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1 Introduction

Aspect-Based  Sentiment  Analysis (ABSA) is less developed for
Persian  than for English, particularly for extracting complete
aspect—category—opinion—sentiment  structures rather than classifying

sentiment for predefined aspects. This paper presents a generative Persian
ABSA framework based on fine-tuned LLaMA3-family instruction models.
Given a Persian review, the model generates a JSON array of quadruples
containing aspect terms, categories, opinion spans, and sentiment labels. The
training data are drawn from a GPT-3.5-assisted Persian ABSA corpus whose
annotations were reviewed and filtered by human annotators; we therefore
treat it as GPT-assisted /human-validated rather than purely human-authored.
To reduce circular evaluation, we also construct an independent human-only
test set from raw Persian reviews. Three annotators manually annotated
240 reviews from scratch, and a two-of-three consensus procedure produced
555 gold aspect-level labels from 239 reviews. We evaluate zero-shot
LLaMA3, fine-tuned LLaMA3 models, and Dorna-LLaMA3-8B-Instruct as
a Persian-oriented generative baseline under the same schema, parser, and
metrics. On the human-only test set, zero-shot LLaMA3 obtains 0.1426 aspect
F1 and 0.1185 aspect—sentiment F1. Fine-tuned LLaMA3-CG improves the
five-seed mean scores to 0.547740.0229 and 0.4394+0.0212, while Dorna-CG
reaches 0.580940.0123 and 0.489740.0194. Adding ParsiNLU substantially
reduces human-only

improves in-domain ParsiNLU performance but

performance, revealing a domain and annotation-style trade-off.

products, services, applications, movies, and public is-
sues. For decision makers, the most useful information

Social networks, e-commerce platforms, and online re-
view websites have become major sources of user feed-
back. Consumers frequently express opinions about
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is often not the overall polarity of a review, but the
sentiment attached to specific aspects such as price,
delivery, design, quality, taste, story, or service.

The volume of this user-generated content makes
manual analysis impractical. Sentiment analysis pro-
vides computational methods for identifying positive,
negative, or neutral attitudes in text. Although many
studies have addressed document-level or sentence-
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level sentiment classification in English [1-3] and Per-
sian [4-6], aspect-level analysis remains more chal-
lenging and less developed for Persian.

Aspect-Based Sentiment Analysis (ABSA) aims to
identify opinion targets and determine the sentiment
expressed toward each target [? ]. For example, in
a product review, the same sentence may contain a
positive opinion about screen quality and a negative
opinion about battery life. Existing Persian ABSA
studies often formulate the task as classification over
predefined aspect categories or known aspect terms
[79]. This formulation is useful when the aspect in-
ventory is fixed, but less suitable for open-domain re-
views, where users mention new, implicit, or domain-
specific aspects.

This paper addresses this limitation by formulating
Persian ABSA as a generative review-to-quadruple
task. Given a Persian review, the model outputs a
JSON array in which each item contains four fields:
aspect, category, opinion, and sentiment. This de-
sign allows the model to extract aspect terms directly
from text, associate them with opinion spans, assign
categories when available, and predict sentiment la-
bels without requiring a predefined aspect list at in-
ference time.

A central challenge is data construction. We
use a Persian ABSA corpus that was initially pre-
annotated by GPT-3.5 and subsequently reviewed by
three Persian annotators. To avoid overstating the
annotation source, we refer to this resource through-
out the paper as a GPT-assisted/human-validated
corpus, not as a purely human-authored dataset.
Since evaluating primarily on data that follows the
same GPT-assisted annotation style could inflate per-
formance, we also introduce an independent human-
only test set. This test set was annotated manually
from scratch by three Persian annotators without
model-generated pre-annotations and is used only
for evaluation.

We explicitly position this work as an applied
and resource-oriented contribution rather than as a
new transformer architecture. The innovation lies
in combining a generative Persian ABSA formula-
tion, richer aspect—category—opinion—sentiment la-
bels, human validation of GPT-assisted annotations,
independent human-only evaluation, leakage-aware
test construction, and comparison between general
and Persian-oriented LLaMA3-family instruction
models. In addition to a general LLaMA3-family 8B
instruction model [10], we evaluate Dorna-LLaMA3-
8B-Instruct [11], a Persian-oriented LLaMA3-based
instruction model. Recent Persian LLM evalua-
tion work has also included Dorna-family models
among evaluated Persian-oriented models [12], mak-
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ing Dorna a relevant generative baseline for Persian
ABSA.

The primary contributions of this paper are as fol-
lows:

(1) Weintroduce a generative Persian ABSA frame-
work that jointly produces aspect terms, aspect
categories, opinion spans, and sentiment labels
as structured quadruples.

(2) We construct and evaluate a GPT-assisted /human-

validated Persian ABSA corpus with richer
labels than existing Persian classification-style
ABSA resources.

(3) We add an independent human-only Persian
ABSA test set consisting of 240 manually an-
notated raw reviews, yielding 555 consensus
aspect-level labels from 239 reviews.

(4) We provide leakage-aware evaluation across
GPT-assisted /human-validated, Pars-ABSA,
ParsiNLU, and human-only test sets.

(5) We compare zero-shot and fine-tuned general
LLaMA3 models with Dorna-LLaMA3-8B-
Instruct as a Persian-oriented generative base-
line under the same ABSA output schema,
parser, and evaluation metrics.

(6) We analyze domain shift, annotation-style ef-
fects, and recurrent error types such as over-
generation, generic categorization, ambiguous
opinions, and sarcasm.

Throughout this paper, we use the following abbre-
viations: Aspect-Based Sentiment Analysis (ABSA),
large language model (LLM), parameter-efficient
fine-tuning (PEFT), Low-Rank Adaptation (LoRA),
Quantized LoRA (QLoRA), JavaScript Object Nota-
tion (JSON), and graphics processing unit (GPU).

