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Abstract

Ordinal sentiment classification from customer reviews using star rating labels is
challenging due to subtle distinctions between adjacent rating levels, particularly
in low-resource and multilingual settings. Existing benchmarks are predominantly
English-centric and text-only, limiting their ability to reflect real-world e-commerce
scenarios. We introduce DarazMM, a large-scale Bangla-centric multilingual multi-
modal dataset for five-class star rating prediction, covering Bangla, English, code-
mixed Bangla-English and Romanized Bangla. The dataset is released in two set-
tings: a text-only corpus of 257,817 reviews and a multimodal subset of 25,452
reviews that includes review text, customer-uploaded images, advertised product
images and corresponding product descriptions. We benchmark zero-shot, few-shot
and supervised models, and propose two neuro-symbolic frameworks that model rat-
ing ordinality and cross-modal interactions. Our best supervised framework achieves
0.87 accuracy and 0.83 macro-F1, while the best zero-shot and few-shot models reach
0.71 and 0.79 accuracy, respectively. The dataset will be made publicly available.

Keywords: Multimodal Sentiment Analysis; Multilingual and code-mixed NLP;
Neuro-symbolic Al; E-commerce product reviews
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Chapter 1

Introduction

Customer-written reviews are a primary source for understanding consumer prefer-
ences in online marketplaces. They motivate research in computational linguistics
and machine learning for tasks such as recommendation, product ranking and mar-
ket analysis [1]. On most e-commerce platforms, reviews include free-form text, a
star rating and sometimes an optional product image [2,3]. These heterogeneous
signals provide complementary information about user satisfaction and purchasing
behavior. As a result, review data serve as an important bridge between qualita-
tive opinions and quantitative decision-making. Among opinion mining problems,
star rating prediction aims to infer ordinal rating categories from review content [3].
This task is more challenging than binary sentiment classification because adjacent
rating levels often differ only subtly [4]. Small linguistic nuances, contextual cues
and subjective interpretations can therefore significantly affect prediction accuracy.
Recent advances in deep learning and large language models (LLMs) have im-
proved sentiment and rating prediction performance [5,6]. Modern neural archi-
tectures can automatically learn semantic and contextual representations without
extensive feature engineering, enabling more robust modeling of complex review
patterns. Pretrained models further enhance generalization by transferring knowl-
edge from large corpora to downstream tasks. However, most progress relies on
English-centric benchmarks with relatively clean and homogeneous data [7,8]. In
Bangladesh, e-commerce platforms are widely used and customers predominantly
write reviews in Bangla or code-mixed Bangla-English, often including Romanized
text [9]. These multilingual and informal reviews are difficult to process because
Bangla is a low-resource language with limited large-scale annotated corpora [10,11].
Informal spelling variations, non-standard grammar and frequent code-switching
further increase linguistic ambiguity. Existing benchmarks therefore fail to reflect
the linguistic variability and multimodal characteristics of Bangladeshi e-commerce
reviews [12].

Several Bangla-centric datasets have been proposed to support sentiment analysis
and rating prediction. Most of them were collected from platforms such as Daraz [13]
and Pickaboo [14]. These datasets provide an initial foundation for developing local-
ized language technologies and benchmarking models in realistic settings. They also
highlight the growing research interest in addressing underrepresented languages in
opinion mining. Farly datasets were small and text-only. They were often manually
annotated to ensure label quality, but they lacked linguistic and contextual diver-
sity [4,15,16]. More recent resources expanded language coverage to include Banglish



and code-mixed text [17]. Large-scale datasets such as BanglishRev increased size
and metadata richness and included customer-uploaded review images [12]. How-
ever, none of these datasets provide advertised product images together with product
descriptions and review content. This limitation restricts the analysis of expectation
mismatch between advertised products and received items. Consequently, impor-
tant visual cues that influence customer satisfaction remain underexplored in current
benchmarks.

1.1 Motivation

Real-world e-commerce reviews contain multiple information sources. Customers
express opinions through text, assign star ratings, and often upload product images.
These signals are complementary and may improve rating prediction when modeled
jointly. Text explains user experience in detail, ratings provide structured supervi-
sion and images offer visual evidence of product condition or defects. Considering
only one modality may therefore ignore useful contextual cues that influence cus-
tomer judgment. Integrating these heterogeneous sources allows models to capture
both subjective impressions and objective evidence. Such holistic modeling better
reflects how humans naturally evaluate products and make purchasing decisions.
In Bangladeshi marketplaces, reviews are frequently multilingual and informal. Users
switch between Bangla and English and often rely on Romanized Bangla [9]. Such
variation increases vocabulary sparsity and introduces inconsistent spelling. These
characteristics reduce the effectiveness of models trained on clean English datasets
[10,11]. They also complicate preprocessing, tokenization and feature extraction.
Moreover, informal expressions, abbreviations and phonetic spellings create addi-
tional noise in the data. Addressing these challenges requires approaches that are
robust to linguistic variability and domain-specific writing styles.

Existing resources do not adequately combine linguistic diversity with multimodal
information. Many datasets are text-only, while others include limited visual con-
tent. As a result, they do not fully represent the structure of reviews collected from
platforms such as Daraz and Pickaboo. This gap motivates the development of a
realistic multilingual and multimodal dataset for star rating prediction that bet-
ter reflects practical e-commerce scenarios. A comprehensive resource can facilitate
fair comparison across methods and encourage more generalizable solutions. It can
also support future research on cross-modal reasoning and low-resource language
understanding.

1.2 Problem Statement

Star rating prediction from reviews is an ordinal classification problem, with ratings
mapped to ordered sentiment categories from Very Negative (1) to Very Positive
(5) [18]. The model must distinguish fine-grained differences between adjacent rating
levels. Small variations in wording may correspond to different ratings. For example,
moderate satisfaction and strong satisfaction may both appear positive but belong to
separate categories. This requirement makes the decision boundary between classes
less distinct than in binary sentiment analysis [4]. Consequently, prediction errors
often occur between neighboring classes rather than distant ones. Effective models



must therefore capture subtle semantic shifts and contextual cues to make reliable
distinctions.

The task becomes more difficult in low-resource multilingual settings where Bangla,
English, code-mixed and Romanized text appear together. Standard language mod-
els often assume consistent scripts and grammar. These assumptions do not hold
for informal user-generated content [10,11]. Limited annotated corpora further re-
strict the training of robust models. Consequently, performance may degrade when
models are transferred from English-centric benchmarks. Domain mismatch and
vocabulary gaps can lead to unstable predictions and reduced generalization. Spe-
cialized preprocessing and adaptation strategies are therefore necessary to maintain
model reliability.

Existing Bangla-centric datasets are either text-only or lack complete product-aware
modalities such as advertised images and descriptions. Without these inputs, models
cannot analyze cross-modal consistency or expectation mismatch between advertised
and received products. They also cannot exploit visual cues that may explain low
or high ratings. Therefore, current approaches do not fully capture the structure
of real-world reviews. Important evidence that influences customer perception may
remain unused during training and inference. A comprehensive dataset and suitable
modeling framework are required to address these limitations.

1.3 Research Objectives

Based on the motivation and identified research gaps, this study defines a set of
objectives that guide the construction of the dataset and the development of model-
ing approaches. These objectives aim to establish a realistic benchmark and enable
consistent evaluation under multiple learning settings. By clarifying these goals, the
study provides a structured roadmap for step-by-step experimentation and compar-
ison. Specifically, the objectives are summarized as follows:

o Develop a large-scale Bangla-centric multilingual multimodal dataset for five-
class star rating prediction.

e Provide two complementary settings: a text-only corpus and a multimodal
subset that includes review text, customer-uploaded image, advertised product
images and product descriptions.

o Benchmark zero-shot, few-shot and supervised models across multilingual and
multimodal configurations.

o Design neuro-symbolic frameworks that explicitly model rating ordinality and
cross-modal interactions.

1.4 Contributions

This work contributes both new data resources and methodological advances for star
rating prediction. The contributions focus on realistic dataset design, comprehensive
evaluation, and structured modeling of ordinal and multimodal information. The
main contributions of this thesis are summarized as follows:



o We introduce a large-scale multilingual e-commerce review dataset for five-
class star rating prediction, covering Bangla, English, code-mixed Bangla—
English and Romanized Bangla. The dataset is released in two settings: a
text-only corpus of 257,817 reviews and a multimodal subset of 25,452 reviews.

o We provide comprehensive baseline evaluations under zero-shot, few-shot and
supervised learning paradigms across multilingual and multimodal settings.

o We propose two neuro-symbolic rating prediction frameworks that explicitly
model rating ordinality and cross-modal interactions. The proposed frame-
works consistently outperform strong baselines on the dataset.

