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Abstract Sentiment analysis of short, informal social media text is of considerable enterprise value, yet deploying large
generative language models for it at scale is constrained by prohibitive computational cost. This study presents a controlled
empirical investigation of Quantized Low-Rank Adaptation (QLoRA) for enterprise-scale tweet sentiment analysis,
focusing on balancing predictive accuracy against deployment efficiency. Six compact transformer models were fine-tuned
under one uniform configuration: 5 decoder-only generative models spanning 5 architecture families, together with a strong
encoder-only baseline, DeBERTa-v3-base. The experimental methodology employs 4-bit NormalFloat quantization, an
adapter rank of 16, a scaling factor of 32, and the paged 8-bit AdamW optimizer. Sentiment extraction is cast as three-class
text-to-text generation and assessed jointly through classification metrics and generation metrics, the latter treated only as
secondary generative-fidelity diagnostics rather than measures of classification correctness, alongside efficiency indicators
including VRAM, token throughput, latency, and GPU utilization. Holding the configuration constant isolates architecture.
Every compact generative model surpassed the discriminative baseline (82.5%), while all models were trained and
deployed on a single A100-SXM4-40GB GPU using under 4 GB of allocated memory. Among the evaluated models,
Phi-4-mini-instruct achieved the highest agreement with the teacher-generated silver labels, with 92.6% accuracy and a
weighted F1-score of 92.38%. These values represent agreement with the automatically generated reference labels rather
than independently validated human sentiment accuracy. These findings suggest that QLoRA fine-tuning may render
accurate, scalable sentiment analysis feasible on commodity infrastructure.

Keywords Generative Al, Transformer Model Fine-tuning, Sentiment Analysis, Quantized Low-Rank Adaptation
(QLoRA)

1. Introduction and the operational efficiency of the underlying models [7].
The methodological foundations of sentiment analysis
have advanced rapidly, progressing from early lexicon based
and classical machine learning approaches, through
transformer encoders such as BERT and RoBERTz, to the
generative Large Language Models (LLMSs) that now define
the state of the art. The present investigation addresses this
identified deficiency through a controlled empirical study of
Quantized Low-Rank Adaptation (QLoRA) fine tuning for
enterprise-scale sentiment analysis. Six compact transformer
models are fine-tuned under a single, uniform Parameter-
Efficient Fine-Tuning (PEFT) configuration and evaluated
on a three-class (negative, neutral, positive) tweet sentiment

Sentiment analysis, the computational study of opinions,
emotions, and attitudes expressed in text, is an indispensable
instrument for data-driven decision-making across the modern
enterprise [7]. Organizations may increasingly rely upon the
automated interpretation of unstructured, usergenerated text
to facilitate decision-making [7]. Microblogging platforms,
such as Twitter, generate vast and continuous streams of
short, opinion-rich text that may offer a real-time barometer
of public sentiment [22]. The transformation of this informal
language into reliable, structured insight at scale therefore
presents a challenge of substantial commercial importance,

which may place stringent demands upon both the accuracy
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task: five decoder only(one-to-four-billion-parameter) generative
models spanning five distinct architecture families —GPT-
Neo-1.3B [5], Gemma-3-1B-it [10], Llama-3.2-3B [11],
Phi-4-mini-instruct [23], and Qwen3-1.7B [33]—together with
DeBERTa-v3-base [14], a strong encoder-only discriminative
baseline that represents the industrystandard classification
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paradigm. The extraction of sentiment for the generative
models is characterized as a text-to-text generation task, and
model quality is assessed jointly through classification
metrics (accuracy, precision, recall, and weighted F1) and
generation metrics (Bilingual Evaluation Understudy (BLEU)
and Recall-Oriented Understudy for Gisting Evaluation
(ROUGE)), alongside a detailed profile of enterprise-relevant
efficiency indicators including Video Random Access
Memory (VRAM) consumption, token throughput, inference
latency, and Graphics Processing Unit (GPU) utilization.
These directly addressing the deployment omission that has
characterized prior literature and providing practitioners with
concrete guidance on accuracy—cost trade-offs.

The objective of this work is to establish whether com-pact,
one-to-four-billion-parameter ~ generative  transformers,
adapted under a QLORA regime, can deliver enterprise-grade
sentiment classification at a computational cost that single-
GPU commodity infrastructure can absorb. To this end,
a single uniform configuration is held constant across all
six models so that architecture and learning paradigm remain
the only variables of interest, and predictive quality is
reported jointly with the deployment indicators—VRAM,
token throughput, inference latency, and GPU utilization—
that prior sentiment studies have largely omitted [32]. A
second objective is to determine whether the generative
framing is warranted at all for a three-class short-text task, by
benchmarking it directly against a tuned discriminative
encoder on identical data under an identical protocol [14].

This paper makes five contributions. It provides a con-
trolled six-model comparison—five decoder-only generative
architectures and one encoder-only baseline—under one
uniform QLoRA configuration (4-bit NF4 quantization, rank
r= 16, scaling factor a« = 32, dropout of 0.05, the paged 8-bit
AdamW optimizer, a learning rate of 2x107#, and a single
training epoch) [9], and it casts sentiment extraction as
text-to-text generation assessed jointly through classification
and generation metrics, the latter demoted explicitly to
generative fidelity diagnostics rather than measures of
classification correctness [26]. It further contributes an
enterprise-scale efficiency profile spanning VRAM, token
throughput, inference latency, and GPU utilization; a direct
benchmark of the generative formulation against a tuned
DeBERTa-v3-base encoder; and an explicit compact models,
with every finding interpreted in light of the dataset’s
silver-standard annotation provenance and the risk of
pre-training data exposure.

The experimental results validate that the five generative
models achieved 88.1%-92.6% accuracy against the
teacher-generated silver-standard labels, compared with 82.5%
for the DeBERTa-v3-base baseline. Phi-4-mini-instruct
obtained the highest observed agreement, with 92.6% accuracy
and a weighted F1-score of 92.38%. These findings indicate
differences in the models’ ability to reproduce the silver-
standard labels under the evaluated configuration. However,
because the reference labels were generated automatically
rather than independently annotated by humans, the results
do not establish equivalent levels of human-validated sentiment

accuracy. This distinction is important when interpreting
the practical significance of the reported performance
differences.

The remainder of this paper is structured as follows:
Section 2 provides a review of the related literature on
parameter-efficient fine-tuning, quantization, discriminative
versus generative classification, and large language model
(LLM)-based sentiment analysis, thereby establishing
the research gap that may motivate the study. Section 3
delineates the implementation of the proposed architecture
—including the dataset, preprocessing, model configuration,
and Quantization with Low-Rank Adaptation (QLORA)
fine-tuning pipeline—and discusses the methodologies for
mitigating label noise and potential data contamination.
Section 4 presents the experimental results across classification,
generation, and system-level efficiency metrics for all six
models, which may elucidate their relative performance.
Section 5 provides a comparative analysis, which situates the
findings against the existing literature and suggests potential
avenues for improvement. Finally, Section 6 concludes the
paper and outlines directions for future work.

2. Literature Review

This section provides a survey of the body of research
upon which the present study builds, with the aim of
situating a controlled, uniform-configuration comparison
of six compact transformer models—five generative and one
discriminative—within the wider landscape of parameter-
efficient fine-tuning and large language model (LLM)
sentiment analysis. The review proceeds from the
foundational adaptation and quantization methods, through
the discriminative encoder paradigm and the application of
LLMs to sentiment analysis, to the specific—and notably
sparse—literature on QLORA fine-tuning for sentiment, and
finally, to the short-text, data-contamination studies most
relevant to enterprise-scale deployment. Accordingly, this
review focuses on five interlocking themes:

e PEFT and quantization foundations;

e The discriminative encoder paradigm for sentiment
classification;

o The capabilities of LLMs for sentiment analysis;

e The specific application of QLoRA and LoRA to
sentiment tasks;

e The short-text, data-contamination, and evaluation
considerations that govern accurate and efficient
deployment.

2.1. Parameter-Efficient Fine-Tuning Foundations

Low-Rank Adaptation (LoRA), introduced by [15], freezes
the pretrained weights of a model and injects trainable low
rank decomposition matrices into each transformer layer.
The implementation of this technique appears to reduce the
number of trainable parameters by up to four orders of
magnitude and Graphics Processing Unit (GPU) memory by
a factor of approximately three relative to full fine tuning of
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the 175-billion-parameter Generative Pre-trained Transformer
3 (GPT-3) with Adaptive Moment Estimation (Adam), while
matching or exceeding full fine-tuning quality on ROBERTa,
DeBERTa, GPT-2, and GPT-3. QLoRA [9] extends LoRA
with three innovations that are foundational to the present
work: 4-bit NormalFloat (NF4) quantization, a data type
that appears information theoretically optimal for normally
distributed weights; double quantization, which further
compresses the quantization constants themselves.

2.2. LLM-Based Sentiment Analysis

The capabilities of Large Language Models (LLMs) for
sentiment analysis have been assessed most authoritatively
by [34], whose reality check evaluates 13 tasks across 26
datasets and introduces the Senti-Eval benchmark. They
conclude that LLMs perform satisfactorily on simpler tasks
but lag behind fine-tuned small language models on more
complex tasks, while significantly outperforming them in
few-shot settings [34].

The accumulation of complementary studies appears to
reinforce the practical viability of the Quantized Low-Rank
Adaptation (QLoRA) framework. [2], in a series of studies
employing a unified 4-bit NF4 QLoRA pipeline, suggest that
LLaMA-3 may be the strongest model, reaching 91.2%
accuracy and 0.908 F1 on IMDB, 85.6% accuracy and 0.849
F1 on Twitter, all models struggle more with Twitter data
owing to its informal and context-poor nature [2]. These
constitute the most directly comparable Twitter QLORA
results available; the present study’s headline figure for
Phi-4-mini-instruct (92.6% accuracy on a three-class task) is
competitive with, and in several same-task comparisons
exceeds, them, albeit on a differently annotated dataset.

2.3. Critical Analysis

A critical appraisal of the surveyed corpus may yield a
delineation of both consolidated strengths and persistent
limitations. Regarding the identified strengths, the efficiency
claims of QLORA appear robustly and independently
replicated—including by [24], who examine the tradeoff
between efficiency and memory savings. The PEFT taxonomy
itself appears mature and established, as documented by
[12].