2 Related Works

To provide a comprehensive background for our study
on ABSA, we review related work in English and Per-
sian ABSA, as well as research on fine-tuning large
language models for downstream natural language
processing tasks.

2.1 Aspect-Based Sentiment Analysis

Aspect-based sentiment analysis has advanced con-
siderably in high-resource languages. An et al. [13]
proposed a heterogeneous graph neural network for
ABSA by constructing graphs in which nodes rep-
resent aspects, sentiments, and contextual words.
Chen et al. [14] introduced adversarial training for
a multi-channel graph convolutional network for
aspect-sentiment triplet extraction, thereby improv-
ing robustness under noisy conditions.
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More recently, Mohammadkhani et al. [15] pro-
posed E2TP, a two-step prompting method that
predicts individual ABSA elements and combines
them into tuples using a T5 model. This line of work
shows the potential of text-to-text and generative
formulations for ABSA. In parallel, vsmid et al. [16]
investigated LLaMA-based models for English ABSA
benchmarks and showed that fine-tuned LLaMA-
style systems can perform competitively on ABSA
tasks, while zero-shot and few-shot settings remain
weaker than task-specific fine-tuning.

For Persian ABSA, Jafarian et al. [7] used BERT-
style contextual representations, while Vazan and
Razmara [17] modeled Persian movie-review aspect
category detection and polarity as a multi-label clas-
sification problem over predefined aspect categories.
Shangipour ataei et al. [8] introduced Pars-ABSA, a
benchmark dataset for Farsi product reviews. Ariai
et al. [9] used ParsBERT [18] for Persian ABSA.
These studies are important for Persian sentiment
analysis, but they generally assume a fixed aspect
inventory or classify known aspect categories rather
than generating aspect terms and opinion spans
directly from raw review text.

In contrast, the present work uses LLaMA3-family
instruction models for a generative Persian ABSA
task. The model is trained to produce aspect terms,
categories, opinion expressions, and sentiment labels
directly from the input review. To the best of our
knowledge, this combination of generative quadru-
ple extraction, GPT-assisted/human-validated Per-
sian ABSA data, human-only evaluation, and Persian-
oriented LLaMA3-family comparison has not previ-
ously been reported for Persian.

2.2 Fine-Tuning LLMs for Downstream
Tasks

Large language models such as LLaMA2 and
LLaMA3 have shown strong adaptability across
downstream tasks. Efficient fine-tuning frameworks
such as LlamaFactory [19] combine quantization,
adapter-based training, and PEFT techniques such
as LoRA and QLoRA. These methods make it possi-
ble to adapt large models to limited hardware. Me-
teoRA [20] further explores mixture-of-experts-style
adapter selection.

Fine-tuning LLaMA-family models has also been
explored for sentiment and ABSA tasks. For ex-
ample, LLaMA2 fine-tuning projects for sentiment
analysis [21, 22] show the practical value of adapting
instruction models for classification and extraction
tasks. SetFitABSA [23] demonstrates that careful
few-shot and prompt-based methods can remain
competitive even with smaller models. More recent

Persian-oriented LLM resources and evaluation ef-
forts, including Dorna-LLaMA3-8B-Instruct [11] and
MELAC [12], motivate evaluating whether Persian-
oriented instruction models provide additional gains
over general LLaMA3-family models [10]. However,
most existing LLM-based ABSA studies focus on En-
glish or other higher-resource languages. The present
paper extends this direction to Persian and evaluates
the resulting systems under an explicit human-only
test protocol.

3 Data Collection and Annotation

For constructing the GPT-assisted /human-validated
corpus, we began with reviews derived from the Pars-
ABSA data source. To reduce annotation noise caused
by very long inputs, we filtered out reviews longer
than 30 words. This reduced the source pool from
5,602 unique reviews to 2,050 candidate reviews.

The candidate reviews were pre-annotated using
GPT-3.5 through the API. The prompt asked the
model to identify all ABSA components for each
review: aspect term, aspect category, short opinion
phrase, and sentiment label (positive, neutral, or neg-
ative), and to return only a JSON-formatted output.
Table 1 presents examples of the resulting ABSA
components.

Because these annotations were generated by an
LLM, they were not treated as gold labels without
verification. Three native Persian annotators indepen-
dently reviewed the generated components. Each com-
ponent was scored using a 0-2 scale:

e 0: the component is incorrect;
e 1: the component is partially correct;
e 2: the component is correct.

The scoring scheme was applied to aspect terms,
categories, opinion spans, and sentiment labels. For
training, we retained aspect-level items that re-
ceived score 2 from at least two annotators. For the
GPT-assisted/human-validated test split, we used
the stricter validated subset that satisfied the agree-
ment filters. After filtering, this corpus contained
1,513 unique training reviews and 321 unique GPT-
assisted /human-validated test reviews before leakage
filtering.

Annotation Guidelines. Annotators received writ-
ten guidelines specifying how to identify aspect terms,
map aspects to categories, select minimal opinion
spans, and assign positive, negative, or neutral sen-
timent labels. The guidelines included examples of
multi-aspect reviews, ambiguous cases, implicit opin-
ions, and comments about product photos or website
information. These cases were included because Per-
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Table 1. Sample outputs of aspect-based sentiment analysis components generated during GPT-assisted pre-annotation and trans-

lated to English.

Text ‘ Aspect ‘ Category |Opinion Sentiment
48 a5 phe 5 Wl CidsS (AT G i SREEN RSN Yo s positive
Cief Cief A8 oty 5 ke positive
Best choice, very high quality, and affordable Quality Quality Very high
Price Price Affordable
CEA o i) 8IS 6 6oy (sd CaiS [SIEES (TS G positive
It has good quality; it is worth buying during the Amazing Quality Quality Good
Offer.
LRI da g g 4 e Jljie tse e uin ) il jlis (S Ja LS i negative
A very poor copy of good material; weak, do not buy at all | Model Quality Weak

sian product reviews often mix product-level opinions
with contextual or platform-level comments.