1.5 Organization of the Report

The remainder of this thesis is organized as follows. Chapter 2 reviews the related
literature. Chapter 3 describes the experimental methodology. Chapter 4 presents
and analyzes the results. Chapter 5 concludes the study, discusses limitations and
outlines directions for future work.



Chapter 2

Related Work

Early research on Bangla e-commerce reviews primarily relied on relatively small,
text-only datasets. These early efforts were largely motivated by the rapid growth
of online retail platforms in Bangladesh, particularly during the COVID-19 pan-
demic, when consumers increasingly depended on digital marketplaces. As online
transactions surged, concerns regarding fraudulent sellers, defective products and
misleading information also grew, creating a strong need for automated sentiment
analysis systems to monitor customer feedback and detect potential scams. Conse-
quently, researchers focused on building compact but practical corpora that could
support classical Natural Language Processing (NLP) pipelines and traditional ma-
chine learning approaches. One of the earliest contributions was made by Shafin et
al. [19], who compiled over 1,000 customer comments from popular local platforms
to examine positive and negative sentiment distributions. Through comparative ex-
periments with multiple classifiers, they found that Support Vector Machines (SVM)
offered the most stable performance, achieving an accuracy of 88.81%. Expanding
this line of work, Hossain et al. [4] curated a larger Daraz dataset containing 7,874
unique reviews enriched with metadata such as usernames, product categories and
timestamps, and framed the task as five-class star rating prediction using TF-IDF
features with SVM. To address the heavy dominance of 5-star reviews, they ap-
plied random oversampling to expand the dataset to 21,875 samples, ultimately
improving accuracy to 90.44%. Similarly, Akter et al. [15] released manually an-
notated datasets organized by product sub-categories, while Chowdhury et al. [20]
constructed a balanced corpus of 13,550 reviews with verified labels and reported
strong results for SVM with unigram features (78.63%), with hybrid CNN-BiLSTM
models achieving competitive performance (75.25%).

As the field matured, researchers began moving beyond small-scale corpora to de-
velop larger and more linguistically diverse datasets capable of capturing the com-
plex emotional expressions of Bangladeshi consumers. These later efforts recognized
that simple binary sentiment labels were insufficient to reflect the nuanced opin-
ions present in real-world reviews, prompting the inclusion of multilingual content
and richer affective annotations. By incorporating broader coverage in both scale
and language, these datasets enabled more robust and generalizable modeling ap-
proaches. For instance, Rashid et al. [12] introduced a large-scale collection of 78,130
reviews gathered from Daraz and Pickaboo across 152 product categories, combin-
ing 28,912 Bangla and 49,218 English reviews. Beyond sentiment polarity, they
provided expert-validated annotations for five emotion classes—Happiness, Sadness,



Fear, Anger and Love—following Shaver’s psychological framework, thereby offer-
ing deeper cultural insight. Hossain et al. [17] further extended this direction by
incorporating Bangla, English and Romanized Bangla (Banglish) text with five-
level sentiment labels to better support low-resource multilingual settings. Zeng
et al. [21] demonstrated the effectiveness of few-shot synthetic data augmentation
in code-mixed Spanish-English and Malayalam-English reviews, using GPT-4 to
generate naturalistic synthetic sentences that improved F1 scores by 9.32% in low-
resource scenarios. Outside the Bangla context, several large-scale review datasets
have served as comparative benchmarks [22-25]. Notably, Fang et al. [22] analyzed
5.1 million Amazon reviews and proposed a POS-based sentiment scoring frame-
work that handled linguistic phenomena such as negation, combining it with clas-
sifiers like Naive Bayes, Random Forest and SVM to achieve strong sentence-level
and document-level results. Barbieri et al. [26] contributed XLM-T and the Uni-
fied Multilingual Sentiment Analysis Benchmark (UMSAB), showing that massive
multilingual pre-training on social media data can significantly improve zero-shot
cross-lingual transfer for low-resource languages.

The transition from text-only analysis to multimodal learning marked another im-
portant milestone for Bangla review research. While earlier datasets relied solely on
written feedback, real-world e-commerce interactions frequently include complemen-
tary signals such as product images and user engagement metadata. Recognizing
this gap, researchers began constructing multimodal corpora to better reflect au-
thentic consumer behavior and to enable models that leverage both textual and
visual information for improved sentiment understanding. A prominent example is
BanglishRev [27], the first large-scale multimodal Bangla e-commerce dataset, con-
taining 1.74 million reviews derived from 3.2 million ratings. In addition to text, the
dataset includes customer-uploaded images and extensive metadata such as purchase
timestamps, likes/dislikes and seller responses, providing a richer contextual foun-
dation for analysis. Linguistically, it mirrors regional habits, with 37.7% Banglish
and 5.9% code-mixed content. Given the impracticality of manual annotation at this
scale, the authors adopted numerical ratings as proxy sentiment labels and trained a
BanglishBERT model, demonstrating the effectiveness of large-scale pretraining by
achieving 94% accuracy and an Fl-score of 0.94 on manually labeled benchmarks.
Ling et al. [28] proposed VLP-MABSA, a task-specific vision-language pretraining
framework using BART to jointly model textual and visual aspect-opinion align-
ments, achieving significant gains on multimodal sentiment benchmarks, particularly
in low-resource settings. Zhang et al. [29] introduced the Adaptive Language-guided
Multimodal Transformer (ALMT) to suppress sentiment-irrelevant information from
auxiliary modalities, improving stability and convergence across MOSI, MOSEI and
CH-SIMS datasets.

Beyond dataset construction, methodological improvements have also focused on
addressing common challenges such as class imbalance and noisy annotations. E-
commerce reviews often exhibit highly skewed rating distributions, with positive
feedback dominating, which can bias classifiers and reduce generalization perfor-
mance. To counteract this issue, researchers have explored data balancing strate-
gies and more sophisticated architectures capable of capturing the syntactic and
semantic complexity of multilingual and code-mixed text. Zaman et al. [1] system-
atically evaluated the Synthetic Minority Over-sampling Technique (SMOTE), gen-
erating synthetic minority samples through a k-nearest neighbor strategy to equalize



class distributions. Their experiments showed a substantial boost in SVM accuracy
from 63.76% to 92.80%, highlighting the effectiveness of balanced training data.
In parallel, Rashid et al. [7] proposed BERT-KAN, a hybrid architecture combin-
ing BERT’s contextual embeddings with Kolmogorov—Arnold Networks that employ
polynomial expansions and polynomial attention to model complex non-linear rela-
tionships. This fusion of deep transformer representations with functional approxi-
mation mechanisms achieved state-of-the-art results, including 95.3% precision and a
96.1% Fl-score. Similarly, Koto et al. [30] leveraged multilingual sentiment lexicons
to enhance low-resource language modeling without requiring sentence-level super-
vision, outperforming large models like GPT-3.5 and BLOOMZ in code-mixed and
zero-shot settings. Quoc et al. [31] introduced ViCloABSA for Vietnamese clothing
reviews, providing a rigorous benchmark for aspect-based sentiment analysis and
demonstrating that LLM-based models consistently outperform smaller baselines as
training data increases. Zhang et al. [32] presented SENTIEVAL, highlighting where
LLMs excel in few-shot scenarios and where specialized models remain superior in
structured output tasks.

Multimodal sentiment analysis (MSA) surveys [33] emphasize that while text fea-
tures often dominate, integrating textual, visual, and acoustic cues is essential for
capturing deeper emotional polarity. These surveys highlight the evolution of fusion
techniques, categorizing them into early feature-level fusion, medium-term model-
based fusion, and late-stage decision fusion. They identify critical remaining chal-
lenges, such as the detection of hidden emotions like sarcasm, and the lack of diverse,
large-scale multilingual datasets that include physiological signals like brain waves or
pulses. Looking forward, researchers advocate for the development of unified, large-
scale architectures capable of handling hidden emotions and multilingual content to
bridge the current gap between human and artificial intelligence.

