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Abstract

Aspect-based sentiment analysis (ABSA) plays a vital role in deriving fine-grained senti-
ment from textual content. As large language models (LLMs) are increasingly adopted for
automated data annotation in natural language processing (NLP), concerns have emerged
regarding the accuracy of their outputs. Despite their capacity to generate large volumes of
labeled data, LLMs often suffer from overconfidence in predictions, high uncertainty in com-
plex contexts, and difficulty capturing nuanced meanings, which compromise the quality
of annotations and, in turn, the performance of downstream models. This underscores the
need to enhance LLM adaptability while maintaining annotation accuracy. To address these
limitations, we integrated low-rank adaptation (LoRA) with parameter-efficient fine-tuning
(PEFT) for adapting Qwen2.5 to ABSA. LoRA reduces the number of trainable parameters by
decomposing weight updates into low-rank matrices, while PEFT introduces modular adapter
layers with scaled gradient updates and dynamic rank allocation. Using the standard SemEval
2014 Laptop dataset, Qwen2.5-3B fine-tuned with LoRA and PEFT achieves 64.50% accuracy,
outperforming its baseline of 24.05%. Likewise, Qwen2.5-7B attains 77.50%, compared with
a baseline of 34.63%. These results highlight the potential of parameter-efficient methods to
improve the accuracy of LLMs in ABSA annotation tasks, especially under resource constraints.
Such results lay the groundwork for scalable, reproducible LLM deployment and open avenues
for future research in cross-domain adapter transferability and dynamic rank optimization.

Keywords: aspect-based sentiment analysis; large language models; Qwen2.5; parameter-
efficient fine-tuning; low-rank adaptation

1. Introduction

Aspect-based sentiment analysis (ABSA) is an important subfield of sentiment analysis
in natural language processing (NLP) that focuses on extracting fine-grained opinions from
text by identifying sentiments expressed toward specific aspects of entities, such as “food”
or “environment” in restaurant reviews (Figure 1) [1,2].

This granularity provides actionable information for customer feedback analysis [3],
product improvement [3,4], and reputation management [4]. However, traditional ABSA
approaches face significant challenges, particularly in handling context dependency [5,6]
and aligning aspect terms with their corresponding opinion expressions [1,5,6]. Ambiguity
in language makes words carry multiple meanings depending on context and complicates
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accurate aspect-opinion alignment and sentiment polarity detection, often limiting the
effectiveness of conventional algorithms [1,2]. To address these challenges, large language
models (LLMs) are used to strengthen ABSA pipelines, automating data annotation [7-9],
which remains a critical bottleneck in traditional approaches.

positive negative
Thes veri except for th
Result of ABSA:
Aspect Sentiment
food positive
environment | negative

Figure 1. Sample of ABSA.

The advantages of LLMs, such as Tongyi Qianwen (Qwen), enable data annotation
by automating the labeling process for complex NLP, including ABSA [10]. While LLMs
have shown promising capabilities in generating annotations at scale and reducing the
dependence on manual labeling, their outputs sometimes lack consistency or contain errors,
necessitating careful validation or human-in-the-loop refinement to ensure high-quality
annotations [10-12]. Besides, LLM-based annotation systems exhibit notable limitations.
They might display overconfidence in uncertain contexts, struggle to capture nuanced sen-
timent, and misalign with human judgments, especially when subtle interpretive cues are
required [13,14]. These challenges highlight the need for robust validation and calibration
mechanisms when leveraging LLMs for annotation tasks [13,14].

While LLMs exhibit strong zero-shot and few-shot capabilities [15], achieving optimal
performance on specialized tasks such as ABSA often requires fine-tuning, also referred
to as model calibration [12,16]. Fine-tuning involves updating the model’s parameters on
task-specific annotated data to better capture the nuances and domain-specific language
patterns relevant to ABSA [16,17]. In the process, validation on a held-out dataset must
be conducted to monitor the model’s generalization performance and prevent overfitting,
ensuring that improvements on training data translate to real-world effectiveness [18-20].