Inter-annotator Agreement. The original GPT-
assisted corpus was filtered using annotator agree-
ment rather than accepted as fully reliable automatic
annotation. In addition, to address the risk of cir-
cular evaluation, we created a separate independent
human-only test set. This set consists of 240 raw
Persian reviews that were not used for training. The
reviews were manually annotated from scratch by
three Persian annotators without ChatGPT, machine
translation, automatic labelers, or model-generated
pre-annotation. We then grouped aspect mentions
using normalized Persian text and fuzzy aspect
matching. An aspect was retained when at least two
of the three annotators supported it. This produced
555 consensus aspect-level rows from 239 reviews
with at least one consensus aspect; one review had
no retained consensus aspect. The human-only set is
used only for evaluation and is never mixed into the
training data.

Important terminology. Throughout the rest
of this paper, we call the main corpus the GPT-
assisted/human-validated corpus. This terminology
is important: GPT-3.5 generated the initial pre-
annotations, and humans validated or filtered them.
Therefore, this corpus is not claimed to be a purely
human-authored annotation set.

Figure 1 illustrates an example review and com-
pares the aspect-based sentiment analysis performed
by Pars-ABSA and our richer representation. Pars-
ABSA provides a more limited aspect-sentiment
structure, whereas our annotation format captures
aspect terms, categories, opinions, and sentiments.

Dataset and Code Availability. The preprocess-
ing, training, structured-output parsing, and eval-
uation code are available in the project repository
at https://github.com/nranjbar/persian_absa.
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Third-party datasets and individual annotation
records are not redistributed in the repository and
remain subject to their original licenses, consent
conditions, and data-governance requirements.

4 Methodology
4.1 Preparing Data for Fine-Tuning LLaM A3

We formulate Persian ABSA as a conditional gen-
eration task. Given a Persian review x, the model
generates a JSON array y in which each item has
exactly four keys: aspect, category, opinion, and
sentiment. The sentiment value is restricted to
positive, negative, or neutral. If a category or
opinion is unavailable in a source dataset such as
ParsiNLU, the corresponding field is represented as
null. This unified output format allows the same
model and parser to be applied across datasets with
different annotation completeness.

The GPT-assisted/human-validated training set
contains 1,513 unique reviews. We also use the
ParsiNLU ABSA data [24] as an optional additional
training source. ParsiNLU provides aspect and senti-
ment labels but does not consistently provide opinion
spans or the same category inventory as our corpus.
When ParsiNLU is used, missing fields are therefore
serialized as null. Combining GPT-assisted /human-
validated training data with ParsiNLU yields 3,006
training reviews.

We evaluate the following fine-tuned settings:

e LLaMA3-CG: a general LLaMA3-family in-
struction model fine-tuned only on the 1,513-
review GPT-assisted/human-validated training
set.

e LLaMA3-CG+ParsiNLU: the same model
fine-tuned on the GPT-assisted /human-validated
training set combined with ParsiNLU.
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Review Text:

Ag 55 s b By Cay b Blal s Elor al s ools g a5 Sl 55 40 (J=~ LUl

Pars-ABSA Dataset:
Aspect Term: f_\ I~ au_li; Sentiment: Negative

Our Dataset:

Aspect Term: 5 4 4!} ﬁla.u, Category: >$5.; Opinion: o,\s Qs~; Sentiment: Positive.

Aspect Term: a L~ 4l; Category: =4S ; Opinion: o 4hsl; Sentiment: Negative

Figure 1. Detailed ABSA analysis of a Persian review using Pars-ABSA and our richer aspect—category—opinion—sentiment repre-

sentation.

### Instruction: Analyze the following review to identify ALL aspects mentioned. For each
aspect, determine the category it belongs to, the specific opinion expressed, and the sentiment.
Provide the results in a structured format listing each aspect, its category, opinion, and

sentiment. Find ALL aspects.
### Input: o,1% 0K, o= s s poge
### Response:

Aspect: £330 Category: (¢ 5¢, Opinion: «, 4, Sentiment: positive;

Aspect: o@ L o= Category: 4. », Opinion: o,\%, Sentiment: negative; <end of text>

Figure 2. Example of an instruction-style training entry. The input contains the task instruction and Persian review; the target is

a JSON array of aspect—category—opinion—sentiment quadruples.

e Dorna-CG: Dorna-LLaMA3-8B-Instruct [11],
a Persian-oriented LLaMA3-family instruction
model, fine-tuned on the GPT-assisted /human-
validated training set.

e Dorna-CG+ParsiNLU: Dorna-LLaMA3-8B-
Instruct fine-tuned on the combined training set.

We also evaluate a zero-shot LLaMA3 baseline using
the same instruction prompt but no task-specific fine-
tuning.

Before evaluation, exact train—test text overlaps
are removed for the fine-tuned models. In the final
rerun, overlap filtering removed 4 reviews from the
GPT-assisted /human-validated test set and 406 re-
views from Pars-ABSA. No overlap was found for
ParsiNLU food, ParsiNLU movie, or the independent
human-only test set.

4.2 Fine-Tuning LLaMA3

One of the main advantages of the proposed approach
is the ability of instruction-tuned LLaMA3-family
models to generate aspects directly from the input
review. Unlike traditional Persian encoder-based sys-
tems such as ParsBERT, which generally rely on
predefined aspect categories or known aspect terms,
the generative model can produce aspect terms, cat-
egories, opinion spans, and sentiments in a single
structured output.

Figure 3 provides a high-level overview of the pro-
posed architecture. A Persian review is converted into

an instruction-style prompt and tokenized. During
training, the model is optimized with teacher forc-
ing and next-token prediction to generate the target
JSON array. During inference, the model autoregres-
sively generates the ABSA quadruples directly from
the review.

