6 concludes the paper.

II. RELATED WORKS
A. Existing Studies

The classification of requirements into functional
requirements (FRs) and non-functional requirements
(NFRs) is a basic requirement engineering problem that
involves the automatic classification of software
requirements. In the early studies, the requirement
classification was performed using traditional Machine
learning and handcrafted linguistic features, statistical
representations, and rule-based techniques [12] and [13]
and [17]. While these techniques were able to minimize
manual work, they did not perform well with respect to
the ability to capture semantic meaning in a context,
which led to

heterogeneous software projects.

sub-optimal generalization across
As a result of the deep learning development, a
number of researchers turned to using neural network
architectures, as well as language models based on
transformers, for software requirement analysis.
Contextual representations of requirement statements
were used to improve classification accuracy using
models like BERT and its variants [1, 3, 5]. Such methods
proved to be effective in capturing the semantic
dependencies and domain-specific terminology,
resulting in improved discrimination between functional
and non-functional requirements.
studies,

concentrated mainly on achieving best predictive

Most of the previous however, have

performance via the FFT approach, where all the model
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parameters are fine-tuned in the training process.
Although FFT has a high accuracy of classification, it has
high requirements for computing resources, memory,
and training time, and it is difficult to be applied in
practical applications in resource-limited environments.

The challenges have led to the development of
techniques for NLP that focus on overcoming these
issues, such as PEFT. Adapter-based methods like
Adapters and LoRA only modify a few parameters in the
model while preserving the rest of the model weights to
remain unchanged [2]-[9]. These methods significantly
lower the storage space and complexity of training,
while retaining competitive predictive accuracy. In
particular, LoRA has become a popular choice because it
offers a good balance between efficiency and accuracy,
while Adapter-based methods
learning and multi-task applications [3], [6-7], [14].

enable incremental

B.Comparative Analysis of Previous Approaches

Table 1 summarizes the major approaches reported in
the

transformer fine-tuning.

literature for requirement classification and

Table I: Comparative Analysis of Previous Approaches

Approach Reference Advantages Limitations
Traditional [12],[13], Simple Limited
Machine [17] implementation, semantic
Learning low understanding
computational and poor
requirements generalization
Deep [1],[5] Improved feature | Require large
Learning extraction and | training
Models classification datasets and
performance computational
resources
Transformer [11,13],[5] State-of-the-art High memory
Models with predictive usage, long
FFT accuracy and | training time,
contextual and large
understanding storage
requirements
Adapter- [6],[8],[14] Reduced trainable | Additional
Based PEFT parameters and | adapter
modular modules may
adaptation increase
inference
complexity
LoRA-Based [3],[7],[13] Significant Performance
PEFT reduction in | may vary
trainable depending on
parameters with | rank selection
minimal and task
performance loss | characteristics

The
transformer-based models achieve better
tasks

that the

results than

comparative  analysis  shows

traditional methods across all related to
requirement classification; however, the majority of
studies focus on predictive metrics such as accuracy,
precision, recall, and F1-score. Limited effort has been
made to measure the efficiency parameters of the
operation, such as the length of training time, the
amount of memory used, parameter reduction and
computational cost.

In addition, applying the PEFT techniques to the
software requirements classification issue is relatively
underexplored. Through these observations, there is a
need for a holistic evaluation framework that considers
both predictive accuracy and computational efficiency.

These the

comprehensive framework

need for a
that
simultaneously considers predictive effectiveness and
thereby the

practical application of transformer model in software

observations motivate

evaluation

computational efficiency, facilitating

engineering environments.

ITII. METHODOLOGY
A. Proposed cost- efficient performance evaluation

framework

This

designed to balance predictive accuracy with cloud

framework follows a systematic pipeline
resource consumption. Unlike traditional evaluations
that focus solely on Fl-scores, this framework treats
operational overhead as a primary evaluation
dimension.