Several weaknesses, inconsistencies, and limitations
nonetheless characterize the existing literature, each of which
the present study is designed to address.

e A pronounced domain skew appears to persist: finance
and movie reviews seem to dominate, while clean
three-class Twitter sentiment remains comparatively
rare.

o A model-size skew is evident, in that almost all
Quantized Low-Rank Adaptation (QLoRA)-for-sentiment
studies employ 7 to 70 billion-parameter backbones,
resulting in the limited evaluation of compact 1 to 4
billion-parameter models for this task.

e A paradigm blind spot pervades: generative models
seldom undergo benchmarking against a tuned dis-

criminative encoder on the same data and configuration,
which may suggest that the resolution of the practical
utility of the generative framing remains pending.

o Marked metric inconsistency is observed: some studies
report accuracy alone and others F1, while generation
metrics such as Bilingual Evaluation Understudy
(BLEU) and Recall-Oriented Understudy for Gisting
Evaluation (ROUGE) are seldom subjected to application
within sentiment analysis, and their classificatory
validity is contested.

o Validity threats specific to modern web-trained models
—Tlabel noise from automated annotation and data
contamination from pre-training exposure—seldom
receive acknowledgment, let alone mitigation.

e An efficiency blind spot is pervasive, with Video
Random Access Memory (VRAM), latency, through-put,
and Graphics Processing Unit (GPU) utilization
undergoing profiling in a limited number of sentiment
studies—the FinLoRA benchmark [32] being a rare
exception, and itself finance-specific, large-model, and
a preprint.

2.4. Research Gap

A synthesis of the foregoing appraisal suggests no
peer-reviewed study that simultaneously addresses the five
axes central to the present work:

e Compact open-source models
billion-parameter range;

e A single uniform parameter-efficient configuration
ap-plied across all models;

e Three-class short-text or Twitter sentiment framed as a
text-to-text generation problem;

e A controlled comparison of the generative paradigm
against a strong discriminative encoder baseline;

e An explicit profile of enterprise-scale deployment
efficiency.

The nearest multi-model, multi-method benchmark,
Fin-LoRA [32], appears domain-specific to finance, utilizes
larger models, and omits a discriminative baseline, while
remaining in preprint status. Conversely, the nearest
hyperparameter study, [24], employs a solitary large-scale
model on five-class long-form reviews through a classification
head. The specific combination of compact models, three-
class Twitter sentiment, a generation-framed formulation,
a discriminative encoder baseline, and an efficiency profile
under one uniform configuration may therefore be considered
absent from the existing literature. The systematic mapping
in Table 1 renders this omission explicit by evaluating the
most relevant prior studies against these five axes, suggesting
that each encompasses at most two or three, and none
addresses the full set.

Through the investigation of this previously unexamined
lacuna within the design space, the present research provides a
controlled empirical account elucidating the behavioral
dynamics of compact generative transformers from distinct
architecture families under an identical QLORA regime.

in the one-to-four-
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Table 1. Coverage of the five defining axes of the present study by the most relevant prior works. A filled circle (-) denotes that an axis is addressed,
an open circle (°) that it is partially or indirectly addressed, and a dash (—) that it is not addressed

Study Compact (1-4B) Uniform Config. 3-Class Twitter Encoder Baseline Efficiency Profiled Status
This Study —
[24] — ° — ° Peer-reviewed
[31] — ° — — — Peer-reviewed
[30] — . ° — ° Peer-reviewed
[16] — ° — — Peer-reviewed
[32] — — — — . Preprint

Note: The 3-class Twitter (flen.) axis denotes three-class tweet sentiment framed as text-to-text generation. The encoder-baseline axis denotes whether the generative
approach is compared against a discriminative encoder under the same protocol. Toksoz and Isik evaluate Twitter data but in a binary, classification-framed setting;
FinLoRA profiles efficiency but in a finance-specific, large-model context without an encoder baseline.

2.5. Novelty

To address the gap identified above, the proposed study
appears to offer five distinct analytical contributions to the
extant body of knowledge.

e First, it provides a controlled six-model comparison
spanning five generative architectures across four
families and one discriminative encoder, all under one
uniform configuration—comprising, for the QLORA-
adapted generative models, 4-bit NF4 quantization,
rank r = 16 and scaling factor a = 32, dropout of 0.05,
the paged 8-bit AdamW optimizer, a learning rate of
2x10, and a single training epoch—thereby isolating
model architecture and learning paradigm as the
variables of interest.

e Second, it adopts a sentiment-as-generation framing
evaluated jointly through classification metrics (accuracy,
precision, recall, and weighted F1) and generation
metrics (BLEU and ROUGE), the latter explicitly
demoted to generative-fidelity diagnostics.

e Third, it incorporates enterprise-scale efficiency profiling
—covering VRAM, token throughput, inference latency,
and GPU utilization—alongside predictive quality.

e Fourth, it directly benchmarks the generative formulation
against a tuned DeBERTa-v3-base encoder, determining,
based on the present data, whether the generative
paradigm is warranted.

o Fifth, the study provides a comparative evaluation of
compact generative transformer models under a common
QLoRA configuration, examining the trade-off between
predictive performance and computational efficiency.

3. Proposed Methodology

Taken as a whole, the reviewed literature traces a coherent
intellectual arc that motivates and frames the present study.
The foundations of parameter efficient fine-tuning and
quantization suggest that compact, single-GPU adaptation of
large models may be both feasible and near-lossless, while
the quantization literature quantifies the accuracy efficiency
trade-off and highlights the heightened sensitivity of smaller
models to aggressive quantization. The discriminative

encoder paradigm supplies the canonical classification
base-line, and studies of LLM sentiment capability justify
the selection of task-specific fine-tuning over zero-shot
prompting for a three-class problem while cautioning that
discriminative models remain competitive. The targeted
but sparse QLoRA for sentiment literature ([24]; [31]; [30];
[16]; [32]) demonstrates QLoRA’s practicality while leaving
the compact model, three-class Twitter, generation framed,
and encoder benchmarked setting unexplored. Short text
benchmarks, data-contamination analyses [3], and evaluation
metric foundations together provide the methodological
scaffolding for rigorous experimentation. These disparate
threads converge upon an underexplored nexus within the
design space, which the present methodology is engineered to
characterize systematically through a compact-model, uniform
-configuration, and generation-framed analysis.

To this end, this section delineates the complete
end-to-end pipeline developed to fine-tune transformer
models for tweet-level sentiment analysis. Adopting a
unified text-to-text formulation in the spirit of the transfer
learning paradigm of [25], the system conceptualizes
sentiment ex-traction for generative models as a conditional
generation task, thereby enabling heterogeneous decoder-only
architectures to be trained and evaluated within a single,
consistent framework. The pipeline is organized into sequential
stages spanning data loading, stratified splitting, tokenization,
prompt-based preprocessing, parameter-efficient fine-tuning,
evaluation, real-time monitoring, and deployment, jointly
optimizing the models for both classification accuracy and
operational scalability—a process that may enhance model
utility in realistic enterprise settings.

The overall architecture is illustrated in Figure 1, the
workflow commences with the loading of the tweet-sentiment
corpus and its subsequent partitioning into training, test,
and validation subsets. The tokenization of each tweet into
sub-word units and its preprocessing into a sentiment-
aligned prompt then expose the input_ids and attention_
mask tensors required by the models. Six transformer-based
models are sourced from the Hugging Face Hub for
fine-tuning, after which the adapted models proceed through
an evaluation stage of iterative performance analysis. Training
dynamics and evaluation metrics are tracked continuously
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through the Weights Biases (WandB) platform, and the resulting ~ Trainer APl with mixed-precision optimization, and the
models are deployed to the Hugging Face Hub before final  operational robustness of each model is validated through
testing. All six models are fine-tuned using the Hugging Face  comprehensive evaluation metrics and real-time tracking.
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Figure 1. End-to-end architecture for fine-tuning generative and discriminative transformer models for sentiment analysis using tweet data
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Figure 2. Experimental framework used to fine-tune and evaluate the six transformer models (five generative and one discriminative

Table 2. Details of the six transformer models used for fine-tuning and comparative evaluation

Index | Repository Identifier | Parameter Scale Tokenization Mechanism Classification
1 GPT-Neo-1.3B 1.3B GPT2TokenizerFast (Byte Pair Encoding) Decoder-only
2 Google Gemma-3-1B 1B GemmaTokenizer (SentencePiece) Instruction-tuned
3 Meta Llama-3.2-3B 3.2B LlamaTokenizerFast (SentencePiece) Instruction-tuned
4 Microsoft Phi-4-mini 3.8B AutoTokenizer (tiktoken-style Byte Pair Encoding) | Prompt-driven
5 Qwen3-1.7B 1.7B Qwen2Tokenizer (SentencePiece) Multilingual decoder
6 DeBERTa-v3-base 185M DebertaVV2TokenizerFast (SentencePiece) Encoder-only (disentangled attention)
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The experimental control flow that governs this process is
summarized in Figure 2. After tokenization and preprocessing
yield model-ready sample data, each model is fine-tuned
under a configurable set of training hyperparameters—
learning rate, per-device training and evaluation batch
sizes, number of training epochs, warm-up steps, gradient
accumulation steps, and weight decay. Validation
performance is monitored at regular intervals through WandB,
capturing BLEU, ROUGE, precision, recall, F1-score, and
the confusion matrix. This closed loop design operational-
izes QLORA fine-tuning as a first-class component of the
pipeline rather than a one-off configuration step.

3.1. Library

The implementation appears to rely upon a suite of
established open-source Python libraries which, when
integrated, facilitate model access, data management, metric
computation, experiment tracking, and visualization. These
principal libraries are summarized in the subsequent
enumeration.

e Transformers (version 4.51.3) provides a unified
interface for the implementation of pretrained transformer
models and the utilization of the Trainer Application
Programming Interface (API) for the orchestration of
fine-tuning protocols.

e Datasets enable the loading, preprocessing, and
efficient management of the benchmark sentiment
corpus sourced from the Hugging Face Hub.

e Evaluate computes and log standard natural language
processing and machine learning evaluation metrics.

e The wandb framework supports real-time experiment
tracking, logging, and the detailed visualization of
performance metrics [4].

e Matplotlib serves to generate visualizations of training
loss and evaluation metrics, which may assist in
diagnostic analysis.

e Seaborn generates statistical graphics, such as
confusion matrices and cross-model comparisons.

e rouge_score quantifies generated-text quality through
the implementation of ROUGE-N, ROUGE-L, and
ROUGE-W metrics [20].

3.2. Transformer Models

We selected six transformer-based language models to
democratize access to fine-tuned GenAl for sentiment
analysis; this selection process provides a framework for
contrasting the generative and discriminative paradigms.
Five are compact decoder-only generative models that span
a range of parameter scales approximately one to four billion
as well as tokenizer families and pretraining objectives;
the sixth, DeBERTa-v3-base, functions as an encoder-only
discriminative model [13], which often serves as an
industry-standard classification baseline.