Collectively, these studies illustrate several clear trends in sentiment analysis re-
search. Early efforts focused on building small, text-only corpora and applying
classical machine learning models, gradually expanding toward larger, multilingual
datasets that capture nuanced emotional expressions. Concurrently, the field has
embraced multimodal learning, integrating textual, visual and auxiliary signals to
reflect realistic e-commerce interactions. Methodological innovations, including data
balancing, lexicon-based pretraining and hybrid transformer architectures, have fur-
ther improved performance, particularly in low-resource and code-mixed settings.
Despite these advances, existing Bangla datasets either emphasize text-only reviews
or incorporate limited multimodal signals, leaving a gap in comprehensive resources
that combine diverse modalities across languages.

To the best of our knowledge, no prior Bangla-centric dataset combines review text,
customer-uploaded images, advertised product images and product descriptions [4,
12,17,27]. Our dataset fills this gap, supporting five-class star rating prediction in
multilingual and multimodal settings.

Table 2.1 summarizes the main approaches and methods reported in the literature,
highlighting the datasets, techniques and trends relevant to this study.



Table 2.1: Overview of Existing Approaches, Datasets and Methods for Sentiment
and Star Rating Prediction

Aspect

Details

Datasets

Manually labeled datasets with metadata [15]; balanced cor-
pus of 13,550 Bangla reviews [20]; 78,130 Bangla-English re-
views with emotion labels [12]; 5.1M Amazon reviews [22];
BanglishRev multimodal dataset with 1.74M reviews [27].

Sentiment analysis in
Non-Bangla Languages

Large-scale modeling in various domains [23-25]; POS-based
sentiment scoring and negation handling on Amazon reviews
[22].

Sentiment analysis/star
rating prediction in
Bangla

SVM applied to small datasets [19]; five-class rating predic-
tion using TF-IDF and SVM with random oversampling [4];
performance comparison on balanced corpora [20]; rating
prediction using SMOTE for class balancing [1].

Multilingual sentiment
analysis

Analysis involving Bangla, English and Romanized Bangla
(Banglish) [12,17]; hybrid BERT-KAN architecture for code-
mixed text [7].

Multimodal sentiment
analysis/star rating pre-
diction

Integration of review images and metadata in BanglishRev
[27]; surveys emphasizing the integration of textual and vi-
sual cues [33].

Machine Learning Ap-
proaches

SVM for sentiment and rating prediction [1,4,19,20]; Naive
Bayes and Random Forest for review-level classification [22].

Deep Learning Ap-

proaches

Hybrid CNN-BIiLSTM models [20]; large-scale pretraining
with BanglishBERT [27]; hybrid BERT-KAN combining
transformer depth with Kolmogorov-Arnold Networks [7].

Challenges and Trends

Managing imbalanced rating distributions [1,4]; addressing
linguistic complexity in code-mixed/Romanized text [7,17];
handling multimodal inputs and hidden emotions like sar-
casm [33].




Chapter 3

Methodology

Our methodology, illustrated in Fig 3.1, covers the collection and preparation of
the Daraz Multimodal Multilingual Dataset (DarazMM), as well as the training
and evaluation of various text-only and multimodal models. We collected product
information, reviews and associated images, and organized them into a structured
dataset. The dataset was curated to ensure quality and appropriate validation and
test splits were created. Models were then evaluated under multiple paradigms, in-
cluding zero-shot, few-shot and supervised fine-tuning, with experiments designed to
assess both textual and visual information for star rating prediction. Detailed pro-
cedures for data processing, augmentation, model architectures and evaluation are
provided in the following sections. In particular, our text-only Daraz Multilingual
(DarazM) dataset is described in detail in Section 3.5.

Figure 3.1: Overall workflow of the methodology. Abbreviations: TC, Text Com-
ment; Al, Advertised Image; RI, Reviewer/Customer-uploaded Image. An asterisk
(*) indicates that only a subset of models utilized the corresponding modality.



3.1 Data Collection

The dataset was collected between April 2025 and September 2025 using an au-
tomated web scraping pipeline, and covers reviews posted between 2019 and 2025
from the Daraz Bangladesh e-commerce platform [13]. We employed Selenium with
a Chrome WebDriver [34] to handle dynamically loaded content and paginated prod-
uct and review pages.

We first crawled product listing pages and retained products with more than ten
customer reviews to ensure sufficient opinion diversity. Each retained product was
assigned a unique internal Product 1D, resulting in a total of 4,109 distinct products
in the final corpus. For each selected product, we collected the advertised product
name, product description and product images. We then iterated through all avail-
able review pages and extracted customer-written reviews along with star ratings,
review text, review dates, customer identifiers and customer-uploaded review images
when available. Since a single review may contain multiple user-uploaded images,
we store only the first image for consistency while recording the total number of
uploaded images as metadata. Each review instance in the final DarazMM dataset
contains the following fields: Product ID, Product Name, Product Description, Re-
view Comment, Rating, Review Date, Reviewer Number and the total number of
uploaded images, together with the corresponding advertised product image and
the first customer-uploaded review image. Reviewers refer to customers who have
written the product reviews. Reviewer Numbers are anonymized internal indices
and do not correspond to real user accounts or identities; they are used solely to
link review text with associated images.

Both product-level information and review-level data were stored in structured CSV
format. Images were downloaded and organized by Product ID to preserve align-
ment between reviews, advertised product images and descriptions. From this cor-
pus, we construct two datasets: DarazM, a large-scale text-only review dataset
containing all reviews, and DarazMM, a multimodal subset containing only re-
views paired with customer-uploaded images. Together, DarazM and DarazMM
constitute a large-scale multilingual review corpus containing Bangla, English, Ro-
manized Bangla and code-mixed comments, supporting both text-only and multi-
modal learning scenarios. Table 3.1 shows several representative review instances
from DarazMM.

Table 3.1: Example review instances from the DarazMM dataset.

Product ID | Review Comment Reviewer No. | Rating
PROD_ 0016 | darun hoyeche! satisfied! [It’s excellent! satisfied!] 82 1
PROD_ 0003 ’;[?I I ]QF[ SRS (It was very good, thanks.] 7 5
PROD 0407 | What I wanted & what I received! 22 1

Note: For brevity, only selected fields are presented.

Table 3.2 compares DarazM and DarazMM with existing Bangla-centric e-commerce
review datasets in terms of dataset size and available features, including review
images, metadata and product-level information such as product name, description
and advertised images.

Table 3.3 compares the language coverage of our datasets with prior work, indicating
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Table 3.2: Comparison of Bangla-centric e-commerce review datasets in terms of
number of samples and features.

Dataset # Sam- | Review | Review | Product | Product Ad.
ples Images Date Name Desc. Images

Hossain et 7874 No Yes Yes No No

al. [4]

Rashid et 78130 No No Yes No No

al. [12]

Akter et 7905 No No Yes No No

al. [15]

Hossain et 7181 No No No No No

al. [17]

Shanto et 1000 No No No No No

al. [16]

Shamael et 1.74M Partial Yes Yes No No

al. [27]

Ours 257817 No Yes Yes Yes No

(DarazM)

Ours 25452 Yes Yes Yes Yes Yes

(DarazMM)

Note: Ad. Images refer to official advertised images provided by sellers, distinct from
customer-uploaded images. Product Desc. indicates the description of the product.
“Partial” indicates that only a subset of reviews contains images.

whether reviews are available in Bangla, English, code-mixed Bangla-English or
Romanized Bangla.

Table 3.3: Language coverage of Bangla-centric e-commerce review datasets.

Dataset Bangla | English | Code-mixed | Romanized
Hossain et al. [4] Yes No No No
Rashid et al. [12] Yes Yes No No
Akter et al. [15] Yes No No No
Hossain et al. [17] Yes Yes No Yes
Shanto et al. [16] Yes No No No
Shamael et al. [27] Yes Yes Yes Yes
Ours (DarazM) Yes Yes Yes Yes
Ours (DarazMM) Yes Yes Yes Yes

Note: “Code-mixed” refers to reviews containing a mixture of Bangla and English, while
“Romanized” indicates Bangla written using Latin script.
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3.2 Data Splitting Strategy

The DarazMM dataset was divided into training, validation and test splits using a
class-balanced strategy to ensure fair evaluation across rating categories. Since the
rating distribution is highly skewed toward the 5-star class, a uniform split would
cause the test set to be dominated by majority-class samples and under-represent
minority ratings. Therefore, we performed class-wise splitting.

For ratings 1-4, approximately 50% of the samples from each class were reserved for
testing to guarantee sufficient evaluation coverage of minority classes. The remaining
samples were used for model development. From this remaining portion, 250 samples
were randomly selected to form the validation set, and the rest were used for training.
In contrast, rating 5 contains substantially more samples than the other classes.
Retaining 50% of this class for testing would disproportionately inflate the test set
and bias evaluation metrics. Hence, a smaller, proportionally suitable test subset
was selected for rating 5 to maintain a balanced test distribution while preserving
most samples for training.