Figure 1 illustrates the overall workflow of the
proposed framework. The process begins with dataset
collection and preprocessing, where raw requirement
statements are tokenized and formatted for transformer
compatibility. The core of the methodology involves
training a BERT-base model using three distinct
strategies: Full Fine-Tuning (FFT), Adapter-Based
Fine-Tuning (ABFT), and Low-Rank Adaptation (LoRA).
Each strategy is subjected to a dual-metric evaluation
consisting of:

1. Predictive Metrics: Focusing on Accuracy and F1-score

to ensure requirements are correctly categorized.
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2.Operational Metrics: Analyzing training time, GPU

memory allocation, and estimated cloud training cost

($)-

The final

Pareto-optimal selection process, identifying the method

stage of the workflow involves a

that provides the highest accuracy gain per dollar of

Data Acquisition

Preprocessing
To acding

cloud expenditure.

Fine-Tuning Strategies (BERT-base)

Pareto-Optimal Selection

Efficient

Fig. 1: Performance
Evaluation Framework

B. Parameter-Efficient Fine-Tuning (PEFT)

Proposed Cost-

PEFT adapts a pretrained transformer while keeping
most backbone weights frozen and updating only a
small set of task-specific parameters [2], [3],[20].

Let P = total model parameters and P: = trainable
parameters

Trainable Percentage=%><100

In FFT, P=P
In PEFT, P.«P.
For a linear layer with weight matrix W € R%out*din
e FFT update cost: O(dgy¢ * diy)
¢ LoRA update cost: O(r(dgyt + din))
¢  where r&<min (dgyy, di)
This significantly reduces computational overhead.
The study evaluates two PEFT strategies: ABFT and
LoRA.

i. ABFT

ABFT adapters are lightweight bottleneck layers
inserted inside each transformer block after the
multi-head attention and feed-forward sublayers.

For hidden representation h:

h'=h+W,,, 6(Wygunh)

where, Wyown €RYP, W,,ERP*? and b is the bottleneck
size (b«d).
Only adapter parameters are updated while pretrained

weights remain frozen.
ii. LoRA

LoRA injects trainable low-rank matrices into attention
projection layers.

The adapted weight matrix is:
W=Wo+ BA

where: W, € Rdout*din B € Rdout*r and Ae R™din are
trainable matrices, r is the rank hyperparameter, a is a
scaling factor.

LoRA reduces memory usage and training time while

preserving predictive capability.

C. Datasets and Preprocessing
Datasets

This study used a publicly available dataset. The
primary dataset is FR-NFR dataset consisting of 1,145
requirements collected from 15 software projects and 5
domains, including 722 FR and 423 NEFR instances[15].
NFRs are annotated into quality attributes such as
performance, security, usability, and maintainability.

Extended FR-NFR dataset with 6,118 requirements. It
is used for larger-scale binary classification evaluation.It
contains - approximately 3,964 FR and 2,154 NFR
instances[16].

The  PROMISE-relabeled-NICE

approximately 622 unique requirements. Since a single

dataset  contains

requirement may belong to multiple NFR categories, the

total number of labeled instances increases to
approximately 1,250 for multi-class NFR
classification[18].

The inclusion of the Extended FR-NFR and NICE

datasets improves robustness, supports external
validation, and demonstrates the applicability of the
proposed PEFT methods across both binary and

multi-class requirement classification scenarios.

Preprocessing

e The
requirement statements into a format suitable for
BERT-based classification.

preprocessing  stage  transformed = raw
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e All statements were processed using the pretrained
bert-base-uncased tokenizer, which automatically
converts text to lowercase.

e The statements were tokenized using the WordPiece
method

e Special tokens [CLS] and [SEP] were added at the
beginning and end of each sequence, respectively.

¢ A maximum sequence length of 256 tokens was used.

e Shorter sequences were padded using [PAD] tokens,
while longer sequences were truncated.

e Attention masks were also generated, where 1
represents actual tokens and 0 represents padded
tokens.

e Stop-word removal was not applied because
transformer models rely on complete sentence context
for better semantic understanding.

o Finally, the dataset was split into training, validation,
and testing sets in a 70:15:15 ratio using stratified

with to ensure

sampling, random_state = 42

reproducibility.