The observed capacity to fine-tune all six architectures
within a single pipeline suggests that both compact decoder
only models and a lightweight encoder may attain strong

performance on the sentiment analysis task. The architectural
characteristics of each model comprising its Hugging Face
identifier, parameter scale, tokenizer family, and preprocessing
paradigm—are delineated in Table 2.

As summarized in Table 2, the selected models were
evaluated through a consistent fine-tuning pipeline and
benchmarked on a common sentiment-analysis dataset
representative of enterprise contexts, thereby suggesting that
observed differences may reflect genuine architectural,
paradigmatic, and tokenizer characteristics rather than
inconsistencies in experimental setup.

3.3. Load Dataset

To evaluate the fine-tuned models for sentiment
classification, the bdstar/Tweets-Sentiment-Analysis dataset
from the Hugging Face Datasets repository was employed.
This benchmark is designed for three-class tweet sentiment
classification formulated and appears to align with enterprise
-level text-analysis requirements. Accessed through the
Hugging Face Datasets library [17], which provides seamless
preprocessing, reproducibility, and consistency.

Each sample contains a text field holding the original
tweet together with the corresponding probabilities of the
negative, neutral, and positive classes; the final label,
consequently, reflects the sentiment polarity as determined
by the maximal class probability. A delineation of each
subset’s function is provided hereinafter:

e Training set (10,000 samples): This subset provides
sufficient coverage to facilitate the fine tuning of
transformer models and the acquisition of sentiment-
bearing representations.

e Test set (10,000 samples): Remaining entirely unseen
during training, this partition serves as the primary
benchmark for the reporting of final performance via
metrics including accuracy, F1-score, BLEU, and
ROUGE.

e Validation set (1,000 samples): For monitor model
performance during training and assess generalization on
held-out data. Validation loss, evaluation metrics were
recorded to analyze model behavior and convergence,
while the predefined training configuration was kept
fixed across the experiments.

The implementation of this structured, stratified split is a
common strategy in empirical natural language processing
(NLP) experimentation to promote generalization and simulate
realistic deployment scenarios.

3.3.1. Label Provenance, Annotation Noise,
and Inter-Annotator Agreement

The sentiment labels used in this study were generated by
the “cardiffnlp/twitter-roberta-base-sentiment-latest” model
rather than obtained through independent human annotation.
Accordingly, the labels are treated as silver-standard
references, and the reported classification metrics quantify
agreement between the evaluated models and the teacher-
generated labels. These results should not be interpreted as
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direct estimates of human-validated sentiment accuracy,
because the teacher model may introduce systematic errors
that are inherited by the generated labels. This limitation is
particularly relevant to the neutral sentiment class, where
genuine ambiguity may contribute to annotation disagreement.
Independent evaluation against human-annotated reference
labels is required to establish how well the observed results
correspond to human sentiment judgments.

3.4. Tokenizer

The process of tokenization involves the conversion of
raw text into sub-word units, facilitating the processing
of diverse linguistic structures by transformer models.
Each model employs the tokenizer aligned with its native
architecture (see Table 2), ensuring compatibility and
faithful input-output mapping. For decoder-only models, the
assignment of pad_token_id as the eos_token_id may prevent
run-time inconsistencies during fine-tuning. Correct tokenizer
configuration appears to underpin robust preprocessing and
smooth integration into enterprise scale sentiment pipelines.

3.5. Preprocessing

Preprocessing facilitates the reformulation of each tweet
into a unified prompt template, which may direct the

generative models toward the sentiment-extraction objective.

Such prompt-based encoding appears to improve task
generalization in these systems. Specifically, each sample is
systematically cast into the subsequent template:

“Extract sentiment text from tweet: tweet_text Sentiment:
label”

Each model’s tokenizer facilitates the conversion of
the prompt into token identifiers; meanwhile, padding,
truncation, and attention masks may ensure computational
compatibility during both training and inference. For every
generative sample, preprocessing typically produces the
following tensors.

e input_ids: the encoded token identifiers of the input
prompt, representing the tweet and its associated
sentiment in a form the model can process.

e attention_mask: a binary mask indicating which
to-kens should be attended to during the forward pass
(1 for content tokens, 0 for padding).

e labels: the encoded token identifiers of the expected
output—the text span expressing the sentiment.

3.5.1. Generated Output Decoding and Sentiment-Label
Mapping

For the generative transformer models, sentiment
classification is formulated as a text-to-text prediction task in
which the expected output is exactly one of three canonical
class labels: negative, neutral, or positive. Following inference,
the generated token sequence is decoded into text, with
special tokens excluded where supported by the tokenizer.
The decoded output is then subjected to a deterministic
normalization and label-mapping procedure. Leading and
trailing whitespace and surrounding punctuation are removed,

and the remaining text is converted to lowercase. The
normalized output is mapped to the corresponding class
only when it matches one of the three permitted labels. The
class-to-index mapping is defined consistently with the
dataset labels and evaluation implementation.

Table 21. Canonical mapping of generative model outputs to sentiment
classes

Normalized generated output Class name Class ID
negative Negative 0
neutral Neutral 1
positive Positive 2
Invalid or ambiguous output Invalid prediction | Not assigned

3.6. Training

The researchers orchestrated fine-tuning using the
TrainingArguments class, a component of the Hugging Face
Transformers library. To adapt the large pretrained back-
bones efficiently, the study adopted QLORA, which
backpropagates gradients through a frozen, 4-bit quantized
model into trainable low-rank adapters [9]; The key training
fixed hyperparameters are summarized below,

o Parameter-efficient  fine-tuning (PEFT): The
implementation utilized QLoRA with 4-bit NormalFloat
(NF4) quantization, double quantization, and adapters
of rank r = 16, a scaling factor = 32, and a dropout of
0.05.

e Learning rate: The value was set to 2 x 10, a
configuration that appears to facilitate stable yet rapid
convergence.

e Epochs: The training duration was fixed at 1, an
allocation that may provide sufficient adaptation while
mitigating the risk of overfitting.

e Batch size: The capacity was set to 4 per device (with
gradient accumulation of 4 steps, yielding an effective
batch size of 16) to balance training.

o Weight decay: The parameter was applied at a value of
0.01, which may penalize large weight magnitudes and
curb the potential for overfitting.

e Optimizer: The selected mechanism was the paged
8-bit AdamW optimizer.

o Mixed-precision training: Enabled bfloat16, potentially
reducing memory consumption and accelerating training
without degradation in accuracy.

Because hyperparameter selection exerts a substantial
influence on convergence speed and generalization in
transformer-based models, these settings were treated as
tunable quantities within the experimental loop of Table 2
rather than fixed constants; such an approach suggests that
hyperparameter optimization may be necessary for robust
model convergence. Training was driven by the Trainer API,
which abstracts gradient updates, logging, and checkpointing.

3.7. Evaluation

Evaluation mirrored the training configuration but
operated in inference mode by enabling do_eval=True.
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Evaluating at regular intervals (eval_steps=100) provided
fine-grained monitoring of model behavior throughout the
training epoch. The Trainer.evaluate() method computed
the validation loss and the predefined metrics, which were
logged and visualized automatically through the Weights &
Biases platform.

For the generative models, evaluation was performed
on the canonical sentiment labels obtained through the
predefined output-decoding and label-mapping procedure
described in Subsection 3.5.1. Each valid generated label
was compared with the corresponding teacher-generated
reference label using the same class definitions. Invalid or
ambiguous outputs were handled according to the documented
evaluation policy. This procedure ensures that classification
metrics are calculated from discrete sentiment predictions
rather than directly from BLEU or ROUGE scores.

Following the initial fine-tuning phase, the pipeline enters
an evolution stage dedicated to the systematic analysis and
refinement of model performance; this stage entails the
activities delineated below.

e Performance metric review: F1-score, precision, recall,
and confusion matrices facilitate the identification of
specific sentiment classes (positive, neutral, negative)
that a model may struggle to classify.

e Training and Performance Monitoring: Training
loss, validation metrics, and confusion matrices were
analyzed to assess model convergence, evaluate predictive
performance, and identify class-specific classification
errors.

3.8. Monitoring

Monitoring spans experiment tracking, real-time metric
visualization, model evaluation, and system performance
analysis, all of which are essential to ensure reproducible and
transparent experimentation.

3.8.1. Weights & Biases (WandB)

Weights & Biases (WandB) was used to track experiments,
visualize metrics, and maintain version control for models
and datasets, offering real-time logging of training runs,
hyperparameters, and artifacts. By making every aspect of
training observable in real time, WandB imposes structure
and visibility on the otherwise opaque process of large-scale
experimentation [4]. The monitored quantities include the
following.

e Accuracy: the proportion of correct predictions relative
to the total, the tracking of which may elucidate
learning progress across sequential iterations.

e Loss: the cross-entropy objective directing learning,
the trajectory of which may suggest the degree of model
convergence.

e Evaluation: the comparative assessment of predictions
against ground truth, which may utilize metrics such as
precision, recall, F1-score, BLEU, and ROUGE.

e Training: the systematic observation of steps per
epoch, learning rate behavior, optimizer updates, and

gradient norms, which may facilitate the monitoring of
optimization progress.

e System: the comprehensive tracking of computational
resources, including central processing unit (CPU) and
graphics processing unit (GPU) utilization, memory
usage, disk operations, and network throughput, which
may support efficient resource management.

3.8.2. BLEU Score

The Bilingual Evaluation Understudy (BLEU) score
facilitates a comparison between generated sentiment spans
and reference annotations. Higher BLEU values may denote
stronger n-gram overlap, which appears to reflect lexical
precision. As discussed in Subsection 5.2, BLEU is treated
here strictly as a generative-fidelity diagnostic rather than a
measure of classification correctness; it remains one of the
most widely adopted automatic metrics for comparing
machine-generated text with human references [26].

3.8.3. ROUGE Score

The ROUGE (Recall-Oriented Understudy for Gisting
Evaluation) score estimates the overlap of words and phrases
between model outputs and reference spans. Higher ROUGE
values may indicate stronger recall of sentiment-expressive
text. ROUGE-L, which relies on the calculation of the longest
common subsequence, appears particularly recall-oriented
and well-suited to the evaluation of generative outputs [20];
as with BLEU, its inclusion here serves merely as a supporting
diagnostic.

3.9. Performance Matrix

The confusion matrix constitutes a performance-evaluation
instrument that facilitates the visualization of model
prediction accuracy and assists in the interpretation of
classification error taxonomy, a process which is especially
valuable for multi-class sentiment tasks [27]. Within multi-
class environments, such as sentiment analysis (positive,
neutral, negative), the matrix consists of a square array wherein
rows denote the actual classes and columns characterize the
predicted classes.