Overall, the final test set comprises 4,105 samples across all rating categories. The
resulting split sizes for each rating class are illustrated in Fig 3.2.

Figure 3.2: Distribution of samples across rating categories in the training, validation
and test splits.

3.3 Data Augmentation

To address the class imbalance in the training split of the DarazMM dataset, we
employed a controlled data augmentation strategy using GPT-OSS. The augmenta-
tion was applied exclusively to the training data and was used only for models that
were fine-tuned in a supervised setting.

Specifically, the majority class (rating 5) was downsampled by retaining only a
subset of its original samples, which were used directly for training without aug-
mentation. All samples belonging to the remaining rating categories (ratings 1-4)
were augmented via GPT-OSS to increase their representation and reduce skew.
The augmentation process generated paraphrased, translated and semantically con-
sistent review comments that preserve the original rating polarity and intent. The
prompt template illustrated in Fig 3.3 was used with GPT-OSS to generate syn-
thetic Romanized Bangla reviews for minority rating classes during training data

12



augmentation. Similar prompts were used to generate synthetic reviews in English
and Bangla.

<|start|>system<|message|>

You are ChatGPT, a large language model trained by OpenAI.

Knowledge cutoff: 2024-06

Current date: 2025-10-06

Reasoning: medium

# Valid channels: analysis, commentary, final. Channel must be included for every message.
<lend|>

<|start|>user<|message|>
You are a helpful assistant that generates synthetic Romanized Bengali product reviews for a
sentiment classification dataset.

The star rating scale is:

= khub kharap obhiggota [very bad experience]
= kharap [bad]

motamuti [okay / average]

= bhalo [good]

= khub bhalo obhiggota [very good experience]

g W N
1]

Example of transliteration style:

"YI qICE" — "khub baje" [very bad]

"qPIAY Ol " — "ekdom bhalo na" [not good at all]

nceferelly (MRTe TIR" — "delivery derite esheche" [delivery arrived late]

Here is one example review for a product (in Bengali):
"ETRAMCT O I [not good at all]

Now generate ONE new Romanized Bengali product review that expresses a similar sentiment, tone,
and style as the example above.

Rules:

- The review must be written fully in Romanized Bengali (no Bengali script).

- It should sound natural and realistic.

- Do not repeat or closely paraphrase the original.

- Do not include any translation, explanation, or label - only the review text itself.
<|end|>

Figure 3.3: Example prompt used for GPT-OSS-based synthetic review generation
during data augmentation. English glosses shown in gray are provided for reader
clarity and are not part of the actual prompt.

Fig 3.4 illustrates the resulting distribution of samples across rating categories after
augmentation.

3.4 Exploratory Data Analysis

To better understand the characteristics of the DarazMM dataset, we conducted an
exploratory data analysis using a set of quantitative visualizations. These visualiza-
tions summarize the distribution of ratings, review length statistics, product-level
review density, temporal trends and lexical patterns in customer comments.

Rating Distribution. Fig 3.2 shows the distribution of star ratings across all
reviews. The dataset is highly skewed toward positive feedback, with 5-star ratings
being the most frequent, followed by 4-star, 1-star, 3-star and 2-star ratings (i.e.,
b>4>1>3>2).
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Figure 3.4: Distribution of samples across rating categories in the training, validation
and test splits after data augmentation.

Comment Length Analysis. Fig 3.5 presents the density distribution of word
counts per comment. A large portion of the reviews are extremely concise, with most
comments containing only 2-3 words. At the same time, the dataset also includes a
small number of long-form reviews, with the maximum comment length exceeding
150 words, indicating substantial variability in customer engagement.

Figure 3.5: Density plot of the number of words per comment in the DarazMM
dataset.

Reviews per Product. Fig 3.6 illustrates the density of the number of reviews
per product. The majority of products receive between 10 and 20 reviews, which
aligns with the dataset construction strategy that enforces a minimum number of
reviews per product while preserving natural variation in review frequency.

Temporal Trends. The evolution of review activity over time is shown in Fig 3.7.
We observe a steady increase in the number of reviews from 2019 to 2023, suggesting
growing customer engagement on the platform. The peak review volume occurs in
November 2023, after which the activity slightly tapers off.
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Figure 3.6: Density of the number of reviews per product in the DarazMM dataset.

Figure 3.7: Monthly distribution of reviews over time in the DarazMM dataset.

Lexical Patterns and Sentiment. Fig 3.8 presents word clouds generated from
English (including Romanized Bangla) and Bangla comments. In both cases, words
expressing positive sentiment are highly prevalent. The English word cloud (left)
contains frequent tokens such as “good product”; “recommended” and “thank”, as
well as Romanized Bangla phrases like “nite paren” (can buy / recommended).

Similarly, the Bangla word cloud (right) is dominated by expressions such as S
S (very good), SHF WA (very nice), 5% @I (okay), and fTS A (can buy),

further reinforcing the overall positive tone of the dataset.

3.5 Daraz Multilingual Dataset (DarazM)

DarazM is a large-scale text-only source corpus comprising 257,817 product re-
views collected from the Daraz platform. The multimodal dataset used for exper-
imentation, DarazIMM, is constructed as a subset of DarazM by selecting only
those reviews that contain both textual comments and reviewer-uploaded images.
Consequently, DarazMM inherits the linguistic, temporal and rating characteristics
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Figure 3.8: Word clouds for English/Romanized Bangla (left) and Bangla (right)
comments.

of DarazM while adding visual information.

Figure 3.9: Distribution of star ratings in the DarazM (text-only parent) dataset.

Fig 3.9 shows the overall rating distribution of DarazM, which exhibits the same skew
toward higher ratings observed in DarazMM. Fig 3.10 illustrates the distribution
of word counts per comment. Most comments consist of between 2 and 50 words.
Fig 3.11 presents the distribution of reviews per product. Fig 3.12 shows the monthly
review frequency. The number of reviews peaks in late 2023, similar to the DarazMM
dataset.

3.6 Problem Formulation

Let D = {(¢, Lugi, Irevi> ¥i) Y., denote the DarazMM dataset, where ¢; represents
the customer review text, I,4; denotes the advertised product image, I,.,; denotes
the customer-uploaded image and y; € {1,2,3,4,5} is the ground-truth star rating.
All instances in DarazMM contain both textual and visual information. However,
different modeling paradigms utilize different subsets of the available modalities.
We define the full input tuple as

XT; = (Ci, Iad,i7 Irev,i)'
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Figure 3.10: Density plot of the number of words per comment in the DarazM
dataset.

Figure 3.11: Density of the number of reviews per product in the DarazM dataset.

3.6.1 Modality Utilization Settings
Text-Only Models. Text-only models are defined on the reduced input space

text .
0 C—= Y,

where only the textual component ¢; is provided to the model and ) = {1,2,3,4,5}
denotes the set of possible ratings.
Text-only modeling can equivalently be interpreted as applying a coordinate selec-
tion operator

Wtext(%‘) = G,
which discards the visual components before prediction. Although visual informa-
tion exists in the dataset, it is not accessible to the model in this setting.

Multimodal Models. Multimodal models jointly leverage textual and visual ev-
idence by operating on the complete input tuple:

femulti(mi) = gmulti(cb Iad,i? -[rev,i>‘
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Figure 3.12: Monthly distribution of reviews over time in the DarazM dataset.

These models learn representations that integrate semantic sentiment cues from
text with visual consistency signals derived from advertised and customer-uploaded
images.

3.6.2 Supervised Learning Objective

For fine-tuned models, star rating prediction is formulated as a 5-class classification
problem. Let

xT; =

. ci, text-only models
xr;, multimodal models

The model outputs a probability distribution over rating classes:

po(y | T3) = Softmax(gg(:ii)), (3.1)

where gy denotes the model’s logit function.
Model parameters are learned by minimizing the training loss over all examples:

N
1 -
min - 2_; L(poly | 7:), 1), (3:2)
where L is a task-specific loss function.