As presented in Table 2, we use 4-bit QLoRA to
reduce memory requirements. The base 8B instruc-
tion model is loaded in 4-bit quantized form, and
only LoRA adapter parameters are updated while
the remaining base-model parameters remain frozen.
The LoRA rank is r = 16, the scaling factor is a =
32, and the dropout rate is 0.05. Adapters are ap-
plied to the attention projection matrices (q_proj,
k_proj, v_proj, o_proj) and the MLP projection
matrices (gate_proj, up_proj, down_proj) in every
transformer block. This updates approximately 41.9
million adapter parameters.

We train for one epoch with a per-device batch
size of 2 and gradient accumulation over 4 steps,
corresponding to an effective batch size of 8. With
1,513 training reviews, this gives approximately 190
optimization steps; with 3,006 training reviews, this
gives approximately 376 optimization steps. We use
AdamW with 8-bit optimizer states, a learning rate
of 1 x 1073, weight decay of 0.01, and linear warmup
over the first 10% of training steps followed by linear
decay. The maximum prompt length is 256 tokens,
the maximum training sequence length is 512 tokens,
and at inference time the model generates up to 128
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User review
“This phone’s camera is great, but
the battery drains very quickly.”

Prompt construction

Instruction-style prompt
Analyze the review and extract all as-
pects, categories, opinions, and sentiments.

Tokenization

Tokenizer (LLaMA3 vocabulary)

Parameter-
efficient fine-tuning

LLaMA3-family 8B model
+ QLoRA adapters

Training

|

Teacher forcing
Next-token loss + optimizer update

Inference

/

Autoregressive structured output
[{aspect: camera, category: quality,
opinion: great, sentiment: positive},

{aspect: battery, category: battery life,
opinion: drains quickly, sentiment: negative}]

Figure 3. Overview of the proposed LLaMA3-based Persian ABSA architecture. A user review is converted into an instruc-
tion-style prompt, tokenized, and fed to a fine-tuned LLaMA3-family 8B instruction model with QLoRA adapters. During
training, the model is optimized with teacher forcing and next-token loss; at inference time, it autoregressively generates as-

pect—category—opinion—sentiment quadruples.

new tokens per review using greedy decoding.

The final reviewer-response rerun was conducted
on a single NVIDIA RTX 3090 GPU. Generation is
the main computational bottleneck because each out-
put is produced autoregressively.

4.3 Aspect-Based Sentiment Analysis (ABSA)
Approach

Aspect-Based Sentiment Analysis identifies specific
features or targets in a text and determines the senti-
ment associated with each one. Unlike traditional sen-
timent analysis, which classifies an entire review as
positive, negative, or neutral, ABSA provides a more
detailed representation by linking individual aspects
to opinions and sentiments.

In this work, each predicted item contains four
fields. The aspect field identifies the target ex-
pression in the review. The category field assigns
a broader semantic category when available. The
opinion field records a short opinion span. The
sentiment field is one of positive, negative, or
neutral. The model is instructed to return only a
JSON array so that predictions can be parsed and
evaluated automatically.

4.3.1 Aspect Extraction, Categorization,
and Challenges in Persian Text

Persian ABSA is challenging because of orthographic
variation, clitics, compound verbs, informal spelling,
and frequent omission of explicit opinion targets. Be-
fore annotation aggregation, leakage checking, train-
ing, and fuzzy evaluation, Persian text is normalized
to reduce superficial variation. Arabic characters
are mapped to Persian equivalents, Arabic diacritics
and elongation marks are removed, punctuation is
standardized or removed for matching, and repeated
whitespace is collapsed. Reviews are otherwise pre-
served; we do not stem, lemmatize, translate, or
remove content words, because these operations can
remove valid aspect terms or opinion expressions.

Traditional models such as ParsBERT generally as-
sume fixed aspect labels, whereas the proposed gen-
erative formulation can identify aspects directly from
the review. This flexibility is important for Persian
reviews, where users may mention domain-specific or
colloquial aspects do not present in a fixed inventory.
However, the model can still struggle with implicit as-
pects, sarcasm, and ambiguous opinion expressions.
These limitations are analyzed in Section 5.5.

To evaluate the proposed model, we use five dis-
tinct test sets that vary in domain, average review
length, and sentiment distribution. Table 3 summa-
rizes the key characteristics of these datasets, high-
lighting the differences between the newly introduced
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Table 2. Main fine-tuning and inference hyperparameters used in the final rerun.

Component

Setting

Base models

General LLaMA3-family 8B instruction model; Dorna-LLaMA3-8B-Instruct

Quantization

4-bit QLoRA

Trainable modules

LoRA adapters

LoRA rank / alpha / dropout

16 / 32 / 0.05

Trainable parameters

approximately 41.9M adapter parameters

Frozen parameters

base-model parameters frozen

Optimizer

AdamW with 8-bit optimizer states

Learning rate / weight decay

1x 1073 /0.01

Warmup 10% linear warmup followed by linear decay
Epochs 1
Batch size 2 per device, gradient accumulation 4, effective batch size 8

Maximum prompt / sequence / generation length|256 / 512 / 128 tokens

Decoding

greedy decoding, no sampling

Hardware

single NVIDIA RTX 3090 GPU

GPT-assisted /human-validated and human-only sets
versus the existing Pars-ABSA and ParsiNLU bench-
marks.

5 Evaluation and Results
5.1 Evaluation Metrics

We report two main metrics. The first is aspect extrac-
tion F1, computed after matching predicted aspects
to gold aspects. Because Persian aspect spans may
differ slightly in spelling, spacing, or inflection, we
normalize Persian text and use fuzzy matching based
on string similarity. A predicted aspect is counted as
matching a gold aspect when its normalized similar-
ity score is at least 50.

The second main metric is aspect—sentiment F1
(AS-F1), which requires both a matched aspect and
the correct sentiment label. We also report matched
sentiment accuracy, defined as sentiment accuracy
over matched aspect pairs. Category and opinion
fields are generated by the model, but they are not
equally available across all datasets. For example,
Pars-ABSA and ParsiNLU do not provide the same
category and opinion-span annotations as our GPT-
assisted/human-validated and human-only data.
Therefore, category and opinion scores are used only
as diagnostic analyses and are not treated as the
main cross-dataset metrics.