A high degree of precision suggests a low false-positive
rate, a factor that may prove critical when misclassification
carries substantial costs—for instance, the erroneous
labeling of a negative review as positive. For each class ¢
{positive, neutral, negative}, the calculation of precision
proceeds as follows:

For each class ¢ € {Positive, Neutral, Negative}:
Precision, = TP,/ (TPc +FP,) Q)

Recall measures the capability of a model to identify
all relevant instances [28]. This metric is significant in
sentiment detection, as the omission of genuine sentiments
—manifesting as false negatives—may impair enterprise
decision-making. Recall is defined as follows:

TP,
TP; + FN¢

Recall, =

@
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The Fl1-score integrates precision and recall into a single
balanced measure. It is particularly informative under class
imbalance, providing a holistic view of classification quality.
For each class c, it is defined as:

__ 2 Precision - Recall¢

F1, =

)

Precision; +Recall.

Where:

o TP.: True Positives for class c

¢ FP_. False Positives for class ¢

¢ FN_: False Negatives for class ¢
where TP, FP, and FN denote the true positives, false
positives, and false negatives for class c, respectively.

3.9.1. Response Time

Inference latency and throughput were measured using a
predefined evaluation procedure. Average inference latency
was calculated as the mean elapsed time per request, and
throughput was calculated from the number of processed
examples over the measured duration. The average response
time (ART) over N requests is defined as follows:

N end_  start
Average Response Time (ART) = M (4)
where:

o N = total number of requests

o 5197t = start time of the it" request

o tf"@ = completion time of the it" request

3.10. Deployment (Hugging Face)

Following training and evaluation, the fine-tuned models
were deployed to the Hugging Face Hub to enable public
access, reproducibility, and enterprise-ready API integration.
The Hub functions as a centralized infrastructure for hosting
transformer-based models, facilitating cloud-based inference,
model sharing, and integration into production pipelines via
Representational State Transfer (REST) interfaces and
software development kits.

4. Experimental Result

The present section delineates the empirical outcomes
obtained from fine-tuning six transformer models—GPT-
Neo-1.3B, Google Gemma-3-1B, Meta Llama-3.2-3B,
Microsoft  Phi-4-mini-instruct, Qwen3-1.7B, and the
discriminative DeBERTa-v3-base baseline—for tweet-level
sentiment analysis under a unified parameter efficient
training protocol. Model performance was assessed using
a complementary battery of established natural language
processing metrics, comprising training and evaluation loss,
BLEU and ROUGE scores, per-class and aggregate
precision, recall, and F1-score, confusion matrix analysis,
and average response time, together with system-level
indicators of GPU memory, disk utilization, process memory,
token throughput, and VRAM allocation. All quantities were
logged in real time through the Weights & Biases (WandB)
platform during training, evaluation, and inference.
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4.1. Training

The six models underwent fine-tuning under a single
deliberately uniform hyperparameter schedule; The adaptation
protocol employed 4-bit NormalFloat (NF4) quantization
with double quantization and a bfloat16-compute data type,
in accordance with the QLORA recipe of [8]; concurrently,
the utilization of low-rank adapters necessitated a
decomposition rank of r = 16, a scaling factor of @ = 32,
and a LoRA dropout of 0.05. Optimization used the paged
8-bit AdamW optimizer with a learning rate of 2 < 107%;
a per-device batch size of 4; gradient accumulation of 4 steps
(effective batch size 16); gradient checkpointing; a weight
decay of 0.01; and a single training epoch corresponding
to 625 global steps. The training loss was logged every
100 steps to monitor convergence stability. The shared
configuration is summarized in Table 3.

Table 3. Unified QLoRA fine-tuning configuration for six models

Component Hyperparameter Value
QLoRA Quantization type 4-bit, NF4
QLoRA Compute dtype bfloat16
LoRA adapter Rank (r) 16
LoRA adapter Scaling factor (@) 32
LoRA adapter Dropout 0.05
LoRA adapter Bias None
Optimizer Algorithm 8-bit AdamWw
Optimizer Learning rate 2x10™*
Optimizer Weight decay 0.01
Training Epochs / Global Steps 1/625
Training Per-device batch size 4
Training Gradientaccumulation | 4 (effective batch size: 16)
Training Warmup steps 10
Training Mixed precision bfloat16
Table 4. Training performance comparison across models. Training
durations and final losses are delineated for the respective training sessions
Model Duration (mm:ss) Final Loss
GPT-Neo-1.3B 15:04 1.699
Gemma-3-1B 21:30 1.813
Llama-3.2-3B 19:44 1.592
Phi-4-mini 18:17 1.720
Qwen3-1.7B 24:35 1.735
DeBERTa-v3-base 9:47 0.521

4.1.1. Training Duration

Table 4 delineates the wall-clock training duration and the
final training loss for each model. Among the generative
models, the proportion of trainable parameters remained
below 1.1%, with attention-mechanism-specific adapter
placement for Generative Pre-trained Transformer (GPT)-
Neo, Gemma, and Large Language Model Meta Al (Llama),
and comprehensive linear-layer parameter integration for
Phi-4-mini and Qwen3; the Decoding enhanced BERT with
disentangled attention (DeBERTa)-v3-base baseline, being
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an encoder fine-tuned with a classification head, arguably
exhibited the most rapid convergence.

As shown in Table 4, the discriminative DeBERTa-v3-
base exhibited the lowest final training loss (0.521) and the
shortest training time (9 minutes 47 seconds), a result that
may reflect the relative ease of optimizing a dedicated
classification head compared with token-level generative
modeling. Among the generative models, Meta Llama-3.2-
3B achieved the lowest final training loss (1.592), which may
indicate the most effective fit to the sentiment extraction
objective, followed by GPT-Neo-1.3B (1.699) and Phi-4-mini
(1.720). Gemma-3-1B recorded the highest final training loss
(1.813), consistent with its smaller capacity and instruction-
tuned initialization. Training duration scaled broadly with
model size and adapter coverage: the lightweight GPT-Neo
-1.3B achieved the most rapid completion of generative
fine-tuning (15 minutes 4 seconds), whereas Qwen3-1.7B
required the longest time (24 minutes 35 seconds) owing to
its all-linear adapter placement and multilingual vocabulary.
Importantly, every model completed end-to-end fine-tuning
in under 25 minutes on a single GPU, underscoring the
potential practicality of the approach for enterprise-scale
deployment where retraining cadence and compute budgets
are tightly constrained.

4.1.2. Training Loss

To facilitate the characterization of convergence behavior,
the training loss was recorded at 100-step intervals
throughout the single training epoch. Table 5 lists the logged
loss values across the six checkpoints, and Figure 3
visualizes the corresponding trajectories for all six models.

Figure 3 appears to delineate a consistent and stable
optimization profile across all architectures. Every model
exhibited a steep reduction in loss within the first 100-200
steps, after which the curves flattened into a gradual
descent, indicating rapid initial adaptation followed by final
convergence. The DeBERTa-v3-base baseline occupied

a distinctly lower loss band throughout (converging
below 0.52), perhaps a consequence of its discriminative
classification objective. Among the generative models,
Gemma-3-1B began from the highest initial loss (2.5648
at step 100) and remained at the upper envelope, mirroring
its highest final training loss in Table 4, whereas
Llama-3.2-3B maintained the lowest generative trajectory
from step 200 onward, converging to 1.5855 by step 500.
The absence of erratic oscillations or divergence for any
model suggests that the shared learning rate of 2 x 104,
combined with NF4 quantization and the paged 8-bit
AdamW optimizer, may provide a numerically stable
optimization regime.

train/loss
2.5 —o— GPT-Neo-1.3B-QLoRA Phi-4-mini-QLoRA
Gemma-3-1B-QLoRA —o— Qwen3-1.7B-QLoRA
—o— Llama-3.2-3B-QLoRA DeBERTa-v3-base-QLoRA
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Figure 3. Training loss versus optimization steps for the six fine-tuned
models

4.2. Evaluation

Following training, each architecture underwent evaluation
in inference mode on the held-out validation partition, with
assessment occurring at regular intervals (every 100 steps) to
facilitate fine-grained monitoring. Table 6 summarizes the
evaluation-stage metrics, reporting validation loss alongside
key throughput indicators: runtime, samples processed per
second, and optimization steps per second.

Table 5. Training loss trend across training steps for each model

Step GPT-Neo-1.3B Gemma-3-1B Llama-3.2-3B Phi-4-mini Qwen3-1.7B DeBERTa-v3-base
100 2.2045 2.5648 2.1445 2.0868 2.1220 0.7635
200 1.7544 1.8765 1.6374 1.7830 1.7968 0.6116
300 1.7488 1.8684 1.6235 1.7660 1.7826 0.5257
400 1.7248 1.8340 1.6029 1.7464 1.7637 0.4847
500 1.7040 1.8120 1.5855 1.7194 1.7352 0.4873
600 1.6999 1.8137 1.5923 1.7201 1.7353 0.5211
Table 6. Comparison of evaluation metrics across models
Index Model Loss Computational Latency (s) Throughput (samples/s) Inference Frequency (steps/s)
1 GPT-Neo-1.3B 3.75813 27.4140 36.478 9.119
2 Google Gemma-3-1B 4.07283 44.3584 22.544 5.636
3 Meta Llama-3.2-3B 3.70180 35.0131 28.561 7.140
4 Phi-4-mini 4.10963 31.7576 31.489 7.872
5 Qwen3-1.7B 4.01513 42.1929 23.701 5.925
6 DeBERTa-v3-base 0.76873 19.6817 50.808 12.702
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As reported in Table 6, the discriminative DeBERTa-
v3-base demonstrated the lowest validation loss (0.7687) and
the highest throughput (50.808 samples per second),
consistent with its compact 185M-parameter footprint and
classification objective. Among the generative models, Meta
Llama-3.2-3B attained the lowest validation loss (3.7018),
narrowly ahead of GPT-Neo-1.3B (3.7581), which may
indicate the strongest generalization capabilities regarding
unseen tweets, while Microsoft Phi-4-mini recorded the
highest validation loss (4.1096), suggesting a marginally
greater train—validation gap. Regarding throughput metrics,
the lightweight GPT-Neo-1.3B appears to be the most
efficient generative model during the evaluation phase,
processing 36.478 samples per second and completing the
validation pass in 27.41 seconds, whereas Gemma-3-1B was
the slowest at 22.544 samples per second. The subsequent
examination of these evaluation-stage indicators follows; as
Subsection 4.5 establishes, the lowest loss of the encoder
may not necessarily translate into superior classification
accuracy.