3.6.3 Prompt-Based Inference (Zero-Shot and Few-Shot)

In zero-shot and few-shot settings, no task-specific parameter updates are performed.
A pretrained language model is prompted to infer the rating directly from the input.
Let 7(Z;) denote a structured prompt. The predicted rating is:

i = k 7)), 3.3
g argkerg§§5}pa( | 7(Z)) (3.3)

where 6 corresponds to fixed pretrained parameters.
In multimodal zero-shot settings, 7(Z;) incorporates visual embeddings:

W(‘%z) = 7T<Ci7 Iad,iu ]rev,i) (34)
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Few-shot inference extends this by including a small set of labeled demonstration
examples in the prompt.

3.6.4 Neuro-Symbolic Inference

In the neuro-symbolic framework, multiple predictors are combined:

M ={fa, f1. fo, fo},

where f, denotes the hierarchical XLM-RoBERTa classifier, f; and f, are indepen-
dent LLM predictors, and f, is the multimodal vision—language model.

Each predictor produces a rating estimate and, where applicable, a confidence score.
A symbolic decision function ®(-) governs arbitration among outputs:

Ji = O (fol@s), [1(Z0), f2(Z0), fo(Es)), (3.5)

where @ implements agreement rules, confidence thresholds and fallback logic (see
Algorithms 1 and 2).

Objective. Across all paradigms, the goal is to learn or infer a function
fo(@i) or folc)

that maps textual and optional visual review evidence to a discrete star rating
v € {1,2,3,4,5},

while accounting for multilingual and multimodal variability.

3.7 Model Architectures and Learning Objectives

In this section, we describe the architectures of the models used for star rating
prediction, including both text-only decoder LLMs and multimodal vision—language
models. We also outline their learning objectives, highlighting how autoregressive
generation and cross-modal fusion enable the extraction of rating information from
textual and visual inputs.

3.7.1 Text Encoder (XLM-RoBERTa)

Textual inputs ¢; are processed using XLM-RoBERTa [35], a multilingual transformer-
based encoder. The encoder is built on the standard Transformer [36] architecture.
Fig. 3.13 shows the original Transformer design with stacked encoder and decoder
blocks [36]; the visualization is adapted from [37]. XLM-RoBERTa utilizes only the
encoder stack.

Self-attention computes contextualized token representations by measuring pairwise
interactions between queries, keys and values. Formally, scaled dot-product atten-
tion is defined as:

.
Attention(Q, K, V) = Softmax(%)‘/, (3.6)
k
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Figure 3.13: Original Transformer architecture with stacked encoder and decoder
layers.

where ), K, and V are the query, key, and value matrices derived from token
embeddings, and dj, is the dimensionality of the keys. Multi-head attention allows
the model to capture different contextual relations simultaneously:

MultiHead(Q, K, V) = Concat(heady, . .., head,) W©°, (3.7)

with each head; = Attention(QW2, KW VIVY).

The transformer output for a review sequence ¢; is
hiert = XLM-RoBERTa(c;) € R¥*4 (3.8)

where L is the sequence length and d; is the embedding dimension. This captures
semantic, cross-lingual and contextual sentiment information.

3.7.2 Vision Encoder (ViT / CLIP)
Visual inputs /.4, and I,.,; are encoded using either a Vision Transformer (ViT) [38]

or the CLIP image encoder [39].

ViT. Each image is split into N patches of size P x P, flattened and linearly
projected to embeddings z, € RN *dv — The overall Vision Transformer pipeline
[38], including patch embedding and transformer encoder blocks, is illustrated in
Fig. 3.14. A learnable class token z. is prepended:

To = [xcls;xla"-)xN] +Ep087 (39)

where FE,,, is the positional embedding. Transformer blocks with multi-head self-
attention produce patch-level representations, and the class token embedding serves
as the image representation:

het = ViT(Lugs), hi® = ViT(Loey,s)- (3.10)
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Figure 3.14: Original Vision Transformer (ViT) architecture showing image patch
embedding and stacked transformer encoder layers.

CLIP. CLIP maps images and text into a shared latent space:

204 27 = CLIP g (Ladis Lrevi); 21" = CLIP eus(cy), (3.11)

17 Z Z

enabling multimodal alignment.

3.7.3 Decoder-Only Large Language Models

Decoder-only LLMs are autoregressive architectures that generate tokens sequen-
tially, conditioned on prior context. These models build upon the original Trans-
former [36] decoder block, which uses masked self-attention to prevent future tokens
from influencing the current token:

T

MaskedAttention(Q, K,V) = Softmax(QK
vy,

where M is a causal mask ensuring autoregressive generation.
The gpt-oss family (e.g., gpt-o0ss-20B) [40] exemplifies a high-capacity decoder-
only LLM. Building upon the original Transformer architecture, it introduces several
architectural refinements to improve scalability, efficiency and long-context model-
ing.
1. Mixture-of-Experts (MoE): GPT-OSS [40] introduces sparsely activated MoE
blocks. Each token routes to the top-k experts, producing

+ M)V (3.12)

haior = Z Softmax(Router(x)); - Expert,(z) (3.13)

i€Top-4

which increases model capacity without proportionally increasing compute.
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2. Attention Variants: Alternating banded window and dense attention patterns,
combined with Grouped Query Attention (GQA), reduce memory usage while sup-
porting long-context reasoning (up to 131K tokens with Rotary Positional Embed-
dings, RoPE).
3. Normalization and Activation: RMS normalization stabilizes deep network
activations: .

RMSNorm(zx); = - 9, (3.14)

1 D Tt

while SwiGLU activations improve expressivity beyond the original Transformer’s
GELU.
Star ratings are generated autoregressively from a structured prompt 7(c¢;):

Utokens = Generate(mw(c;)) = ; = ExtractRating(giokens)s

where ExtractRating(-) parses the generated text to obtain the final star rating.
Few-shot prompting extends 7(¢;) with labeled examples.

Although GPT-OSS demonstrates extreme scale and sparsity, its core autoregressive
decoder mechanism remains aligned with the original Transformer decoder, retaining
residual connections, causal attention and layer-wise normalization (here replaced

by RMSNorm).

3.7.4 Vision—Language Models

Vision—language (VL) models extend the Transformer to integrate textual and visual
information. Given textual embeddings hl*** and visual embeddings hY** (from I,g;
and I,.,;), cross-modal attention fuses these modalities:

QtextKgs
Vi

The models considered here-Gemma 3n, Llama 3.2 Vision Instruct and Qwen
3-VL-differ in how they integrate visual features:

1. Gemma 3n uses a MobileNet-V5 vision encoder [41]. Parameter-efficient mech-
anisms such as Per-Layer Embedding (PLE) caching and conditional parameter
loading allow selective activation of submodules. Its MatFormer architecture nests
smaller Transformers within a larger network, enabling resource-adaptive multi-
modal inference.

2. Llama 3.2 Vision Instruct leverages a pre-trained ViT-H/14 vision encoder
and injects multi-layer visual features into the decoder via cross-attention adapters,
preserving spatial detail while maintaining a dense Transformer core.

3. Qwen 3-VL employs a SigLIP-2 vision encoder [42] with DeepStack integra-
tion, feeding multi-layer visual tokens into the language decoder through residual
connections. Interleaved MRoPE positional encodings support temporal and spatial
modeling for video and image sequences.

All three VL models share the following enhancements over the original Transformer:
- Cross-modal Fusion: Attention is computed between textual queries and visual
keys/values, producing a joint representation:

Attention(Qyept, Kyis, Vais) = Softmax( )V;is (3.15)

h;nulti _ Fuse(h§€$t7 h;”s) (316)
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- Extended Context and Positional Encodings: RoPE and MRoPE enable
extremely long sequences and multi-dimensional inputs, supporting dense or sparse
token streams beyond the original Transformer’s capacity.

- Parameter Efficiency and Modularization: Conditional parameter loading
and nested submodules reduce memory footprint and computation while preserving
multimodal expressivity.

Star ratings are generated autoregressively from the fused representation:

Giokens = Generate(h) = §; = ExtractRating(Jokens),

where the final rating is obtained by extracting the relevant token(s) from the gen-
erated sequence. This allows the VL. models to reason jointly over text and image
content in an autoregressive manner.

3.7.5 Learning Objectives

For the supervised classification setting, fine-tuned models are primarily optimized
using the standard cross-entropy loss over the five rating classes:

5

Lcp(0) = — Zyi,k log pe(yi . | i), (3.17)
k=1

where y; , denotes the one-hot encoded ground-truth label for class k. This objective

serves as the main loss function for the classification task.

In addition to this standard formulation, we use a custom loss function tailored to

our multimodal setting, which is described in a later subsection.

Zero-shot and few-shot models instead rely on the pretrained LLM objective without

task-specific parameter updates.