After preprocessing, the FR-NFR dataset of 1,145
instances was divided into 802 training samples, 172
validation samples, and 171 test samples. Similarly, the
Extended FR-NFR dataset (6,118 samples) was split into
4,283 training, 918 validation, and 917 test instances,
while the NICE dataset (1,250 samples) was divided into
875 training, 188 validation, and 187 test instances using

stratified sampling.

IV. EXPERIMENTAL SETUP

In this section, Training Configuration, Experimental
Comparison Strategy and Evaluation Metrics are

described in details.
A.Training Configuration

Experiments were conducted using Python 3.10 with
PyTorch and Scikit-learn libraries on an Ubuntu 22.04
environment. Training was performed on an 8-core Intel
Xeon CPU with 32 GB RAM and an NVIDIA Tesla T4
GPU having 16 GB memory. The models were trained
using a batch size of 16, learning rate of 2x10-5, AdamW
optimizer and 5 epochs. Training time was measured
using system timestamps, while peak memory
consumption was obtained from maximum GPU

allocation during execution. Cloud training cost was

estimated using an assumed GPU pricing of $2 per hour
for an NVIDIA Tesla T4 instance.

B. Experimental Comparison Strategy

All the
experimental conditions to ensure a fair comparison. The
transformer-based methods, including FFT, ABFT, and
LoRA, the pretrained BERT model,

hyperparameters, preprocessing steps,

models were evaluated under same

used same
and dataset
splits. Similarly, the SVM and RF baselines were trained
and tested on the same data partitions. Therefore,
differences in performance and efficiency are mainly due
to the fine-tuning strategy rather than external factors.
C. Evaluation Metrics

(i). Predictive Metrics

To evaluate classification effectiveness, standard

supervised learning performance measures are used.

e Accuracy measures the proportion of correctly

classified requirements among all predictions.
TP + TN

A =
MY = TP - TN + FP + FN
e Precision (P) indicates how many requirements

predicted as a specific class actually belong to that

class.
TP

" TP + FP
e Recall (R) measures the model’s ability to identify

P

all relevant instances of a class.
TP

R=—

TP + FN
e F1-Score is the harmonic mean of precision and
recall, providing balanced evaluation under class

imbalance.
Px+R
P+R
Where: TP = True Positives, TN = True Negatives,

FP = False Positives, FN = False Negatives.

F1 Score = 2 *

(ii). Operational Metrics or efficiency metrics
This metrics evaluate deployment feasibility in cloud
environments.

e Training Time : It is computed as the difference
between the end time and the start time of the model
training process

Ttrain(minutesy=tend—tstart
e Peak Memory Usage: maximum GPU memory
consumed during training.
Mpeak=maxM (t),t€[0, Ttrain]

389International Journal for Modern Trends in Science and Technology



e Estimated Cloud Training Cost: this cost was
computed by multiplying the total training time in
hours with the hourly cost of the GPU instance (Pgpu).

Clrain= Ttrain(minutes) *Pgpu

60

V. RESULTS AND DISCUSSION

This
obtained from the proposed approach and provides a
The

experimental findings are first presented, followed by a

section presents the experimental results

comprehensive analysis of its performance.

detailed analysis and discussion of the results.
A. Classification Performance Comparison

Table II compares traditional machine learning
methods, FFT, and the proposed PEFT methods in terms

of predictive performance and cloud efficiency.

Table II: Performance and Cloud Efficiency
Comparison
Method | Accuracy F1- Trainin | Peak Estimated
(%) Score g Time | Memor | Cloud
(min) y (GB) Training
Cost ($)
SVM 78.2 0.76 12 2 0.4
RF 80.1 0.78 15 4 0.5
FFT 91.0 0.90 120 16 4.0
ABFT 90.0 0.89 55 9 1.8
LoRA 90.5 0.90 45 7 15

The transformer-based models improve accuracy by
approximately 10-13% compared to traditional machine
learning methods. FFT achieves the highest accuracy of
91.0%, while LoRA attains nearly the same performance
with 90.5% accuracy. The difference in accuracy between
PEFT methods and FFT remains below 1%, indicating
that most task-specific knowledge can be captured
through partial parameter updates.