However, fine-tuning large-scale LLMs is computationally expensive due to their
massive parameter counts, which pose significant resource and time constraints [21-24]. To
overcome these constraints, researchers have proposed Parameter-Efficient Fine-Tuning
(PEFT) methods. PEFT updates a small subset of parameters while keeping the majority
fixed, significantly lowering the computational burden without compromising perfor-
mance [25]. Among PEFT methods, one notable PEFT method is Low-Rank Adaptation
(LoRA), which has gained attention due to its efficiency and effectiveness in adapting
LLMs [26]. LoRA injects trainable low-rank matrices into existing model layers, leveraging
the insight that task-specific knowledge can often be represented in a lower-dimensional
subspace [26]. This approach enables efficient adaptation of LLMs with minimal memory
and compute requirements, making fine-tuning more accessible for specialized NLP tasks
like ABSA.

To address the limitations of LLMs in ABSA, including annotation inconsistency,
overconfidence in ambiguous contexts, and difficulty in capturing nuanced sentiment, we
investigated the effectiveness of fine-tuning LLMs using PEFT techniques. In particular, we
explored how to integrate LoRA, a prominent PEFT method, to improve model adaptability
and annotation quality without incurring the high computational costs of fine-tuning. By
combining LoRA’s low-rank decomposition with PEFT’s efficient update mechanisms,
the scalability and reliability of fine-tuned Qwen2.5 model variants are enhanced for
ABSA. Beyond evaluating fine-tuning effectiveness, a dynamic rank allocation strategy
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in LoRA was also proposed in this study to better balance computational overhead and
task-specific performance. The results of this study can be used to optimize resource
efficiency and improve model robustness and alighment with human judgment. A practical
and reproducible approach was also proposed for advancing LLM-based ABSA systems
through targeted fine-tuning and architectural optimization.

2. Related Work
2.1. ABSA Methodologies

Traditional ABSA approaches involve aspect extraction and sentiment classification.
However, recent advances favor end-to-end learning models that jointly optimize these
tasks, improving performance and reducing error propagation [27-29]. Transformer-based
architectures, especially those built on Bidirectional Encoder Representations from Trans-
formers (BERT) and its variants, have become dominant in ABSA due to their strong
contextual representation capabilities [30-32]. BERT’s bidirectional self-attention mech-
anism enables a nuanced understanding of sentiment and aspect terms by considering
context from both left and right sides simultaneously, outperforming earlier unidirectional
models [33]. WordTransABSA further enhances such capability by leveraging the entire
transformer parameters and utilizing sentiment-related pivot tokens to predict affective
tokens for target words, showing superior results in both full-data and few-shot learning
scenarios [34]. Moreover, Large Language Model Meta Al (LLaMA) improves cross-domain
generalization, reducing the need for extensive domain-specific fine-tuning [35]. These
transformer-based end-to-end methods have thus set new benchmarks in ABSA tasks
across various domains [35-37].

Despite the strong performance of transformer-based end-to-end models such as BERT
and its variants, as well as LLaMA for improved cross-domain generalization, limitations
still hinder their effectiveness in ABSA tasks. One major limitation is annotation incon-
sistency, particularly in datasets involving implicit aspects. Human annotation in these
cases is cognitively demanding and often leads to lower inter-annotator agreement, as
identifying abstract or implied sentiments is inherently subjective and error-prone [8]. An-
other limitation is overconfidence in ambiguous or context-dependent cases, where LLMs
generate confident yet incorrect predictions, undermining the robustness and reliability
of sentiment analysis systems [38]. Lastly, LLMs often struggle to capture nuanced or
implicit sentiment, especially when trained on synthetic datasets that lack the contextual
richness and lexical diversity of real-world text [8]. These limitations highlight the need for
improved annotation strategies, better model calibration, and more sophisticated reasoning
techniques, such as multi-step prompting or iterative refinement, to enhance the reliability
and generalizability of LLM-based ABSA across diverse application domains.