3.7.6 Optimization

Parameters are optimized with AdamW [43] and learning rate scheduling. Multi-
modal training jointly aligns text and visual embeddings in the shared latent space.

3.8 Zero-Shot Methods (Text-Only)

In the text-only zero-shot setting, models are prompted to predict star ratings di-
rectly from customer comments without any task-specific fine-tuning. The prompts
instruct the model to infer sentiment intensity and map it to a discrete 5-point rating
scale. This setting evaluates the intrinsic reasoning and sentiment understanding
capabilities of large language models under minimal supervision.

We evaluate Qwen-3-VL-8B [44], Gemma-3n-4B [45], LLaMA-3.2-11B-Vision-Instruct
[46] and GPT-OSS-20B [40] models.

All models receive only the textual review content as input, with no access to product
metadata or images.
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3.9 Zero-Shot Methods (Multimodal)

To assess the contribution of visual context, we extend zero-shot inference to the
multimodal setting by providing both textual reviews and associated images. The
images include advertised and customer-uploaded photos, enabling the model to
jointly reason over textual and visual cues.

The following vision—language models (VLMs) are evaluated: Qwen-3-VL-8B, Gemma-
3n-4B and LLaMA-3.2-11B-Vision-Instruct.

Models are prompted to integrate visual evidence with textual sentiment when pre-
dicting the final star rating.

3.10 Few-Shot Methods (Text-Only)

In the few-shot setting, models are provided with a small number of labeled examples
within the prompt, demonstrating how textual reviews correspond to star ratings.
This setup evaluates the in-context learning ability of large language models under
limited supervision.

We experiment with the same family of models used in the zero-shot setting: Qwen-
3-VL-8B, Gemma-3n-4B, LLaMA-3.2-11B-Vision-Instruct, GPT-OSS-20B.

3.11 Fine-Tuned Models

Beyond prompting-based approaches, we train supervised models on DarazMM to
establish strong task-specific baselines.

XLM-Roberta-Base (XLMR-base). We fine-tune XLM-Roberta-base [35] on
review text to predict b-class star ratings using a standard cross-entropy loss.

XLM-Roberta + ViT with Hybrid Loss (XLMR-hybrid). We further de-
velop a multimodal XLM-Roberta-based model that jointly leverages textual and
visual information for rating prediction. Review comments and product descriptions
are encoded using XLM-Roberta-base [35], while advertised and customer-uploaded
images are processed with a ViT-B/16 [38] encoder. The resulting modality-specific
representations are projected into a shared embedding space for joint optimization
via contrastive and consistency objectives, while rating prediction is performed from
the review-comment representation.

Training is performed using a weighted hybrid objective that combines supervised
classification with cross-modal alignment and visual consistency constraints:

Liotal = 0.8 Log + 0.1 Lingonce + 0.1 Lyisk, (3.18)

where L¢g denotes the categorical cross-entropy loss for 5-class star rating prediction
(eq. 3.17), Liponce is a bidirectional temperature-scaled InfoNCE loss [47] that
aligns review/comment embeddings (r;) and product description embeddings (d;)
via symmetric contrastive learning, and Lysg is a feature-space mean squared error
loss [48] that minimizes the L2 distance between embeddings of advertised and
customer-uploaded images to encourage visual consistency.
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The InfoNCE loss is defined as:

N
1 exp(sim(r;,d;)/7 exp(sim(d;,r;)/7
Cuner =~ 3" [l e d)/n) | eplim(dn/) )
i=1 Zj:l eXp(Slm(ri7 dj)/T) Zj:l eXp<Slm(di7 rj)/T)

(3.19)

and the MSE consistency loss is:

| N
_ ad rev (|2

s = 37 32 v = v (3:20)

where v34 and vV are the projected embeddings of advertised and customer-uploaded

images for sample ¢, r; is the review/comment embedding, d; is the product descrip-
tion embedding, sim(-,-) denotes cosine similarity, 7 is the temperature hyperpa-
rameter, and N is the batch size.

XLM-Roberta + CLIP-ViT Feature Fusion (XLMR + CLIP). To incor-
porate visual information, we concatenate textual features from XLM-Roberta-base
with image embeddings extracted using CLIP ViT-B/16 [39]. Text and image fea-
tures are fused via standard concatenation before classification. For training, we use
the same hybrid loss as defined in eq. 3.18.

Two-Stage XLM-Roberta (XLMR-two-stage). We implement a hierarchical
classification strategy to reduce confusion between adjacent rating classes. In the
first stage, reviews are classified into three coarse categories: positive (ratings 4-5),
neutral (rating 3) and negative (ratings 1-2). The first-stage sentiment classifier
is trained using cross-entropy loss combined with ordinal smoothing. Reviews pre-
dicted as positive are routed to a binary 4-vs-5 classifier, while negative reviews are
routed to a 1-vs-2 classifier. Both of these second-stage classifiers were trained using
standard cross-entropy loss. Neutral reviews require no further processing.
Hyperparameters for all fine-tuned models are summarized in Table 3.4.

Table 3.4: Training hyperparameters for the fine-tuned models on the DarazMM
dataset.

Model Batch Size | Optimizer Loss Function Learning Rate
XLMR-base 32 AdamW Cross-Entropy 2 x 107°
XLMR-hybrid 32 AdamW Hybrid (Eq. 3.18) 1x107°
XLMR + CLIP 32 AdamW Hybrid (Eq. 3.18) 1x107°
XLMR-two-stage 32 AdamW CE + Ordinal Smoothing 2 x 1077

Note: Hybrid loss refers to the weighted combination of cross-entropy, contrastive and
perceptual losses defined in Equation 3.18. CE refers to standard cross-entropy loss.
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3.12 Prompts Used for Zero-Shot and Few-Shot
Inference

In our experiments, we employed carefully designed prompts to guide model behavior
across different tasks, including zero-shot inference and few-shot inference. These
prompts are tailored to each model to ensure accurate understanding of review
content and to generate reliable ratings. The following sections summarize the
specific prompts used for each purpose.

3.12.1 Prompt Used for Zero-Shot Inference (GPT-OSS)

Fig 3.15 shows the prompt template used with GPT-OSS for zero-shot prediction
of star ratings from customer reviews.

<|start|>system<|message|>

You are ChatGPT, a large language model trained by OpenAI.

Knowledge cutoff: 2024-06

Current date: 2025-10-06

Reasoning: medium

# Valid channels: analysis, commentary, final. Channel must be included for every message.
<lend|>

<|start|>user<|message|>

You are a helpful assistant that predicts product review star ratings based on customer comments.
The star rating scale is:

1 = 43 4F9 |fSee! [very bad experience]

A9 [bad]

@O [okay / average]

Sl [good]

3 O afoses! [very good experience]

g wN
T | R (|

Comment: "products is very good. as like picture. This time delivery was fast. keep it up.
Thanks to seller. Thanks to Daraz for fast delivery."

Give only the star rating (1-5) that best matches the sentiment.
<lend|>

Figure 3.15: Example GPT-OSS prompt used for star rating prediction from cus-
tomer reviews. English glosses shown in gray are provided for reader clarity and are
not part of the actual prompt.

3.12.2 Prompt Used for Zero-Shot Multimodal Inference
(Gemma-3n)

The prompt in Fig 3.16 was used for zero-shot multimodal inference with the
Gemma-3n model. The model jointly considers textual inputs (comments and prod-
uct description) and visual inputs (advertised image and reviewer uploaded image).
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<|start|>user<|messagel|>

You are a helpful assistant that predicts product review star ratings by analyzing:
1. The reviewer’s comment (highest priority)

2. The advertised product image (Image 1)

3. The official product description

4. The reviewer uploaded image (Image 2, if available)

Image 1: Advertised product

Product description:

"Brand Name : Curren Movement : QUARTZ Clasp Type : Bracelet Clasp Origin : CN(Origin) Case
Material : Alloy Water Resistance Depth : 3Bar Style : Fashion ;Casual Band Width : 12mm Case
Shape : ROUND Case Thickness : 8mm Feature : None Dial Window Material Type : Hardlex Model
Number : 9072 Band Length : 22cm Band Material Type : STAINLESS STEEL Dial Diameter : 31mm
Watches Women CURREN Top Brand Fashion Thin Quartz Wristwatch with Charming Stainless Steel
Bracelet"

Image 2: Reviewer uploaded image

Reviewer comment: "My Order colour rose good but Delivery Blu One Refund my money"

Compare and evaluate the following:

- How well the reviewer’s comment reflects the product experience.