4.2.1. Evaluation Steps per Second

Figure 4 presents a comparative analysis of the optimization
steps processed per second during the evaluation phase.
DeBERTa-v3-base led all models at 12.702 steps per second,
followed by the generative GPT-Neo-1.3B at 9.119. Among
the remaining generative models, Microsoft Phi-4-mini
followed at 7.872 steps per second, while Gemma-3-1B was
the least efficient at 5.636 steps per second. The observed
ranking suggests that parameter count, learning paradigm,
and tokenizer efficiency—rather than nominal model
size alone—may jointly determine evaluation-time step
throughput.

eval/steps_per_second

GPT-Neo-1.3B-QLoRA-eval
Gemma-3-1B-QLoRA-eval xS

Llama-3.2-3B-QLoRA-eval
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Qwen3-1.7B-QLoRA-eval

DeBERTa-v3-base-QLoRA-eval
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Figure 4. Evaluation steps per second across models

4.2.2. Evaluation Samples per Second

Figure 5 delineates the per-second sample-processing rate,
which serves as a critical indicator of inference throughput
for high-volume enterprise pipelines [1]. While DeBERTa
-v3-base manifested the highest overall throughput (50.808
samples per second), the generative variants exhibited
significant variance: GPT-Neo-1.3B led (36.478), followed
by Phi-4-mini (31.489) and Llama-3.2-3B (28.561). Gemma
-3-1B and Qwen3-1.7B trailed at 22.544 and 23.701 samples

per second, respectively. The robust sample throughput of
the encoder, GPT-Neo, and Phi-4-mini may suggest that
these architectures are particularly well-suited for latency-
sensitive batch-scoring workloads.
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Figure 5. Evaluation samples per second across models

4.2.3. Evaluation Runtime

Figure 6 depicts the total wall-clock time required to
complete the evaluation pass. Consistent with the throughput
observations, DeBERTa-v3-base demonstrated the shortest
evaluation duration (19.68 s), and GPT-Neo-1.3B emerged
as the most efficient generative model (27.41 s); conversely,
Gemma-3-1B necessitated the most substantial temporal
expenditure (44.36 s). This inverse runtime ordering appears
to reinforce the purported efficiency advantages of the
smaller architectures within the unified pipeline.

eval/runtime
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Figure 6. Evaluation runtime (seconds) across models

4.2.4. Evaluation Loss

Figure 7 contrasts the final validation loss of the six
models. DeBERTa-v3-base exhibited the lowest loss owing
to its discriminative objective; among the generative models,
Meta Llama-3.2-3B exhibited the lowest evaluation loss,
suggesting the best generalization, while Microsoft Phi-4-
mini and Qwen3-1.7B registered the highest values. The
observation that lower evaluation loss might not necessarily
translate directly into superior downstream classification
performance warrants attention: as demonstrated within
Subsection 4.5, Phi-4-mini achieved the high-est weighted
F1-score among all models despite its higher validation loss,
and DeBERTa—despite the lowest loss of all—demonstrated
the lowest accuracy.



60 Md Abdullah Al Mamun and Md. Shohrab Hossain:

An Empirical Evaluation of QLoRA-Fine-Tuned

Generative Models for Enterprise-Scale Three-Class Tweet Sentiment Analysis

eval/loss

GPT-Neo-1.3B-QLoRA-eval 3.7581

4.0728

Llama-3.2-3B-QLoRA-eval 37018

Phi-4-mini-QLoRA-eval 1p96

Qwen3-1.7B-QLoRA-eval

0.7687 DeBERTa-v3-base-QLoRA-eval

20 25 30 35 40

Evaluation loss

10 15

0.5

0.0
Figure 7. Evaluation loss across models

4.3. BLEU Score

Table 7 reports the composite BLEU score together with
its constituent one- to four-gram precisions, the brevity
penalty, length ratio, and translation and reference lengths
for each model. Consistent with Subsection 5.2, BLEU is
reported here as a generative-fidelity diagnostic and not as a
measure of classification correctness; for the discriminative
DeBERTa-v3-base, whose generated span is simply the
predicted class token, the BLEU and Recall-Oriented
Understudy for Gisting Evaluation (ROUGE) figures are
included for completeness only and possess no utility regarding
classification assessment.

As Table 7 indicates, among the generative models,
GPT-Neo-1.3B obtained the highest Bilingual Evaluation
Understudy (BLEU) score (0.4958) and the highest n-gram
precisions at every order, demonstrating the closest lexical
alignment with the reference spans. The remaining generative
models exhibited narrow clustering, with performance metrics
ranging from 0.4653 (Qwen3-1.7B) to 0.4795 (Llama-3.2
-3B). The encoder baseline’s nominally higher BLEU score
(0.6310) may constitute an artifact resulting from the emission

of constrained, fixed-class tokens of lengths comparable to
the reference, which suggests that this metric may warrant
caution when interpreted as an indicator of generative efficacy.

4.4, ROUGE Score

The ROUGE results, as presented in Table 8, appear to
corroborate the previously observed findings from the
Bilingual Evaluation Understudy (BLEU). Among the
generative models, GPT-Neo-1.3B again led across all four
ROUGE variants (ROUGE-L = 0.6481), with Llama-3.2-3B
following in second position (ROUGE-L = 0.6427). The
consistently high ROUGE-L and ROUGE-Lsum values—
exceeding 0.61 for every generative model—may indicate
strong recall of the longest common subsequences be-tween
generated and reference spans. Qwen3-1.7B recorded the
lowest generative ROUGE scores (ROUGE-L = 0.6130). As
with BLEU, the encoder’s higher ROUGE values may reflect
short, fixed-token outputs rather than more substantive
generation.

4.5, Confusion Matrix

Beyond generative overlap metrics, the sentiment-
classification quality of each model was assessed through
confusion matrix analysis over the three target classes—
negative, neutral, and positive—on a balanced test set of
1,000 samples. The confusion matrix serves to elucidate the
type and source of misclassification, providing essential
diagnostic utility for multi-class classification tasks. Table 9
presents the weighted-average precision, recall, F1-score,
and overall accuracy for all six models, after which
per-model classification reports and confusion matrices are
examined in turn. Both weighted-average and macro-average
figures are reported in the per-model tables so that minority-
class (neutral) behavior is not obscured.

Table 7. BLEU score comparison across models

Metric GPT-Neo-1.3B Gemma-3-1B Llama-3.2-3B Phi-4-mini Qwen3-1.7B DeBERTa-v3-base
BLEU Score 0.4958 0.4770 0.4795 0.4754 0.4653 0.6310
Unigram precision 0.5199 0.5011 0.5037 0.4995 0.4893 0.6532
Bigram precision 0.5047 0.4859 0.4884 0.4843 0.4742 0.6394
Trigram precision 0.4885 0.4697 0.4723 0.4681 0.4581 0.6243
Tetragram precision 0.4713 0.4525 0.4550 0.4510 0.4409 0.6079
Brevity Penalty 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000
Length Ratio 1.9234 1.9958 1.9852 2.0021 2.0436 1.5308
Generated sequence length 32,612 33,838 33,659 33,945 34,649 25,955
Reference sequence length 16,955 16,955 16,955 16,955 16,955 16,955
Table 8. ROUGE score comparison across models
Metric GPT-Neo-1.3B Gemma-3-1B Llama-3.2-3B Phi-4-mini Qwen3-1.7B DeBERTa-v3-base
ROUGE-1 0.6479 0.6386 0.6428 0.6314 0.6131 0.7584
ROUGE-2 0.6234 0.6142 0.6189 0.6069 0.5887 0.7362
ROUGE-L 0.6481 0.6386 0.6427 0.6316 0.6130 0.7584
ROUGE-Lym 0.6480 0.6387 0.6431 0.6317 0.6133 0.7586
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Table9. Classification metrics measured against teacher-generated silver-standard labels, including weighted-average precision, recall and F1-score,

and overall accuracy

Rank Model Precision (%0) Recall (%) F1-Score (%) Accuracy (%)
1 GPT-Neo-1.3B 90.17 90.70 89.93 89.70
2 Google Gemma-3-1B 89.85 88.78 88.79 88.10
3 Meta Llama-3.2-3B 91.36 91.76 91.50 91.50
4 Microsoft Phi-4-mini 92.54 92.26 92.38 92.60
5 Qwen3-1.7B 90.43 90.92 90.59 90.80
6 DeBERTa-v3-base 83.10 80.76 81.55 82.50

Table 9 appears to delineate the principal classification
finding of this study: Microsoft Phi-4-mini achieved the
strongest overall performance, with 92.6% accuracy and
92.38% weighted F1, closely followed by Meta Llama-3.2-3B
(91.5%) and Qwen3-1.7B (90.8%), with GPT-Neo-1.3B at
89.7% and Gemma-3-1B at 88.1%. Critically, all five compact
generative models appear to outperform the discriminative
DeBERTa-v3-base baseline, which reached 82.5% accuracy
and 81.55% weighted F1—a margin of roughly 7 to 10
percentage points.

Under the evaluated experimental configurations,
all five generative models achieved higher accuracy than
the DeBERTa-v3-base baseline on the teacher-generated
silver-standard labels. However, because the encoder was
not subjected to a separate, systematic classification-specific
optimization study, these findings should be interpreted as a
comparison of the evaluated configurations rather than
evidence of the general superiority of generative models over
well-optimized encoder-based classifiers.

Table 10. Classification report for Meta Llama-3.2-3B

Class Precision | Recall | F1-Score | Support
Negative 0.8617 0.9273 0.8933 289
Neutral 0.9424 0.9258 0.9340 283
Positive 0.9367 0.8995 0.9178 428

Accuracy — — 0.9150 1000
Macro Average 0.9136 0.9176 0.9150 1000
Weighted Average 0.9167 0.9150 0.9153 1000
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Figure 8. Confusion matrix for Meta Llama-3.2-3B

4.5.1. Confusion Matrix — Meta Llama-3.2-3B

As delineated in Table 10 and Figure 8, the categorization
of the three sentiment classes by Llama-3.2-3B appears to
exhibit high and well-balanced reliability, as evidenced by
a uniform 0.915 macro- and weighted-average F1-score.
Although the model demonstrated proficiency regarding the
neutral class (F1 = 0.934), the primary source of classification
error may be attributed to a modest confusion between the
negative and positive classes, evidenced by the observation
that 21 negative samples were misclassified as positive.

This balanced per-class profile suggests that Llama-3.2-3B
could represent a dependable selection for applications
wherein consistent treatment of all polarity classes may be
required.

4.5.2. Confusion Matrix — Google Gemma-3-1B-IT

An evaluation of the performance metrics suggests that the
classification model’s utility appears robust; nevertheless,
the results pertaining to the neutral class may necessitate
subsequent analytical validation.