2.2. PEFT in LLMs

While these limitations pose challenges to LLM-based ABSA, recent advancements
in fine-tuning strategies, particularly PEFT, enable a promising methodology. LLMs sig-
nificantly advance ABSA by enabling powerful contextual understanding and generaliza-
tion [12,39]. However, despite their effectiveness, fine-tuning large-scale LLMs remains
computationally expensive and resource-intensive due to their massive parameter sizes,
limiting their accessibility and scalability in practical applications [21-24]. To overcome
these challenges, PEFT techniques are introduced to full fine-tuning [25,40—43]. Early ap-
proaches involved updating all model parameters, but PEFT techniques such as adapters
and LoRA have enabled efficient adaptation by tuning only a small subset of parameters or
injecting lightweight modules within the frozen backbone [26,44]. This evolution allows
for rapid and resource-efficient customization of LLMs for downstream tasks without com-
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promising performance [33]. These strategies have made it feasible to apply LLMs across
specialized tasks such as ABSA, even under resource constraints. In line with this trend,
the Qwen model adopts PEFT methods to efficiently adapt to diverse NLP applications,
balancing fine-tuning cost and inference efficiency [45-47]. Although detailed specifics
on Qwen adaptations are emerging, the trend aligns with broader PEFT strategies that
prioritize modular and scalable fine-tuning [33].

Nevertheless, the application of PEFT techniques, particularly LoRA, to ABSA using
Qwen models remains unexplored. This highlights the need for a systematic investiga-
tion into how PEFT enhances Qwen’s performance on ABSA tasks while simultaneously
minimizing computational overhead. This study aims to fill this gap by developing and
evaluating the effectiveness and efficiency of PEFI-based fine-tuning strategies tailored for
Qwen in ABSA, thereby advancing efficient and scalable sentiment analysis solutions.

3. Methodology
3.1. Data Description

The Semantic Evaluation (SemEval) 2014 Laptop domain dataset: https://aclanthology.
org/S14-2004/ (accessed on 20 May 2025) is widely used for ABSA [48-56]. It consists of
over 3000 English sentences extracted from customer reviews of laptops. The dataset is
divided into a training set containing 3045 records, a testing set with 800 records, and an
evaluation set comprising 219 records. Each entry in the dataset includes fields such as Sen-
tencelD, Raw_text, AspectTerms, and Aspect Categories, enabling detailed and structured
analysis of customer opinions. For this dataset, experienced annotators tag aspect terms
within sentences (Subtask 1) and assign sentiment polarities to these aspects (Subtask 2) [48].
The dataset is provided in XML format, with detailed annotations specifying the exact
aspect terms and their corresponding sentiment polarity labels, which include positive,
negative, neutral, conflict, and none (Table 1) [48].

Table 1. Sample records from the SemEval 2014 Laptop domain dataset.

SentencelD Raw_text AspectTerms AspectCategories
I charge it at night and skip [{‘term”: “cord’, “polarity”: [{'category”:
2339 taking the cord with me because  ‘neutral’}, {‘term”: ‘battery life’, ‘noaspectcategory’,
of the good battery life. ‘polarity’: “positive’}] ‘polarity’: ‘none’}]
I bought an HP Pavilion [{"category’:
DV4-1222nr laptop and have [{‘term”: ‘noaspectterm’, , gory ,
812 . P o, P noaspectcategory’,
had so many problems with polarity’: ‘none’}] . s ;
polarity”: ‘none’}]
the computer.
[{‘term”: “Windows 8’, “polarity”: [{"category’:
Did not enjoy the new Windows ‘negative’}, {“term”: ‘touchscreen , sory:
562 . L noaspectcategory’,
8 and touchscreen functions. functions’, ‘bolarity’: ‘none’}]
‘polarity’: ‘negative’}] p ty:
The price is higher than most , ,
laptops out there; however, [{term”: ‘price’ [{'category:
912 prop g . . price, ‘noaspectcategory’,

he/she will get what they paid
for, which is a great computer.

‘polarity’: “‘conflict’}]

‘polarity’: ‘none’}]

This dataset was introduced as part of SemEval-2014 Task 4 to foster research in fine-
grained sentiment analysis by focusing on identifying specific aspects of target entities
and the sentiments expressed toward them [48]. Among the various domains, the laptop
reviews domain is notable because it presents unique challenges due to the technical nature
of the product and the variety of aspects, such as battery, screen, and performance, on
which customers frequently comment. Its well-annotated and domain-specific nature has
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made it a standard benchmark for evaluating ABSA models. It has been extensively used
in research to train and assess traditional machine learning approaches and LLMs in aspect
term extraction and sentiment classification [25].