For LLaMA3-CG and LLaMA3-CG+ParsiNLU,
we report mean-+tstandard deviation over five indepen-
dent seeds. For Dorna-CG and Dorna-CG+ParsiNLU,

we report mean+tstandard deviation over three in-
dependent seeds. Zero-shot LLaMA3 is reported as
a single run. All scores are rounded to four decimal
places to avoid the inconsistent reporting criticized
in the previous version.

5.2 Datasets

The training data used for fine-tuning is summarized
in Table 4. This includes the GPT-assisted/human-
validated training split and the ParsiNLU training
split. For evaluation, we use five test sets. The GPT-
assisted /human-validated test set measures perfor-
mance on the same annotation style as the validated
training data, but after exact leakage removal. Pars-
ABSA and ParsiNLU provide external benchmark
comparisons. The independent human-only test set
is the most important evaluation set for assessing
whether the fine-tuned models generalize beyond
GPT-assisted labels.

5.3 Baseline Models

The main controlled baseline is zero-shot LLaMA3,
which receives the same instruction prompt as the
fine-tuned models but is not trained on Persian ABSA
data. This directly tests whether the observed per-
formance comes from task-specific fine-tuning rather
than from generic instruction-following ability.

We also compare with Dorna-LLaMA3-8B-
Instruct [11], a Persian-oriented LLaMA3-family
instruction model, under the same generative output
schema. Dorna is included because the reviewer re-
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Table 3. Summary of ABSA test datasets. Pars-ABSA and ParsiNLU are existing benchmarks; the GPT-assisted /human-validated
test set and the human-only test set are used to evaluate the proposed generative schema.

Unique reviews|Avg aspects/review|Avg words/review‘Positive‘Negative‘Neutral‘

Dataset

GPT-assisted/human-validated test 321 1.88 18.00| 59.60%| 24.50%| 15.89%
Pars-ABSA [8] 1,719 1.16 65.59| 51.08%| 30.62%| 18.31%
ParsiNLU food [24] 186 2.01 18.80| 50.00%| 47.86%| 2.14%
ParsiNLU movie [24] 96 2.02 31.33| 52.06%| 45.36%| 2.58%
Human-only test 239 2.32 26.81| 66.13%| 29.37%| 4.50%

Table 4. Training datasets used in the fine-tuning experiments.

Training set

Unique reviews|Avg aspects/review|Avg words/review‘Positive‘Negative‘Neutral‘

GPT-assisted/human-validated 1,513

2.13 18.01| 59.63%| 23.95%| 16.41%

ParsiNLU train [24] 1,493

2.51 18.73| 52.71%| 45.85%| 1.44%

Table 5. Feature comparison between classification-based Persian ABSA models and the proposed generative LLaMA3-family

models.

Feature ParsBERT-style classifier|Fine-tuned LLaMA 3-family model
Requires predefined aspect terms Yes No

Generates new aspect terms No Yes

Generates opinion spans No Yes

Generates categories Usually fixed-label only Yes

End-to-end review-to-quadruple output No Yes

quested comparison with generative models beyond
the originally fine-tuned LLaMA3, and because Per-
sian LLM evaluation work has treated Dorna-family
models as relevant Persian-oriented baselines [12].
A multilingual mT5-base run was also attempted
under the same strict JSON parser, but in the final
rerun it produced zero parseable predicted aspects
on the evaluated splits. Since this does not constitute
a meaningful generative ABSA comparison, mT5 is
not included in the main result tables. Instead, we
focus on Dorna as the additional generative baseline.

ParsBERT, TD-LSTM, and other classification-
based models are discussed as related Persian ABSA
baselines. However, these systems generally assume
predefined aspects or perform classification rather
than open-ended generation of aspect—category—
opinion—sentiment quadruples. Therefore, direct
raw-score comparison with them is not fully fair un-
less gold or candidate aspects are supplied. Table 5
summarizes this functional difference.
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5.4 Results
5.4.1 Aspect Finding

Table 6 reports aspect extraction precision, recall,
and F1. The strongest evidence against circular
evaluation comes from the independent human-only
test set. Zero-shot LLaMA3 obtains only 0.1426
aspect F1 on this set. Fine-tuning the general
LLaMA3-family model on the GPT-assisted /human-
validated corpus improves the five-seed mean aspect
F1 to 0.547740.0229. The Persian-oriented Dorna-
CG model obtains a stronger three-seed mean of
0.5809+0.0123 on the same human-only benchmark.
This indicates that the model is not merely learning
to reproduce GPT-assisted test labels; task-specific
fine-tuning transfers to a manually annotated human-
only evaluation set.

Adding ParsiNLU produces a clear domain-specific
effect. It strongly improves ParsiNLU food and movie
performance, especially for Dorna-CG+ParsiNLU
on food reviews, but it reduces performance on the
human-only test set compared with training only
on the GPT-assisted/human-validated corpus. This
shows that additional ABSA supervision is beneficial
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when its annotation scheme and domain match the
target test set, but it can shift the model away from
the human-only annotation policy.

5.4.2 Sentiment Analysis of Aspects

Table 7 reports aspect—sentiment F1 and matched
sentiment accuracy. The zero-shot model performs
poorly on the human-only test set, with aspect—
sentiment F1 of 0.1185. LLaMA3-CG improves this
to 0.4394£0.0212, and Dorna-CG further improves
it to 0.4897+0.0194. This result supports the use
of a Persian-oriented LLaMA3-family model as a
meaningful generative baseline and shows that the
proposed training procedure generalizes beyond
GPT-assisted labels.

The ParsiNLU results again show a domain-
specific pattern. LLaMA3-CG+ParsiNLU obtains
0.8075+0.0147 aspect—sentiment F1 on ParsiNLU

food, while Dorna-CG+ParsiNLU obtains 0.8695+0.0067.