- Similarity between Image 1 and the product description.

- Similarity or dissimilarity between Image 1 and Image 2 (reviewer’s image).

- Similarity or dissimilarity between the reviewer’s comment and the product description.

Based on these evaluations, give ONLY the star rating (1-5):
1 = 33 4R AfS@e! [very bad experience]

A [bad]

3 = (NG [okay / averagel

4 = 9t [good]

5 = Y3 O Ofgee®! [very good experiencel

N
]

Do NOT provide any explanation, reasoning, or extra text.
Only output a single digit (1-5).
<lend|>

Figure 3.16: Example zero-shot multimodal prompt used with the Gemma-3n model
for text—image based star rating prediction. English glosses shown in gray are pro-

vided for reader clarity and are not part of the actual prompt.

3.12.3 Prompt Used for Few-Shot Inference (Gemma-3n)

The prompt used for few-shot star rating prediction with the Gemma-3n model has
been illustrated in Fig 3.17. The model was provided with five labeled examples per

class before being asked to predict the star rating of a new, unseen review.
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<|start|>user<|messagel|>
You are a classifier that predicts product review star ratings (1-5) based on customer
comments.

The star rating scale is:

1= ?,@W"f@m [very bad experience]
2 = A [bad]

3 = GG [okay / average]

4 = O [good]

5

ﬁﬁﬁﬁ?ﬁ@ﬁ%@ﬁﬂ [very good experience]
Here are some examples:

1 — "khub baje product experience korlam"[Experienced a really bad product]

1 — "vaiya fizlami korlen? dekhan akta disen arek ta"[Brother, are you joking? You showed
one, and gave another.]

1 — "Eﬁz@%mﬁmw% WI" [What I saw in the picture vs. what I received]

1 — "TETG YRR "MEG OF I2 AN JOFN ot TR @F @B @R oW Aoy @ ks asige
[Completely useless; severe deception from Daraz by showing one quality and delivering
another]

1 — "Doesn’t match the picture plus no reply from the seller!"

2 — "R (A @ATS Y GF6! A T T (Toraa fST51 AT TG AN @2 G351 (SR I few T ww e s
qIToT  (ATTIF 1" [From the outside, it doesn't look too bad, but the three internal parts seem
unnecessary, and this should not have been included. It's a poor product for the price.]

2 — "Poor product quality. (GRS FAMIECS O FOE YA SGTI" [The cover comes off when
inserting a pen drive]

2 — "I SOt (IR, T8 =9 A {6 (13, “ICUe N6 A7 vy St @A 2 93 9% | g e
T e A_E Soi@w | (Sferelfs Wy B ¥F O 1" [Delivered fast, but doesn’t match the picture and
quality is bad; laces are breaking; delivery person was good]

2 — "valo na chaisi akta paisi arakta, daraz seller Ra na dite parle dibe na, but onno ta
kno dey!"[It’s not good. I received one, but not the other. Daraz sellers either don’t give
it or won’t give it, yet someone else gives the other one!]

2 — "picture not matching product not good. full plastic belt"

3 — "mﬁﬁ(ﬁ‘:" [Average]

3 — "Giving review after 20 days of use. Mixed Experience. The left foot shoe sole was
short. Very uncomfortable to wear. Also the sole gum was bad. Need super glue to fix it.
Still a little bit uncomfortable. I think my one was a quality fail product. Also the seller
response was bad. Buy 3 pairs only my one is faulty but wearable. Fast delivery. The other
thing was good."

3 — "jotota kharap mone korcilam toto taw kharap na abar khub besi j valo taw na but dam
hisebe thiki ace valoi chile kew nite paren"[It’s not as bad as I had thought. It’s not very
good either, but for the price, it’s reasonable. Overall, it’s fine and anyone can buy it.]
3 — "Not bad, but a few scratches, tho expected a bit more quality at this price."

3 — "W%W\D(ﬁmﬂ@@ﬁfl" [It's generally okay, but the price is a bit high.]

4 — "W SeTS PG TR fFg, wwe 6 s @ e e wiee it 2CSt it [Nice for the price, but
another pocket and zipper would be better]

4 — "Sneakers fresh ache jodio old product, dham hisebe vloi, size ja diyecilm tai asce
perfect hoyece. Original North star real price 999b 50 discount e peyeci."[The sneakers are
in good condition despite being an older product. Considering the price, they are good. The
size I ordered arrived perfectly. The original North Star, priced at 999b, I got it at a 50%
discount.]

4 — "IETRINGRER O &, QeEie Nre AET $N UG0 SFEE M [Thankfully it was good; you can buy
it cheaply without being cheatedl]

4 — "Product is good enough as price. But delivery was so late."

4 — "(ATSIFG GBI O 1" [Product is fairly good.]

5 — "Purchased it for my mom as a gift. She liked it very much. Thank you daraz and seller
for this amazing product. The packaging was good, product was good, hoping that color does
not fade way."

5 — "aQF IR, AT 1" [simply amazing]

5 — "product quality khub vlo, Apnara Sobai nita paran. Seller vai khub vlo."[The product
quality is very good. Everyone should consider buying it. The seller is very good.]

5 — "I e N B3R BF cone 3R gEm wEEcE [Very good; received exactly what I wanted;
thanks to Daraz]

5 — "Same as picture. excellent product. I FE6 viffe far st corafe Rirel & =Py g@ =W

[Received a very cute key ring gift; many thanks to the seller]
Now classify ONLY the following reviewer comment (not the examples above):
Comment: "My Order colour rose good but Delivery Blu One Refund my money"

Give only the star rating (1-5) that best matches the sentiment.
Do not write any explanation or anything else. <|endl|>

Figure 3.17: Example few-shot prompt used with the Gemma-3n model
for star rating prediction from customer reviews. English glosses shown in
gray are provided for reader clarity and are not part of the actual prompt.
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3.12.4 Neuro-symbolic Frameworks

We experiment with two neuro-symbolic frameworks for product review rating in-
ference. The primary framework, illustrated in Fig 3.18, serves as the main exper-
imental pipeline and is formalized in Algorithm 1. We additionally introduce an
alternative framework with modified decision logic.

Figure 3.18: Overview of the proposed Neuro-symbolic Framework 1.

The framework integrates vision—language models (VLMs; e.g., Qwen-3-VL-8B and
Gemma-3n) operated in text-only mode for rating prediction, a pre-trained Two-
Stage XLM-Roberta model for hierarchical sentiment classification, an additional
multimodal VLM for joint text—image reasoning and a symbolic decision controller.
For brevity, VLMs used exclusively with textual inputs are referred to as LLMs in
the remainder of the paper. Neural components provide probabilistic predictions,
while symbolic rules govern model interaction through explicit decision logic.

Text-based Rating Prediction (LLMs). Two independent LLM predictors,
implemented using Gemma-3n and Qwen-3-VL-8B, are used to infer star ratings
(1-5) from customer comments. Each LLM outputs a discrete rating along with
a self-estimated confidence score. The models operate independently to encourage
diversity in reasoning and reduce single-model bias. These confidence scores are
later used for arbitration and consensus decisions.

Multimodal Rating Inference (VLM). The Gemma-3n VLM is employed to
infer ratings by jointly reasoning over textual and visual inputs, including the cus-
tomer comment, advertised product image and customer-uploaded image when avail-
able. Visual comparison enables detection of discrepancies between advertised and
received products. The VLM outputs a single integer rating and is used primarily
as a validator rather than a standalone predictor.
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Cross-Model Argumentation (LLM-LLM). When the two LLMs (Gemma-
3n and Qwen-3-VL-8B in text-only mode) disagree, a structured argumentation
phase is triggered. Each LLM is exposed to the other model’s prediction and asked
to either maintain or revise its own rating, producing an updated confidence score.
A rating is accepted only when both models converge with sufficient confidence.

Symbolic Decision Controller. A symbolic controller orchestrates the pipeline
using deterministic rules. It prioritizes agreement with the multilingual text clas-
sifier, namely the Two-Stage XLM-Roberta model, invokes multimodal validation
under disagreement and applies LLM-LLM argumentation as a final reconciliation
step. This design ensures interpretability, bounded reasoning depth and stable
decision-making.

Explanation Generation (VLM). After a final rating is selected, the Gemma-
3n VLM generates a concise natural language explanation grounded in the customer
comment and visual evidence. This stage is decoupled from rating inference to avoid
feedback leakage while improving transparency.