In addition, PEFT methods substantially reduce
computational cost. Compared to FFT, ABFT reduces the
estimated cloud training cost from $4.0 to $1.8, while
LoRA further reduces it to $1.5, making it the most
cost-efficient approach among the transformer-based

models.
B. Training Efficiency and Resource Utilization

The
computational savings using PEFT methods.

efficiency metrics demonstrate substantial

e Training time is reduced by approximately 54% for

Adapter-Based Fine-Tuning and 62.5% for LoRA

compared to Full Fine-Tuning.

e Peak memory usage decreases from 16 GB in FFT to 9

GB for Adapter-Based Fine-Tuning and 7 GB for
LoRA.

e Estimated cloud training cost is reduced from $4.0 in

FFT to $1.8 for Adapter-Based Fine-Tuning and $1.5

for LoRA, corresponding to cost reductions of

approximately 55% and 62.5%, respectively.

These findings confirm that updating only a small
subset of model parameters can significantly reduce
computational resource usage without causing major

performance loss.

C. Cost vs. Accuracy Trade-Off

95

@LoRg ABFT y il

Accuracy (%)

10 15 20 25 30 35 4.0
Estimated Cloud Cost ($)

Fig. 2: Trade-off analysis between model accuracy and

estimated cloud training costs

The comparative analysis presented in Fig.2 illustrates
the trade-off between predictive performance and
computational cost across the evaluated methods. Full
Fine-Tuning achieves the highest accuracy (91.0%), but it
also requires the longest training time (120 minutes),
highest memory usage (16 GB), and highest estimated
cloud cost ($4.0), which limits its practicality for
large-scale or resource-constrained deployments.

In contrast, LoRA and Adapter-Based Fine-Tuning
achieve performance close to FFT while requiring
substantially lower training time, memory, and cost.
LoRA attains 90.5% accuracy with only 45 minutes of
training time, 7 GB memory usage, and an estimated cost
of $1.5,
transformer-based approach.

making it the most cost-efficient
Traditional machine learning methods such as SVM
and RF remain computationally inexpensive, but their

lower predictive accuracy makes them less suitable for
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Overall,

parameter-efficient fine-tuning provides the best balance

complex requirement classification tasks.

between performance and operational cost.
D. Efficiency Gain over Full Fine-Tuning

Table III indicates that the LoRA approach provides

the most favorable balance between predictive
performance and operational cost. LoRA achieves an
accuracy of 90.5%, which is only 0.5% lower than Full
Fine-Tuning, while reducing the estimated cloud
training cost from $4.0 to $1.5, corresponding to a cost
reduction of 62.5%. The adapter-based approach also
demonstrates strong efficiency, reducing the cost from
$4.0 to $1.8, which represents a 55% reduction, with only
a 1.0% decrease in accuracy.

These findings confirm that PEFT methods, especially
LoRA,

efficiency without significantly affecting classification

can substantially improve computational

performance.

Table III: Efficiency Gain over FFT

retains most of the representational power of FFT while

significantly reducing the number of trainable

parameters.
B. Resource Utilization and Cost Analysis

Significant differences emerge when operational
efficiency is considered. Full Fine-Tuning requires 120
minutes of training time, 16 GB of peak GPU memory,
and an estimated cloud training cost of $4.0. In
comparison, the PEFT methods require considerably

fewer computational resources, as shown in Table IV.