3.2. Qwen Models

In the experiments, we utilized the Qwen?2.5 series of LLMs, specifically the Qwen?2.5-
3B and Qwen2.5-7B variants. Qwen2.5 represents a significant advancement over its
predecessors, trained on an expanded dataset of 18 trillion tokens, which enhances its
common sense, expert knowledge, and reasoning capabilities [57]. The model includes
base pretrained and instruction-tuned variants, demonstrating state-of-the-art performance
across diverse benchmarks in language understanding, reasoning, coding, and human
preference alignment [57]. Qwen2.5 models support quantization and mixed-precision
training, facilitating efficient deployment while maintaining high accuracy and versatility
in various NLP [57].

3.3. LoRA

Among various PEFT techniques, LoRA was chosen in this study due to its strong
balance of efficiency, performance, and ease of integration. Unlike other PEFT techniques
that either introduce additional latency (e.g., adapters) or require complex tuning (e.g.,
prefix tuning), LoRA injects trainable low-rank matrices directly into transformer attention
layers while keeping the original pretrained weights frozen [26]. This approach drastically
reduces the number of trainable parameters, often to less than 0.1% of the full model size,
enabling fine-tuning on limited computational resources without sacrificing model expres-
siveness or inference speed [26]. Moreover, LORA demonstrates superior or comparable
performance to full fine-tuning and other PEFT methods across various LLM architectures,
including GPT, LLaMA, and Qwen, making it a practical and scalable choice for adapt-
ing large models to downstream tasks [58-60]. Additionally, LoORA’s compatibility with
quantization techniques (e.g., QLoRA) further enhances memory efficiency, supporting
deployment in resource-constrained environments. These advantages collectively motivate
the choice of LoRA over alternative PEFT methods for efficient and effective fine-tuning.

The Qwen models are fine-tuned using LoRA with the parameters shown in Figure 2,
for the following reasons.

e  The choice of rank r = 16 strikes a balance between model capacity and computational
efficiency, consistent with prior studies that show moderate ranks achieve strong
performance without excessive parameter growth [61].

e A scaling factor o = 32 is used to appropriately scale the LoRA updates, stabilizing
training and ensuring effective adaptation [61].

o  Targeting the query, key, value, and output projection layers aligns with LoRA’s original
design and has been empirically validated as effective for Qwen models [26,62,63].

e A dropout rate of 0.1 is applied to mitigate overfitting during fine-tuning, which is
especially important when adapting large models on limited datasets [64].

e  The bias parameter is set to “none” to reduce complexity and focus adaptation on the
core projection weights [26,65].

e  Specifying the task type as “CAUSAL_LM” ensures compatibility with Qwen’s au-
toregressive architecture and training objectives [66].
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lora_config = LoraConfig(
r=16,
lora_alpha=32,
target_modules=["qg_proj", "k_proj", "v_proj", "o_proj"],
lora_dropout=0.1,
bias="none",
task_type="CAUSAL_LM"
)

Figure 2. Configuration of LoRA Parameters.

3.4. Model Evaluation

To evaluate the performance of the LLM-based ABSA model, accuracy was calculated.
Accuracy measures the proportion of correctly predicted sentiment labels compared to the
ground truth annotations in the SemEval 2014 Laptop domain dataset, which is a widely
accepted benchmark for ABSA tasks.

In this dataset, each review sentence contained an aspectTerms field, which is a list
of aspect—sentiment pairs. For evaluation, these records were split into term and polarity,
effectively transforming each aspect-sentiment pair into an individual evaluation instance.
This process increases the number of evaluation samples from the original 800 review
records to 1032 aspect-level records, enabling a fine-grained and accurate assessment of the
model’s ability to predict sentiment polarity for each specific aspect.

Accuracy was computed as the ratio of correctly predicted polarity labels to the total
number of aspect-level records, reflecting a clear and interpretable measure of the model’s
effectiveness in identifying the correct sentiment for each aspect term. Accuracy was used
in previous studies on ions using the SemEval 2014 Laptop dataset, facilitating consistent
comparison with existing ABSA models [20,48-50,67].

4. Results and Discussion

The accuracy and matched records are presented in Figure 3. Fine-tuning using PEFT
and LoRA enhances the performance of both the Qwen2.5-3B and Qwen2.5-7B models.
The fine-tuned models achieved higher accuracy and matched a larger number of records
from the testing dataset compared to their non-fine-tuned counterparts. For instance, the
accuracy of Qwen2.5-3B improved from 24.50% to 64.50%, while that of Qwen2.5-7B rose
from 34.63% to 77.50%. This performance boost indicates that fine-tuning plays a crucial
role in adapting LLMs to specific tasks, showing a substantial improvement in predictive
accuracy. The results demonstrate the effectiveness of applying fine-tuning techniques over
using pretrained models alone.