On ParsiNLU movie, LLaMA3-CG+ParsiNLU re-
mains stronger than Dorna-CG+ParsiNLU in as-
pect extraction and aspect—sentiment F1, suggesting
that the advantage of a Persian-oriented instruction
model is not uniform across all domains. Overall,
adding ParsiNLU improves in-domain ParsiNLU
performance but reduces human-only performance
relative to GPT-assisted-only training.

5.4.3 Performance of the GPT-Assisted/Human-

Validated Dataset

The GPT-assisted/human-validated test set remains
useful because it measures how well the model fol-
lows the richer annotation schema used during train-
ing. However, it is not the only evidence for general-
ization. The revised evaluation therefore gives special
importance to the independent human-only test set.
On the GPT-assisted test set, LLaMA3-CG obtains
0.6875+0.0078 aspect F1, while Dorna-CG obtains
0.705140.0087. On the human-only test set, the corre-
sponding values are lower, but still much higher than
zero-shot performance. This gap shows both the value
and the limitation of GPT-assisted /human-validated
training: it teaches the model the task format and im-
proves extraction, but generalization is still affected
by annotation style and domain shift.

The Pars-ABSA scores are lower than the GPT-
assisted and ParsiNLU scores. This is expected be-
cause Pars-ABSA reviews are longer on average, exact
overlap removal substantially reduces the fine-tuned
evaluation subset, and the aspect definitions differ
from the generative annotation scheme used in our
training data. We therefore interpret the lower Pars-
ABSA results as a genuine cross-dataset generaliza-

tion challenge rather than as a simple failure of senti-
ment classification.

5.5 Error Analysis

Manual inspection reveals several recurrent error
patterns. The first is over-generation: the model
sometimes extracts near-duplicate aspects such as
repeated “quality” or “appearance” entries with
slightly different opinions. The second is generic cat-
egorization: the model may assign a broad category
such as “quality” when a more specific category such
as design, brand, size, or delivery would be prefer-
able. The third is context confusion: comments about
product photos, the website interface, or seller behav-
ior can be incorrectly interpreted as product aspects.
The fourth is implicit sentiment: when the opinion
is indirect, sarcastic, or figurative, the model may
assign the literal sentiment instead of the intended
sentiment.

These errors are more frequent in the human-only
and movie-review settings than in the ParsiNLU food
setting. Food reviews tend to contain concrete aspects
such as taste, packaging, portion size, or delivery, and
their sentiment cues are often explicit. Movie reviews
more often involve abstract aspects such as story, act-
ing, emotional impact, or atmosphere, which makes
aspect boundaries and sentiment anchoring harder.

The independent human-only test set also exposes
the limitation of relying on GPT-assisted training
data. Although fine-tuning improves performance
substantially compared with zero-shot prompting,
the model still misses some human-annotated aspects
and sometimes predicts aspects that are plausible
but not included in the consensus gold set. This con-
firms that GPT-assisted/human-validated data are
useful for training, but they do not eliminate the
need for independent human-only evaluation.

Effect of pretraining and language coverage. Sev-
eral observed errors are consistent with the limited
representation of Persian in many general-purpose
LLM pretraining corpora. General LLaMA3 mod-
els can misinterpret colloquial Persian expressions,
compound verbs, or sarcasm. Dorna-LLaMA3-8B-
Instruct partly addresses this limitation by using
a Persian-oriented instruction model, and its three-
seed human-only results are stronger than the corre-
sponding general LLaMA3-CG results. However, the
gains are not uniform across all domains: the general
LLaMA3-CG+ParsiNLU model remains stronger
on ParsiNLU movie, while Dorna-CG+ParsiNLU is
strongest on ParsiNLU food.

Why is performance on Pars-ABSA lower? The
model performs worst on Pars-ABSA. Several factors
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Table 6. Aspect extraction results. LLaMA3-CG and LLaMA3-CG+ParsiNLU are reported as meantstandard deviation over five
seeds. Dorna-CG and Dorna-CG-+ParsiNLU are reported as meandstandard deviation over three seeds. Zero-shot LLaMA3 is a

single-run baseline.

Model Test set ‘Reviews‘ Precision Recall Aspect F1
Zero-shot LLaMA3 GPT-assisted test 321 0.2624 0.2533 0.2578
Zero-shot LLaMA3 Pars-ABSA 1,719 0.0698 0.1416 0.0935
Zero-shot LLaMA3 ParsiNLU food 186 0.1158 0.0882 0.1002
Zero-shot LLaMA3 ParsiNLU movie 96 0.0347 0.0361 0.0354
Zero-shot LLaMA3 Human-only 239 0.1610 0.1279 0.1426
LLaMA3-CG GPT-assisted test 317| 0.6575 4 0.0140 | 0.7208 £ 0.0173 | 0.6875 £ 0.0078

LLaMA3-CG Pars-ABSA 1,313| 0.2393 £ 0.0075 | 0.5321 £+ 0.0254 |0.3297 + 0.0020
LLaMA3-CG ParsiNLU food 186] 0.2832 £ 0.0318 | 0.2508 £+ 0.0230 | 0.2656 4 0.0242
LLaMA3-CG ParsiNLU movie 96| 0.2882 £ 0.0219 | 0.3196 £ 0.0382 | 0.3024 + 0.0265
LLaMA3-CG Human-only 239| 0.5993 £ 0.0091 | 0.5049 =+ 0.0340 | 0.5477 £ 0.0229

LLaMA3-CG+ParsiNLU
LLaMA3-CG+ParsiNLU
LLaMA3-CG+ParsiNLU
LLaMA3-CG+ParsiNLU
LLaMA3-CG+ParsiNLU