Table 11 and Figure 9 suggest that Gemma-3-1b-it, the
smallest generative model in the study, attained near-perfect
recall on the negative class (0.98) and high precision on the
neutral class (0.96), but at the cost of substantially reduced
neutral recall (0.77): The misclassification of 47 neutral
samples as positive may indicate a tendency to over-predict
the positive class at the expense of neutral instances—a
manifestation of the neutral-class ambiguity discussed.
Despite this, the model maintained a creditable 0.89 weighted
F1-score, suggesting that even a 1-billion-parameter instruction
-tuned model can deliver strong sentiment-classification
performance under Quantized Low-Rank Adaptation (QLoRA)
fine-tuning, albeit with a less uniform per-class balance than
the larger models.

Table 11. Classification report for Google Gemma-3-1B-IT

Class Precision | Recall | Fl-score | Support
Negative 0.8468 0.9826 | 0.9097 287
Neutral 0.9609 0.7700 | 0.8549 287
Positive 0.8879 0.9108 0.8992 426
Accuracy — — 0.8910 1000
Macro Average 0.8985 0.8878 0.8879 1000
Weighted Average 0.8970 0.8910 | 0.8895 1000




62 Md Abdullah Al Mamun and Md. Shohrab Hossain:

An Empirical Evaluation of QLoRA-Fine-Tuned

Generative Models for Enterprise-Scale Three-Class Tweet Sentiment Analysis

350
negative
300

250

neutral - 19 221 a7 - 200

True label

- 150

- 100

positive - 32 6
r 50

T T

. \
e@a‘\\‘e (\e\)“a
N\

Predicted label
Figure 9. Confusion matrix for Google Gemma-3-1b-it

N
o
‘)0

4.5.3. Confusion Matrix — Microsoft Phi-4-mini-instruct

Table 12. Classification report for Microsoft Phi-4-mini-instruct

Class Precision | Recall | Fl-score | Support
Negative 0.9172 0.9268 0.9220 287
Neutral 0.9291 0.8912 0.9097 294
Positive 0.9299 0.9499 | 0.9398 419

Accuracy — — 0.9260 1000
Macro Average 0.9254 0.9226 0.9238 1000
Weighted Average 0.9260 0.9260 | 0.9258 1000
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Figure 10. Confusion matrix for Microsoft Phi-4-mini-instruct

Data presented in Table 12 and Figure 10 suggest that
the Microsoft Phi-4-mini-instruct architecture facilitated
the most balanced and accurate classification among all
six models, achieving a uniform 0.926 across precision,
recall, and weighted F1-score, and tightly clustered per-class
Fl-scores (0.91-0.94). The pattern of misclassifications
appears minimal and comparatively symmetric, with 21
negative samples predicted as positive and 32 neutral
samples spread across the polarity classes. This consistently
high performance across all polarity classes—and its
clear margin over the discriminative baseline—suggests the

suitability of Phi-4-mini-instruct as the recommended model
for enterprise sentiment analysis deployments in which
uniform reliability is paramount.

4.5.4. Confusion Matrix — GPT-Neo-1.3B

Classification performance metrics suggest that while the
categorization of neutral instances achieves optimal
precision, the identification of negative and positive classes
may necessitate further adjustment to achieve a more robust
balance between precision and recall.

As indicated in Table 13 and Figure 11, the Generative
Pre-trained Transformer (GPT)-Neo-1.3B—notwithstanding
the attainment of the highest Bilingual Evaluation Under-
study (BLEU) and Recall-Oriented Understudy for Gisting
Evaluation (ROUGE) scores among the generative mod-els
—exhibited a lack of balance in the classification profile
of the decoder-only group. The model appeared to attain
high recall on the negative class (0.97) and high precision on
the neutral and positive classes; however, the negative class
precision fell to 0.79 as a substantial number of positive
samples (65) were misclassified as negative, an error that
appears to depress the positive recall to 0.83. The resultant
F1-score of 0.868 on the negative class may illustrate a
systematic bias toward the negative label.

Table 13. Classification report for GPT-Neo-1.3B

Model Duration (mm:ss) Final Loss
GPT-Neo-1.3B 15:04 1.699
Gemma-3-1B 21:30 1.813
Llama-3.2-3B 19:44 1.592

Phi-4-mini 18:17 1.720
Qwen3-1.7B 24:35 1.735
DeBERTa-v3-base 9:47 0.521
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Figure 11. Confusion matrix for GPT-Neo-1.3B

4.5.5. Confusion Matrix — Qwen3-1.7B

While the performance metrics appear to indicate robust
predictive capacity, the macro-averaged outcomes may
suggest a certain degree of variance when evaluating the
model across disparate classification categories.
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Figure 12 The confusion matrix, which elucidates the
classification output of the Qwen3-1.7B model, highlights
variations in predictive accuracy.

Table 14. Classification report for Qwen3-1.7B

Class Precision | Recall | Fl-score | Support
Negative 0.8411 0.9215 | 0.8795 293
Neutral 0.9164 0.9065 | 0.9114 278
Positive 0.9554 0.8998 | 0.9268 429
Accuracy — — 0.9080 1000
Macro Average 0.9043 0.9092 0.9059 1000
Weighted Average 0.9111 0.9080 | 0.9086 1000
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Figure 12. Classification report for Qwen3-1.7B
4.5.6. Confusion Matrix — DeBERTa-v3-base
Table 15. Classification report for DeBERTa-v3-base
Class Precision | Recall | F1-Score | Support
Negative 0.8522 0.7127 0.7762 275
Neutral 0.8333 0.7807 0.8062 301
Positive 0.8074 0.9292 0.8640 424
Accuracy — — 0.8250 1000
Macro Average 0.8310 0.8076 0.8155 1000
Weighted Average 0.8275 0.8250 0.8225 1000

Table 15 and Figure 13 report the discriminative DeBERTa-
v3-base baseline, the least robust classification architecture.
Although it achieved the lowest training and validation
loss and the fastest inference, the downstream accuracy
appeared limited to 82.5%, with the lowest recall on the

negative (0.71) and neutral (0.78) classes and a pronounced
tendency to over-predict the positive class (62 negative and
43 neutral samples misclassified as positive). This evidence
may constitute a pivotal comparative result of the study:
a strong, purpose-built discriminative encoder, fine-tuned
under the same parameter-efficient regime, is outperformed
on this three-class tweet task by every compact generative
model by a margin of roughly 7 to 10 accuracy points.
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Figure 13. Confusion matrix for DeBERTa-v3-base

4.6. Response Time

For enterprise applications, the average response time—
the mean wall-clock delay per inference request—was therefore
measured for each model under identical conditions. Table
16 elucidates these values, while Figure 14 visualizes the
comparison. For the Table 16, Avg. token/second column
value taken from the Table 17 and Peak allocation memory
(GB) column value taken from during training matric.

Avg. Response Time (Seconds)

GPT-Neo-1.3B 0.6080

Gemma-3-1B 1.0672
Llama-3.2-3B

Phi-4-mini 0.6855

Qwen3-1.7B 0.8737

00257  DeBERTa-v3-base

0.0 0.2 0.4 0.6 0.8 1.0
Avg. Response Time (Seconds)

Figure 14. Average response time comparison across models

Table 16. Comparison of inference latency, throughput, and memory requirements across the evaluated models

# Model Avg. Response Time Avg. Tokens/Second Peak Allocated Memory (GB)
1 GPT-Neo-1.3B 0.6080 seconds 16.45 1.1284
2 Google Gemma-3-1B 1.0672 seconds 9.29 1.4939
3 Meta Llama-3.2-3B 0.7176 seconds 12.35 2.8915
4 Microsoft Phi-4-mini 0.6855 seconds 14.46 3.9603
5 Qwen3-1.7B 0.8737 seconds 11.45 1.9519
6 DeBERTa-v3-base 0.0257 seconds 827.44 0.4374
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As evidenced by Table 16 and Figure 14, the discriminative
DeBERTa-v3-base exhibited the lowest latency at 0.0257
seconds per request—roughly an order of magnitude faster
than any generative model—potentially reflecting its single
forward pass and absence of autoregressive decoding.
Among the generative models, GPT-Neo-1.3B delivered the
fastest inference at 0.608 seconds per request, followed
closely by Microsoft Phi-4-mini at 0.686 seconds. Gemma-
3-1B, notwithstanding a relatively modest parameter count,
constituted the slowest generative model at 1.067 seconds
per request—approximately 75% slower than GPT-Neo—
reflecting tokenizer and decoding overheads rather than raw
parameter count. The combination of high accuracy (92.6%)
and low latency (0.686 seconds) suggests that Phi-4-mini
may be particularly suitable for time-sensitive enterprise
sentiment analysis services that prioritize predictive quality,
whereas DeBERTa-v3-base presents a clear accuracy-for
-latency trade-off for ultra-high-throughput settings that can
tolerate its lower accuracy.

4.7. System Performance

To profile the computational footprint of each fine-tuning
run, system-level resources were monitored continuously
through the Weights & Biases platform. The generative
models were fine-tuned on an NVIDIA A100-SXM4-40GB
GPU, as recorded in Table 18, supported by 167.1 GB
of system RAM and 235.7 GB of available disk storage.
Monitored indicators—including GPU memory allocation,
disk utilization, process memory consumption, token throughput,
and VRAM allocation—provide a detailed assessment of
resource efficiency during large-scale fine-tuning.

4.7.1. GPU Memory Allocated
GPU Memory Allocated (%)
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Figure 15. GPU memory allocated (%) during fine-tuning

Figure 15 delineates the GPU memory allocation
through-out the training process. All six models maintained
remarkably low and stable GPU memory utilization—below
approximately 20% throughout—directly attributable to the
4-bit NF4 quantization and adapter-only updates of the
QLoRA scheme [9]. While the largest model, Phi-4-mini,
exhibited the highest allocation plateau, GPT-Neo-1.3B and
the lightweight DeBERTa-v3-base occupied the lowest bands.
Allocated memory represents the memory occupied by
active PyTorch tensors, whereas reserved memory represents

the memory managed by PyTorch's caching allocator.
The physical memory capacity of the GPU was recorded
independently, and any memory-utilization percentage was
calculated and labelled according to its stated denominator.