Impact of Fine-tuning on
Qwen2.5 Models for ABSA

m Without Fine-tuning With Fine-tuning
77.50%
64.50%
34.63%
24.50%
i N
Qwen2.5-3B Qwen2.5-7B

Figure 3. Accuracies of Qwen2.5 models with and without fine-tuning.

In addition to enhanced accuracy, the fine-tuned models produced more consistent
annotations across similar input samples, which reduces annotation inconsistency, a known
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limitation in LLM-based ABSA systems. Moreover, a review of model confidence scores
showed fewer confidently incorrect predictions in ambiguous or borderline sentiment
cases, suggesting a mitigation of overconfidence in uncertain contexts. Finally, qualitative
inspection of outputs on sentences with implicit or subtle sentiment cues demonstrated
that the fine-tuned models were better able to infer and align aspect—opinion pairs correctly,
thereby addressing the challenge of capturing nuanced or implicit sentiment. These results
collectively suggest that PEFT with LoRA enhances quantitative performance metrics and
overcomes the qualitative limitations of LLMs in ABSA.

While fine-tuning the Qwen2.5-3B and Qwen2.5-7B models using PEFT with LoRA
significantly improved accuracy on the ABSA task, it is important to consider the compu-
tational resources required. On a system equipped with a 13th Gen Intel Core i7-13700F
processor and 64 GB RAM, the fine-tuning durations were approximately 15 h and 36 min
for Qwen2.5-3B and about 74 h for Qwen?2.5-7B. These lengths of time reflect a substantial
but manageable resource investment, considering the model sizes and hardware constraints.

Full fine-tuning of Qwen2.5-14B and other dense variants requires multi-GPU setups
with over 60 GB of GPU VRAM and training durations extending from several days to
weeks (Table 2). In contrast, PEFT with LoRA reduces hardware requirements and training
time. The ability to fine-tune sizable LLMs on a single commodity machine without sacri-
ficing performance highlights the practical value of PEFT-LoRA techniques, broadening
accessibility for researchers and practitioners with limited computational resources.

Table 2. Resource requirements and fine-tuning time for large Qwen models without parameter-
efficient techniques.

Random Access

Parameter Size Memory Fine-Tuning
LLM Model (Billion) Hardware Setup (RAM)/Graphics Time
Processing Unit (GPU)
} Multi-GPU (A100  Estimated >60GB GPU Not explicitly
Qwen2.5-14B [68] 14B or equivalent) video RAM (VRAM) reported
Days to weeks
Large GPU clusters  Up to 80GB+ VRAM per gy
Qwen2 dense models [66] 0.5B to 72B (A100 80GB GPUs) GPU (full Pretralr}mg
and fine-tuning)
) . . High GPU VRAM Not explicitly
Qwen?2.5-1M series [68] 7B and 14B Multi-GPU setups (>60GB typical) stated
Single-machine
This study (Qwen2.5-3B & 3B and 7B (Intel i7-13700F, 64GB RAM, 15.6 h (3B)
7B + LoRA) 64GB RAM, RTX 12GB GPU VRAM 74 h (7B)
4070 Ti)

5. Conclusions

The effectiveness of parameter-efficient techniques in adapting LLMs to specialized
NLP tasks, such as ABSA, was validated in this study. By integrating LoRA with PEFT,
we fine-tuned Qwen2.5-3B and Qwen2.5-7B models and achieved substantial performance
improvements, enhancing accuracy from 24.50% to 64.50% and from 34.63% to 77.50%,
respectively. These results validate the capability of LoRA and PEFT to overcome the
computational burdens of full fine-tuning while preserving model effectiveness.

The developed method is feasible on commodity hardware, reinforcing the practicality
of deploying large-scale models in resource-constrained settings. Despite these promising
outcomes, its reliance on a single-domain, English-only dataset with a relatively small size
must be mitigated. Therefore, future studies should explore multilingual and cross-domain
generalization, dynamic rank allocation strategies, and the transferability of adapters across
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models and tasks. These directions can further advance the scalability, adaptability, and
robustness of LLMs in fine-grained sentiment analysis and beyond.
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