GPT-assisted test
Pars-ABSA
ParsiNLU food
ParsiNLU movie

Human-only

317
1,313
186
96
239

0.6228 £+ 0.0118
0.2346 £ 0.0128
0.8821 £ 0.0192
0.6945 + 0.0847
0.5353 £ 0.0268

0.6930 £ 0.0311
0.5027 £ 0.0252
0.8503 £ 0.0145
0.5845 + 0.0284
0.4436 £ 0.0325

0.6556 4 0.0112
0.3194 £ 0.0097
0.8658 £ 0.0138
0.6319 + 0.0297
0.4845 £+ 0.0231

Dorna-CG GPT-assisted test 317|0.6685 + 0.0191|0.7472 £+ 0.0341|0.7051 £ 0.0087
Dorna-CG Pars-ABSA 1,313| 0.2326 +0.0015 | 0.5411 +0.0268 | 0.3252 4+ 0.0051
Dorna-CG ParsiNLU food 186| 0.2956 £ 0.0234 | 0.2594 £+ 0.0117 | 0.2758 £ 0.0110
Dorna-CG ParsiNLU movie 96| 0.2769 £ 0.0227 | 0.3196 £ 0.0089 | 0.2965 £ 0.0155
Dorna-CG Human-only 239/0.6138 £ 0.0103|0.5520 + 0.0263|0.5809 + 0.0123

Dorna-CG+ParsiNLU
Dorna-CG+ParsiNLU
Dorna-CG+ParsiNLU
Dorna-CG+ParsiNLU
Dorna-CG+ParsiNLU

GPT-assisted test
Pars-ABSA
ParsiNLU food
ParsiNLU movie

Human-only

317
1,313
186
96
239

0.6461 £ 0.0099
0.2424 £ 0.0056
0.8897 +0.0106
0.5980 £ 0.0478
0.5778 £ 0.0106

0.7371 £ 0.0301
0.4854 £ 0.0436
0.8975 £ 0.0111
0.5515 £ 0.0052
0.5231 £ 0.0436

0.6883 £ 0.0092
0.3227 £ 0.0069
0.8935 + 0.0009
0.5733 £ 0.0246
0.5486 £ 0.0271

Sylaa

Lwt‘u—‘-’Js-‘ LessS

(a) Mobile Phone Aspects.

%

(b) Mobile Phone Categories.

Figure 4. Word clouds of mobile-phone aspects and categories extracted by the generative model.
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Table 7. Aspect—sentiment results. AS-F1 requires both a matched aspect and the correct sentiment label. Sent. Acc. denotes
sentiment accuracy over matched aspect pairs. LLaMA3 rows are mean#tstandard deviation over five seeds; Dorna rows are

mean-tstandard deviation over three seeds.

Model Test set ‘Reviews‘ AS-F1 Sent. Acc.
Zero-shot LLaMA3 GPT-assisted test 321 0.2123 0.8235
Zero-shot LLaMA3 Pars-ABSA 1,719 0.0780 0.8339
Zero-shot LLaMA3 ParsiNLU food 186 0.0910 0.9091
Zero-shot LLaMA3 ParsiNLU movie 96 0.0303 0.8571
Zero-shot LLaMA3 Human-only 239 0.1185 0.8310
LLaMA3-CG GPT-assisted test 317| 0.6372 £ 0.0109 | 0.9269 % 0.0091
LLaMA3-CG Pars-ABSA 1,313|0.2879 £+ 0.0058| 0.8730 £ 0.0149
LLaMA3-CG ParsiNLU food 186| 0.2315 £ 0.0215 | 0.8716 + 0.0176
LLaMA3-CG ParsiNLU movie 96| 0.2671 £ 0.0293 | 0.8819 £ 0.0356
LLaMA3-CG Human-only 239| 0.4394 £ 0.0212 | 0.8021 + 0.0123
LLaMA3-CG+ParsiNLU|GPT-assisted test 317| 0.6039 4 0.0144 | 0.9211 £ 0.0109
LLaMA3-CG+ParsiNLU|Pars-ABSA 1,313| 0.2769 £ 0.0088 | 0.8667 + 0.0039
LLaMA3-CG+ParsiNLU|ParsiNLU food 186| 0.8075 £ 0.0147 | 0.9328 + 0.0139
LLaMA3-CG+ParsiNLU|ParsiNLU movie 96/0.5466 £+ 0.0227| 0.8655 £ 0.0256
LLaMA3-CG+ParsiNLU|Human-only 239] 0.3943 +0.0232 | 0.8138 £ 0.0264
Dorna-CG GPT-assisted test 317|0.6591 + 0.0099| 0.9348 + 0.0031
Dorna-CG Pars-ABSA 1,313| 0.2852 £ 0.0057 | 0.8768 £ 0.0040
Dorna-CG ParsiNLU food 186| 0.2493 £+ 0.0073 | 0.9041 £ 0.0118
Dorna-CG ParsiNLU movie 96| 0.2679 £ 0.0194 | 0.9029 + 0.0187
Dorna-CG Human-only 239(0.4897 + 0.0194| 0.8428 +0.0163
Dorna-CG+ParsiNLU  |GPT-assisted test 317| 0.6438 £ 0.0153 | 0.9353 £ 0.0102
Dorna-CG+ParsiNLU  [Pars-ABSA 1,313| 0.2871 £ 0.0074 | 0.8895 £ 0.0040
Dorna-CG+ParsiNLU  |ParsiNLU food 186/0.8695 + 0.0067|0.9732 + 0.0080
Dorna-CG+ParsiNLU  |ParsiNLU movie 96| 0.5269 £ 0.0248 | 0.9190 + 0.0055
Dorna-CG+ParsiNLU  [Human-only 239( 0.4769 +0.0194 | 0.8697 4+ 0.0115

Table 8. Examples of model behavior on Persian texts with highlighted aspects. Positive aspects are highlighted in green, neutral
in , and negative in red.