4.7.2. Disk Utilization

Figure 16 delineates disk utilization in gigabytes throughout
the training process. Disk consumption remained stable
within a narrow band (approximately 50-56 GB) across all
models, which reflects the lightweight checkpointing
footprint of the LORA adapters; specifically, only the small
adapter weights, rather than the full quantized backbone,
require persistence. Phi-4-mini exhibited the highest disk
utilization, whereas the encoder baseline recorded the
low-est; this variance appears consistent with their respective
adapter and checkpoint magnitudes. The minimal storage
overhead appears to constitute a further practical advantage
of the approach for enterprise environments, where model
versioning and checkpoint retention costs may accumulate
across numerous fine-tuning iterations.
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Figure 16. Disk utilization (GB) during fine-tuning

4.7.3. Process Memory in Use

Process Memory In Use (MB)
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Figure 17. Process memory in use (MB) during fine-tuning

Figure 17 delineates host-side process memory consumption.
While Qwen3-1.7B appears to sustain the highest process
memory footprint (approximately 5,000 MB), followed by
Phi-4-mini and Llama-3.2-3B, the GPT-Neo-1.3B, Gemma-
3-1B, and DeBERTa-v3-base variants maintain lower memory
consumption below 3,800 MB. This observed stratification
may be attributed to inherent variations in model-specific
tokenizer architectures, vocabulary constraints, and distinct
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adapter configurations. Across all models, process memory
remained well within the avail-able 167.1 GB of system
RAM, suggesting that substantial headroom remains for
concurrent workloads in a production setting.

4.7.4. Token Utilization

Figure 18 and Table 17 appear to facilitate the quantification
of token throughput during training and inference. During the
training phase, GPT-Neo-1.3B appears to have demonstrated
what may be the highest token-processing rate among the
generative models, reaching 346.82 tokens per second;
conversely, Qwen3-1.7B exhibited the lowest rate at 214.37
tokens per second, a performance differentiation that largely
mirrors the training-duration hierarchy presented in Table 4.
In contrast, during inference, GPT-Neo-1.3B once more
demonstrated the highest throughput within the generative
cohort, averaging 16.45 tokens per second, with Phi-4-mini
following at 14.46 tokens per second; Gemma-3-1B, in
contrast, registered the lowest performance at 9.29 tokens
per second. The discriminative DeBERTa-v3-base operated
within a distinct regime. Given its emission of a singular
classification token, as opposed to an autoregressive span, its
effective tokens-per-second metric (averaging 827 with
substantial variance, standard deviation [SD] of 388) cannot
be directly compared with those of the generative decoders.

4.7.5. VRAM Allocation

Figure 19 and Table 18 detail VRAM allocation during
training. Owing to the implementation of 4-bit quantization,
the VRAM allocation remained exceptionally constrained
for every model, ranging from 0.44 GB for the lightweight
DeBERTa-v3-base through 1.13 GB for GPT-Neo-1.3B

to 3.96 GB for Phi-4-mini. Even when accounting for
reserved memory, the peak GPU utilization does not exceed
approximately 10% on the 40 GB A100 devices. The flat
VRAM curves in Figure 19 suggest a constant, predictable
memory footprint throughout training. These measurements
elucidate the capacity of the parameter-efficient regime to
reduce VRAM requirements to a small fraction of device
capacity—enabling all models, including the 3.8-billion-
parameter Phi-4-mini, to be fine-tuned on a single mid-range
GPU. This dramatic compression of the hardware requirement,
achieved without degrading classification accuracy, constitutes
the central enabler of cost-effective, enterprise-scale
sentiment-analysis fine-tuning and aligns with the efficiency
gains reported for QLoRA on substantially larger models [9].
Actual feasibility depends on the GPU architecture, available
VRAM, model-loading requirements, sequence lengths,
batch size, numerical precision, and inference or training
workload.
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Figure 18. Token throughput (tokens per second) during training

Table 17. Token throughput by model (training throughput and inference-time tokens-per-second statistics)

Model Training Tokens/Second | Avg. Tokens/Second | Min. Tokens/Second | Max Tokens/Second | Standard Deviation
GPT-Neo-1.3B 346.819 16.45 12.82 16.98 0.22
Google Gemma-3-1B 241.404 9.29 821 9.51 0.11
Meta Llama-3.2-3B 265.986 12.35 7.88 12.90 0.54
Microsoft Phi-4-mini 283.834 14.46 10.59 14.85 0.30
Qwen3-1.7B 214.367 11.45 7.56 11.77 0.16
DeBERTa-v3-base 531.962 827.44 31.25 2332.36 388.09

Table 18.
corresponding GPU model

Peak allocated and peak reserved GPU memory during fine-tuning, together with CUDA-reported device memory capacity and the

Model Peak Allocated Peak Reserved CUDA-Reporte(_ii Allocated-to-Total GPU Model
Memory (GB) Memory (GB) Total Memory (GiB) GPU Memory (%)
GPT-Neo-1.3B 1.1284 1.8066 39.4935 2.8571 A100-SXM4-40GB
Google Gemma-3-1B 1.4939 4.4258 39.4935 3.7827 A100-SXM4-40GB
Meta Llama-3.2-3B 2.8915 4.9766 39.4935 7.3215 A100-SXM4-40GB
Microsoft Phi-4-mini 3.9603 7.1094 39.4935 10.0278 A100-SXM4-40GB
Qwen3-1.7B 1.9519 3.9082 39.4935 4.9424 A100-SXM4-40GB
DeBERTa-v3-base 0.4374 0.5801 39.4935 1.1075 A100-SXM4-40GB
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Taken together, the results establish a clear set of
trade-offs for practitioners. Microsoft Phi-4-mini offers
superior classification quality (92.6% accuracy and F1) with
low latency (0.686 s), making it the recommended general-
purpose choice. Meta Llama-3.2-3B and Qwen3-1.7B
provide balanced performance at 91.5% and 90.8% accuracy,
respectively, with Qwen3 adding multilingual robustness.
GPT-Neo-1.3B delivers the highest generative-overlap scores
and the fastest, most resource-efficient generative inference,
but its class-imbalanced predictions make it less suitable
where uniform polarity treatment is required. The
discriminative DeBERTa-v3-base minimizes latency and
memory cost dramatically but decisively records the lowest
classification ac-curacy of all six models, suggesting that, for
this three-class short-text task, the generative paradigm is
the more accurate choice. Across every configuration, 4-bit
parameter-efficient fine-tuning constrained GPU memory,
VRAM, disk, and host memory usage to a small fraction of
available capacity while preserving competitive accuracy,
suggesting that the proposed QLoRA pipeline may render
enterprise-scale sentiment analysis on contemporary
generative transformers both technically and economically
feasible on single-GPU infrastructure.

5. Experimental Analysis

This section presents an integrative analysis of the
experimental outcomes detailed in Section 4; it delineates the
quantitative evidence across classification quality, generative
fidelity, inference efficiency, and computational foot-print
to ascertain which of the six fine-tuned models might be most
suitable for enterprise-scale sentiment analysis under varying
operating conditions. The analysis proceeds in four parts:
a cross-model performance comparison grounded in Tables
6-9 and 16-18; a discussion of the principal challenges that
bound classification accuracy, and an examination of
concrete avenues for further improvement.

5.1. Performance Comparison

The comparative assessment of the six models draws
together four complementary dimensions of evidence:
classification quality (Table 9), generative-overlap fidelity
(Table 7 and Table 8), evaluation-stage throughput and loss

(Table 6), and deployment-oriented efficiency. The latter
category comprises response time (Table 16), token
throughput (Table 17), and memory footprint (Table 18).
The joint consideration of these dimensions appears to
mitigate the well-documented pitfall of optimizing a single
metric in isolation; this synthesis may yield a nuanced
ranking, wherein the optimal model selection might be
contingent upon whether the deployment priority entails
predictive accuracy, latency, or hardware cost.

Classification quality. Table 9 delineates the weighted-
average precision, recall, and F1-score, in addition to
over-all accuracy. Microsoft Phi-4-mini-instruct delivered
the strongest and most balanced classification performance,
attaining 92.6% accuracy and 92.38% weighted F1. Meta
Llama-3.2-3B and Qwen3-1.7B followed at 91.5% and 90.8%
accuracy, while GPT-Neo-1.3B and Google Gemma-3-1B
recorded 89.7% and 88.1%. The observed performance
advantage of Phi-4-mini appears consistent with its
instruction-optimized pretraining and its all-linear adapter
placement, which together afford greater representational
flexibility for the classification objective; the extant
literature suggests that the selection of the foundational
model may represent a key determinant of downstream
sentiment classification accuracy [2].

Generative fidelity. Because the generative models
per-form sentiment extraction as a text-to-text generation
task, the BLEU and ROUGE scores in Table 7 and Table
8 quantify the lexical fidelity of the generated label spans
relative to the reference annotations. Here, the ranking
diverges from the classification ordering: GPT-Neo-1.3B
achieved the highest BLEU score (0.4958) and the highest
generative ROUGE-L (0.6481), with the other generative
models clustering narrowly. BLEU and ROUGE are n-gram
-overlap metrics originally designed for machine translation
and summarization, respectively [21], and they measure surface
lexical agreement rather than classification correctness.

Evaluation efficiency and validation loss. Table 6
delineates evaluation-stage behavior. The discriminative
encoder obtained the lowest validation loss (0.7687) and
highest throughput by construction; among the generative
models, Meta Llama-3.2-3B obtained the lowest validation
loss (3.7018), marginally ahead of GPT-Neo-1.3B (3.7581),
whereas Microsoft Phi-4-mini recorded the highest (4.1096).
The observation that Phi-4-mini attained the best
classification accuracy of all six models despite a relatively
high generative validation loss—and that De-BERTa, with
the lowest loss of all, recorded the lowest accuracy—
reinforces the preceding point: the token-level cross-entropy
and discriminative objectives may be only loosely aligned
with the discrete classification objective, so validation
loss alone is an unreliable proxy for downstream accuracy.
In throughput terms, the lightweight GPT-Neo-1.3B was the
most efficient generative model at evaluation (36.478 samples
per second), while Gemma-3-1B was the slowest (22.544).

In summary, Microsoft Phi-4-mini-instruct appears to be
the recommended model for accuracy critical enterprise
sentiment analysis, combining the highest classification
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quality (92.6% accuracy and weighted F1) with near-best
generative inference latency (0.686 s). Where the deployment
priority shifts toward minimal latency and hardware cost,
and a lower accuracy is acceptable, the discriminative
DeBERTa-v3-base appears to constitute a viable alternative
—offering an order-of-magnitude faster inference (0.026 s)
and the smallest VRAM footprint (0.44 GB)—while GPT-
Neo-1.3B offers the fastest generative inference with the
highest generative overlap scores, though its less balanced
per-class behavior tempers its suitability. Meta Llama-3.2-
3B and Qwen3-1.7B appear to occupy a favorable middle
ground at 91.5% and 90.8% accuracy, with Qwen3-1.7B
additionally providing multilingual robustness valuable for
globally distributed enterprises.