Table IV: Resource Utilization and Cost Analysis

Method | Training Memory | Cost | Cost Reduction
Time vs FFT

Adapter | 55 min 9 GB $1.8 55%

LoRA 45 min 7 GB $1.5 62.5%

Method Accuracy Drop vs FFT Cost Reduction
Adapter -1.0% 55%

LoRA -0.5% 62.5%
DI1SCUSSION

This section interprets the experimental findings and
analyzes their implications for cost- efficient cloud-based
SRC.

A. Classification Performance

The experimental results indicate that PEFT methods
achieve performance comparable to FFT. As shown in
Table II, Full Fine-Tuning attains an accuracy of 91.0%
(F1 = 0.90), while LoRA achieves 90.5% (F1 = 0.90) and
Adapter-Based Fine-Tuning achieves 90.0% (F1 = 0.89).
Thus, the maximum performance difference between
PEFT and FFT is only 1.0% in accuracy and 0.01 in
F1-score, confirming that updating only a small subset of
parameters is sufficient for adapting transformer models
to requirement classification tasks.

In contrast, traditional machine learning methods such
as SVM (78.2%) and RF (80.1%) perform substantially
worse, highlighting the importance of contextual

semantic representations learned by transformer

architectures for capturing requirement intent and

quality attributes. These findings suggest that PEFT

LoRA provides the highest efficiency, reducing
training time by approximately 62.5%, memory usage by
about 56%, and cloud training cost by 62.5%, while
maintaining nearly identical predictive performance.
Adapter-Based Fine-Tuning shows slightly higher
resource usage than LoRA, but still reduces training cost
by more than half and offers modular extensibility,
which can be beneficial in multi-task or incremental

learning environments.

The cost vs. accuracy trade-off shown in Fig. 2
demonstrates that PEFT methods operate near the
Pareto-optimal frontier, offering large efficiency gains

with minimal loss in predictive performance.
C. Limitations and Challenges

Despite the promising findings, several limitations
remain. First, the experiments rely on publicly available
datasets, which may not fully represent industrial
variability

changing requirement styles, and organizational writing

such as domain-specific terminology,
practices. As a result, performance in real-world
environments may differ.

Second, the cost model is based on fixed GPU pricing
and does not include storage, networking, or
cloud-provider-specific billing policies. Therefore, the
reported costs should be interpreted as relative measures
of efficiency rather than exact deployment expenses.

Third, the study focuses on single-label classification
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using a single transformer backbone. Future work
should investigate PEFT in multi-label, hierarchical,
cross-domain, and continual learning scenarios to
further evaluate its generalizability.

Overall, the findings demonstrate that PEFT methods
provide classification performance close to FFT while
reducing cloud training cost by approximately 55-62.5%,
making them practical and economically viable solutions
real-world software classification

for requirement

systems.

VI. CONCLUSION

This paper presented a cost- efficient comparative
evaluation of FFT and PEFT methods for cloud-based
software requirement classification. The study compared
FFT, ABFT, and LoRA under identical deployment
conditions using transformer models. Experimental
results show that PEFT methods achieve performance
close to Full Fine-Tuning, with LoRA obtaining 90.5%
accuracy (F1 = 0.90) and Adapter-Based Fine-Tuning
achieving 90.0% accuracy (F1 = 0.89), closely matching
the 91.0% accuracy of FFT.

At the same time, PEFT substantially improves
operational efficiency. LoRA reduces training time by
approximately 62.5%, peak memory usage by about 56%,
and estimated cloud training cost by 62.5%, while
Adapter-Based by
approximately 55%. that

updating only a small subset of parameters is sufficient

Fine-Tuning  reduces  cost

These findings confirm

for effective transformer adaptation in software

requirement classification tasks.

The study demonstrates that PEFT enables scalable
and economically viable deployment of
transformer-based models in practical requirements
engineering workflows. By jointly evaluating predictive
performance and operational cost, this work bridges the
gap between research-oriented accuracy evaluation and
real-world deployment feasibility.
research  will multi-label and

Future investigate

hierarchical requirement classification, continual
learning under evolving requirements, cross-domain
Al

improve transparency and practitioner adoption.

generalization, and explainable integration to
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