Review (Persian) Translation (English) Aspects Identified|Model Output Analysis

(Category)
cadlle o213y e el 3l QU ol This laptop has excellent pro{Processor speed|Correct identification of a positive
e AB 25 A il b (Js|cessor speed, but its battery|(Performance), Bat{performance aspect and a negative

drains very quickly. tery (Performance) |battery-related aspect.

b Ll el oalall (3 68 Qb sa (pu )52
Cat Qlls Sl (5l

The mobile camera is fantastic,/Mobile camera (Per
formance), Physical

design (Appearance)

Correct handling of contrasting
but its physical design is not sentiments in one review.

appealing at all.

4 g s Lol a8l S
4L ol

Its color is nice, but I do not
know whether it suits my

Color (Appearance)Ambiguous opinion about suitabil-
ity can lead to unstable aspect or

sentiment assignment.

Jl%dh;hlgbﬂ sdﬁ@)ajsd)gjlsutug
e 6 YIS

The application was practical
and fast, but it occasionally
had technical issues.

Application (Perfor
mance), Technical isq
sues (Performance)

The model may merge distinct as-
pects into a broad performance cat-

egory.

43S S R L oSl 5 K ol Phone

ity)

Sarcasm is difficult; literal positive
words can mask negative intent.

This phone is a masterpiece, if]
it works!

(Functionald
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Figure 5. Word clouds of people’s opinions on the battery and camera of a mobile phone.

contribute to this gap. First, Pars-ABSA reviews are
much longer than the GPT-assisted and ParsiNLU
reviews, and they often contain multiple clauses
and densely packed aspect mentions. Second, the as-
pect definitions and categories in Pars-ABSA differ
from our generative annotation scheme. Third, exact
overlap removal reduces the evaluation subset for
fine-tuned models. These differences explain why the
model generalizes less well to Pars-ABSA than to the
GPT-assisted, human-only, and ParsiNLU settings.

Domain-specific challenges. The model performs
better on the ParsiNLU food domain than on the
movie domain after ParsiNLU training. Food reviews
typically focus on concrete aspects such as taste, pack-
aging, portion size, or delivery, and their sentiment
cues are often explicit. Movie reviews often involve
abstract aspects such as story, acting, emotional im-
pact, or atmosphere, which makes aspect boundaries
and sentiment anchoring harder.

5.6 Case Study: Generative Capabilities of
Our Model

In this section, we illustrate the generative capabil-
ity of the fine-tuned model on product reviews. The
model autonomously extracts aspects, opinions, cat-
egories, and sentiments without relying on a prede-
fined aspect list. These qualitative examples are in-
tended to complement the quantitative results and
show how the generated quadruples can support ex-
ploratory analysis of user feedback.

5.6.1 Mobile Phone

For mobile-phone reviews, the model frequently
extracts aspects such as battery, camera, display
quality, speed, memory, price, and design. The word
clouds in Figures 4 and 5 illustrate how the model
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groups repeated user concerns. Battery-related opin-
ions often include negative expressions about fast
discharge or charging, whereas camera-related opin-
ions often include positive expressions about quality,
clarity, or resolution. These patterns demonstrate
the practical value of open-ended aspect extraction
for e-commerce analysis.

5.6.2 Book Reader

In book-reader or digital-reading-device reviews, ex-
tracted aspects tend to include screen, size, battery,
light, price, and usability. The model can identify
both product-level aspects and usage-related opin-
ions, such as whether the screen is comfortable for
reading or whether the device is easy to carry. At
the same time, some errors occur when users discuss
reading habits or delivery conditions rather than the
product itself.

5.6.3 Clothing

For clothing reviews, the model commonly extracts
aspects such as material, color, size, stitching, design,
and price. These aspects are often domain-specific
and may not appear in predefined aspect inventories.
The generative formulation is therefore useful because
it can adapt to product categories where the relevant
aspects differ substantially from electronics or food.

5.7 Comparative Analysis and Practical Im-
plications

Compared with classification-based Persian ABSA
systems, the proposed generative formulation pro-
vides richer outputs. It not only classifies sentiment
for known aspects; it also extracts new aspect terms,
opinion spans, and categories. This is useful for
e-commerce, market analysis, and social-media mon-
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itoring, where users may mention unexpected or
emerging concerns.

However, the approach is computationally more ex-
pensive than encoder-based classifiers because infer-
ence requires autoregressive generation. It is therefore
more suitable when rich structured output is needed
than when a lightweight polarity classifier is sufficient.
The revised experiments also show that training data
composition matters: adding ParsiNLU strongly im-
proves ParsiNLU evaluation but can reduce perfor-
mance on the human-only set. Practitioners should
therefore match the training data to the target do-
main and annotation policy.

6 Conclusions

This paper presented a generative framework for
Persian Aspect-Based Sentiment Analysis using
fine-tuned LLaMA3-family instruction models. The
model generates structured JSON quadruples con-
taining aspect terms, categories, opinion spans, and
sentiment labels. The work is positioned as an ap-
plied and resource-oriented contribution rather than
a new transformer architecture.

To address the risk of circularity in GPT-assisted
annotation, we introduced an independent human-
only test set annotated from scratch by three Persian
annotators. The results show that task-specific fine-
tuning substantially improves over zero-shot prompt-
ing on this human-only benchmark. LLaMA3-CG
improves from 0.1426 to 0.547740.0229 aspect F1
and from 0.1185 to 0.439440.0212 aspect—sentiment
F1. The Persian-oriented Dorna-CG model further
obtains 0.5809+0.0123 aspect F'1 and 0.4897+0.0194
aspect—sentiment F1, suggesting that Persian-
oriented LLaMA3-family models are promising for
this task.

The experiments also reveal important limita-
tions. Performance remains sensitive to domain shift,
annotation-scheme mismatch, implicit opinions, sar-
casm, and over-generation. Adding ParsiNLU im-
proves in-domain ParsiNLU performance but does
not universally improve the independent human-only
test set. Future work should expand the human-only
dataset, improve structured-output constraints, eval-
uate additional Persian-oriented LLMs, and explore
continued Persian pretraining or retrieval-augmented
annotation tools.
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