5.2. Challenges

Although all five generative models achieved high
aggregate accuracy, several systematic factors constrain
further gains toward perfect classification. The identification
of these challenges appears essential both for interpreting the
present results.

Label noise, silver-standard supervision: As detailed,
the automatic generation of dataset labels by the cardiffnlp/
twitter-roberta-base-sentiment-latest teacher model, rather
than by human annotators, implies that the reported accuracies
assess the degree of concordance with that teacher; these
figures primarily reflect teacher agreement rather than
human gold-standard alignment. A further limitation is the
absence of an independently human-annotated evaluation
set. Although the existing results provide a comparative
assessment of agreement with teacher-generated labels, they
do not independently establish the models’ alignment with

human sentiment judgments.

Neutral-class confusion and class imbalance. The
per-class classification reports in Section 4.5 suggest that the
neutral class constitutes the primary source of error across
models [18]. For Gemma-3-1B, neutral recall fell to 0.77 as
47 neutral tweets were misclassified as positive, and several
models exhibited asymmetric negative—positive confusion.
This pattern appears characteristic of short-text sentiment
analysis, wherein the neutral category is intrinsically
ambiguous and frequently overlaps with the polarity classes;
the same neutral-class weakness has been reported in
QLoRA-fine-tuned LLaMA-3 on three-class product reviews,
where the neutral F1-score (0.81) trailed the negative (0.87)
and positive (0.90) scores [18]. Class imbalance compounds
this difficulty: because aggregate accuracy and weighted F1
can be dominated by majority classes, the provision of
macro-averaged F1 in every per-model table of Section 5.1
serves to expose minority-class behavior, in line with
recommended practice for imbalanced sentiment data.

Metric and evaluation limitations. Finally, as noted in
Subsection 5.2, the Bilingual Evaluation Understudy (BLEU)
and Recall-Oriented Understudy for Gisting Evaluation
(ROUGE) metrics appear to possess inherent limitations,
such as lexical overlap bias, inattention to semantic
equivalence, and challenges pertaining to paraphrasing,
which may contribute to a misrepresentation of model quality
[28,26]. Reliance on these metrics in isolation might lead to
biased conclusions; the present study mitigates this by an-
choring its conclusions in classification metrics, macro- and
weighted-F1, and confusion matrix analysis benchmarked
against a discriminative encoder, and by treating generative-
overlap scores strictly as supporting diagnostics.

Table 19. Consolidated cross-model comparison across classification quality, generative fidelity, inference efficiency, and memory footprint, with the
recommended deployment scenario for each model. Values are drawn from Table 6—Table 9 and Table 16—Table 18

Accuracy | F1-Score Latency | VRAM
Model %) %) BLEU ROUGE-L ©) (GB) Deployment Context
Microsoft The model appears to yield optimal accuracy
. L 92.6 924 0.4754 0.6316 0.686 3.96 with reduced latency; such characteristics suggest
Phi-4-mini . o .
its suitability as a general-purpose option.
Meta This architecture demonstrates balanced
Llama-3.2-38 915 915 0.4795 0.6427 0.718 2.89 | accuracy with reduced generative validation
' loss, which may indicate a robust alternative.
This configuration combines balanced accuracy
Qwen3-1.7B 90.8 90.9 0.4653 0.6130 0.874 1.95 with multilingual robustness; such traits may
facilitate effective cross-lingual text analysis.
This system exhibits superior generative
GPT-Neo-1.3B 89.7 89.8 0.4958 0.6481 0.608 113 inference speed, suggesting potential suit-ability
for data exhibiting class imbalance.
Goodle This model offers the most constrained
Gemmﬁs_ 1B 88.1 88.8 0.4770 0.6386 1.067 149 generative footprint, although per-class
behavior suggests less balance.
It’s maintained minimal latency and memory
DeBERTa-v3-base 825 82.3 — — 0.026 0.44 requirements, though it represents a discriminative
baseline that may yield lower accuracy.
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Single-Run Evaluation and Statistical Uncertainty.
The comparative results reported in this study are based on
the evaluated training runs for each model. Because
independent training runs with different random seeds were
not conducted, the sensitivity of the observed performance to
training randomness could not be quantified. Furthermore,
confidence intervals and statistical significance tests were
not calculated for the reported model comparisons.

5.3. Comparison with Existing Works

To contextualize the present findings within the broader
scholarly discourse, Table 20 delineates the accuracy and
F1 scores observed herein alongside those documented in
recent peer-reviewed and preprint investigations regarding
the implementation of QLoRA and LoRA for LLMs in
sentiment analysis.

Contextualization relative to proximal research:
The most proximate research appears to be the QLoRA
benchmarking of LLaMA-family models on Twitter and
movie-review sentiment by [2], which exhibits alignment
with the QLoRA methodology, task configuration, and
LLaMA lineage utilized in the present study, and which
likewise applies a single configuration across all models. On
Twitter data, that study’s best model (LLaMA-3 8B) reached
85.6% accuracy and 0.849 F1; the present generative models
attain 88.0-92.6% accuracy on a three-class tweet task,
potentially situating them at or above that benchmark,
notwithstanding that three-class polarity may be considered
more complex than the binary setting. Similarly, QLoRA
fine-tuning of LLaMA-3 on three-class Amazon reviews
reached approximately 86% accuracy [18], again below the

present generative results. Where prior studies report higher
figures—such as 91.2% on binary Internet Movie Database
(IMDB) [2]—the task is either binary, and thus intrinsically
easier than three-class polarity, or aspect-level with additional
prompt-engineering augmentation, thereby rendering direct
comparison to the present three-class, short-text investigative
paradigm potentially problematic.

Interpretation of Empirical Findings. When considered
with the appropriate cross-dataset caution—and with the
silver-label caveat of Subsection 5.2 firmly in mind—the
comparison suggests that the present results are competitive
with, and in several same-task comparisons superior to, the
published Quantized Low-Rank Adaptation (QLoRA) state
of the art for compact open Large Language Models (LLMs)
on three-class short-text sentiment, a combination for which
the literature remains relatively thin and reports accuracies
predominantly in the mid-eighties [2]. The comparison also
corroborates three broader findings of this work: first, that
base-model quality may dominate the LORA-versus-QLoRA
choice, with instruction-tuned models such as Phi-4-mini and
Llama-3.2 outperforming the older GPT-Neo backbone,
mirroring the gap between Mistral-7B and GPT-2; second,
that Qwen-family models are competitive on noisy social-
media text; and third—the distinctive contribution of this
study—that for this three-class short-text task the generative
paradigm appears to outperform a tuned discriminative
encoder under matched conditions, a comparison absent
from the prior QLoRA-for-sentiment literature. Finally, the
efficiency advantages observed here echo the consensus that
QLORA appears to match LoRA and near-full fine-tuning
accuracy while sharply reducing memory [9].

Table 20. Comparison of the present results with recent Quantized Low-Rank Adaptation (QLoRA) and Low-Rank Adaptation (LoRA) sentiment
analysis studies on comparable model families. Preprints are marked [P]; all other entries are peer-reviewed. Accuracy and F1 are reported as stated in

each source for the indicated dataset and label scheme

Resfteligxce Architecture Specification Optimization Dataset (Class Count) Reported Accuracy (%) F1 Score
This work Phi-4-mini-instruct QLoRA Tweets (three-class) 92.6 0.924 (wtd)
This work Llama-3.2-3B QLoORA Tweets (three-class) 915 0.915
This work Qwen-2.5-1.7B QLoRA Tweets (three-class) 90.8 0.909
This work GPT-Neo-1.3B QLoORA Tweets (three-class) 89.7 0.898
This work Gemma-3-1B QLORA Tweets (three-class) 88.1 0.890
This work DeBERTa-v3-base . P.E'.:T . Tweets (three-class) 825 0.823
(discriminative)
[30] Llama-3 (8B) QLoRA Twitter (binary classification) 85.6 0.849
[30] Llama-3 (8B) QLoORA IMDB (binary classification) 91.2 0.908
0.81 neu /
[18] Llama-3 (8B) QLoRA Amazon (three-class) 86 0.90 pos
[24] Llama-3 (8B) LoRA/QLoRA Yelp (five-class) ~68 —
Financial PhraseBank

[6] Llama-3.1, Qwen-2.5 (8B) LoRA/QLoRA (three-class) 88.9 —

[6] Llama-3.1, Qwen-2.5 (8B) LoRA/QLORA FiQA-SA (three-class) 81.7 0.74 (mac)

[29] Mistral-7B QLoRA Finance News (three-class) 88.1 —
Ruetal. Llama-3 + prompt LoRA SemEval-2016 (ABSA) 923 0.905
(Preprint) engineering

[19] Qwen2.5-7B LoRA+PEFT SemEval-2014 (ABSA) 715 —

[32] Llama-3.1 (8B) LoRA TENS (fin. tweets) 92.0 0.955
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6. Conclusions

This study presented an empirical analysis of
QLoRA-based fine-tuning of generative transformer models
for enterprise-scale sentiment analysis in balancing accuracy
against efficiency and benchmarking the generative
paradigm against a discriminative baseline. Six compact
models were adapted within a unified, parameter-efficient
pipeline and evaluated on a three-class tweet task. Results
indicate that 4-bit QLoRA fine-tuning enables one-to-four-
billion-parameter generative transformers to achieve enterprise
-grade performance. Weighted accuracy ranged from 88% to
92.6%, with Phi-4-mini-instruct strongest at 92.6% accuracy
and 92.38% weighted F1. Notably, every generative model
outperformed the DeBERTa-v3-base baseline (82.5%) by
roughly 7-10 points, suggesting base-model quality and
learning paradigm, rather than the tuning method, dominate
downstream accuracy. Each model, including the 3.8-billion-
parameter Phi-4-mini, was run on a single A100-SXM4-40GB
GPU, with allocated VRAM of 0.44-3.96 GB and peak
utilization below 10% of a 40-GB device, consistent with
foundational QLoRA findings [9]. The evaluated generative
models achieved 88.1%-92.6% accuracy against the teacher
-generated silver-standard labels, with Phi-4-mini-instruct
achieving the highest observed agreement. Although these
results provide useful evidence for comparing the evaluated
models under a common QLORA configuration, they should
not be interpreted as equivalent to human-validated sentiment
accuracy. The absence of an independently human-annotated
evaluation set limits the conclusions that can be drawn
regarding alignment with human sentiment judgments.

Future work should evaluate the models on lower-memory
GPUs and assess performance across representative batch
sizes, input lengths, concurrent requests, and workload
volumes. Also, should validate the findings against
human-annotated data and examine whether the observed
model rankings persist under independent evaluation.
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