Overall Inference Procedure. Algorithm 1 summarizes the interaction between
all components in the primary neuro-symbolic framework used in our experiments.

Algorithm 1 Neuro-Symbolic Rating Inference Framework 1

Require: Review text c, images [, [reo
Ensure: Final rating r*
: Obtain r, from XLMR-two-stage
Obtain (rq, conf;) from Gemma LLM using ¢
Obtain (72, confy) from Qwen LLM using ¢
if r, =ry or r, = ry then

¥,

return r*
end if
if T1 7é T9 then

Obtain r, from VLM using (¢, 1,4, Lrey)

if r, = ry or r, = ry then

4= Ty
return r*

end if
. end if
: 74 < LLM-LLM argumentation using (71, confi), (rs, confs) with threshold 7
. if r, # None then > Mutual agreement and sufficient confidence
1,
return r*
. end if
ey,
: return r*

N N = = = = e e e s e
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3.12.5 Neuro-Symbolic Framework 2

Algorithm 2 presents the second rating inference framework that leverages LLM rat-
ings along with a text classifier. Unlike Framework 1, it first trusts the text classifier
if it agrees with any VLM, performs confidence-aware VLM argumentation if all pre-
dictions disagree, uses the text classifier as a tiebreaker and selectively invokes visual
reasoning for highly ambiguous cases. An explanation module generates reasoning
for the final rating.

Algorithm 2 Neuro-Symbolic Rating Inference Framework 2

Require: Review text ¢, images I, [re
Ensure: Final rating r*
Obtain r, from XLMR-two-stage
Obtain (rq, conf;) from Gemma LLM using ¢
Obtain (ry, confy) from Qwen LLM using ¢
if r, =ry or r, = ry then
r* =1, > Trust text classifier if it matches any VLM
return r*
end if
r, + LLM-LLM argumentation using (r1, confi), (rs, confs) with threshold 7
if r, # None then > Mutual agreement and sufficient confidence
1,
return r*
: end if
C Tty > Fallback to XLMR-two-stage classifier as tiebreaker
. if |’I"1 —T2| Z 2 then
Obtain r* from VLM using (¢, uq, Lrey) > Highly ambiguous cases
: end if

: return r*

e e e e e

3.13 Experimental Setup

All experiments were conducted using Kaggle T4 GPUs with standard Python li-
braries, including PyTorch.
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Chapter 4

Result Analysis

We evaluate zero-shot, few-shot, fine-tuned and neuro-symbolic framework approaches
on the DarazMM dataset. Accuracy, Macro F1 and Weighted F1 are used as eval-
uation metrics. The results are presented and analyzed in the following sections.

4.1 Zero-shot evaluation results

Qwen3-VL-8B-Instruct (referred to as Qwen3), Gemma-3n-E4B-it (Gemma-3n),
Llama-3.2-11B-Vision-Instruct (LLaMA-3.2) and GPT-OSS-20b (GPT-0OSS) mod-
els are evaluated in zero-shot approach. Here, (t) denotes text-only input and (¢,1%)
denotes joint text-image input.

Zero-shot evaluation results for both text-only and multimodal (text-image) settings
are presented in Table 4.1, highlighting clear trends in model behavior under min-
imal supervision. Across the board, text-only models generally outperform their
multimodal counterparts in zero-shot settings, suggesting that visual information
may introduce noise or distract from the textual cues that drive initial predictions.
Specifically, Qwen3 exhibits a notable drop in accuracy when images are incorpo-
rated (from 0.66 to 0.58), indicating that the addition of visual inputs does not
necessarily complement its learned text representations in a zero-shot context. In
contrast, Gemma-3n demonstrates remarkable stability across both settings, with
only a minor decrease in macro F1 and weighted F1 when visual information is
included, implying a more robust integration of multimodal signals even without
task-specific fine-tuning. LLaMA-3.2 shows the most drastic deterioration when
images are added, with accuracy dropping from 0.56 to 0.29, suggesting a possible
misalignment between its textual and visual embeddings in the absence of supervi-
sion. Among text-only models, GPT-OSS achieves the highest zero-shot accuracy
(0.71) and maintains competitive weighted F'1 (0.72), underscoring its strong ability
to generalize solely from textual inputs. These results collectively indicate that while
zero-shot multimodal performance is highly sensitive to model architecture and pre-
training alignment, text-only models currently provide the most reliable predictions
under this evaluation paradigm.
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Table 4.1: Zero-shot evaluation results for text-only and multimodal settings.

Model Accuracy | Macro F1 | Weighted F1
Qwen3 (t) 0.66 0.62 0.68
Qwen3 (t,i) 0.58 0.56 0.61
Gemma-3n (t) 0.69 0.66 0.72
Gemma-3n (t,i) 0.69 0.63 0.70
LLaMA-3.2 (t) 0.56 0.50 0.57
LLaMA-3.2 (t,i) 0.29 0.24 0.28
GPT-OSS (t) 0.71 0.65 0.72

Figure 4.1: Confusion matrix of GPT-OSS (Zero-Shot) on the DarazMM test set.

Beyond aggregate metrics, class-wise behavior in zero-shot settings reveals system-
atic patterns. Asshown in Fig 4.1, the GPT-OSS zero-shot model performs strongly
on extreme ratings, particularly class 5, and reasonably on class 1. It struggles to
distinguish mid-range ratings, causing substantial confusion among classes 2, 3 and
4. Neutral reviews (class 3) are often misclassified as class 2 or 4, and class 4 reviews
are frequently predicted as class 3 or 5. This pattern reflects difficulty in modeling
subtle sentiment intensity and fine-grained rating boundaries without task-specific
calibration.

4.2 Few-shot evaluation results

We further evaluate the same set of models under a few-shot setting to assess their
ability to leverage limited task-specific examples. As shown in Table 4.2, few-shot
prompting generally leads to noticeable improvements in performance for Qwen3
and Gemma-3n, demonstrating that even a small number of examples can signif-
icantly enhance model predictions. In particular, Gemma-3n achieves the highest
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Figure 4.2: Confusion matrix of Gemma-3n (text and image) on the DarazMM test
set.

accuracy (0.79), along with the strongest macro F1 (0.74) and weighted F1 (0.80),
indicating that it not only predicts the most labels correctly but also maintains
balanced performance across different classes. Qwen3 also benefits from few-shot
examples, with its accuracy rising to 0.74, reflecting effective adaptation to the task
despite its zero-shot limitations.

In contrast, LLaMA-3.2 and GPT-OSS show poor performance in the few-shot
scenario, highlighting the varying sensitivity of models to prompt-based learning.
LLaMA-3.2’s moderate performance (accuracy 0.50) suggests that its capacity or
pretraining alignment may not sufficiently support few-shot adaptation, while GPT-
OSS struggles the most, with accuracy dropping dramatically to 0.22. This empha-
sizes that model size, pretraining objectives, and alignment with the target task play
critical roles in determining few-shot learning success. Overall, the results under-
line that while few-shot prompting can substantially boost performance for certain
architectures, others may require additional fine-tuning or supervision to achieve
competitive results, pointing to the limitations of relying solely on prompt-based
adaptation.

Fig 4.2 shows the behavior of Gemma-3n in the zero-shot multimodal setting, where
incorporating images improves separation for extreme ratings (1 and 5), while mid-
range ratings remain ambiguous. Gemma-3n frequently maps ratings 2 and 3 down-
ward to 1 or 2, and class 4 ratings are often predicted as 3 or 5, suggesting that
visual cues partially moderate textual signals when explicit dissatisfaction is not
visually evident.

The impact of few-shot learning on class-wise predictions is illustrated in Fig 4.3.
Few-shot prompting with Gemma-3n substantially reduces confusion among mid-
range ratings (2, 3 and 4), while maintaining strong separation for extreme classes.
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Table 4.2: Few-shot evaluation results using text-only input.

Model Accuracy | Macro F1 | Weighted F1
Qwen3 (t) 0.74 0.70 0.75
Gemma-3n (t) 0.79 0.74 0.80
LLaMA-3.2 (t) 0.50 0.48 0.53
GPT-OSS (t) 0.22 0.19 0.22

The in-context examples help Gemma-3n better align linguistic cues such as deliv-
ery issues or partial satisfaction with appropriate intermediate ratings rather than
collapsing them toward neutral or positive classes.

Figure 4.3: Confusion matrix of Gemma-3n (Few-Shot) on the DarazMM test set.

4.3 Fine-Tuned Models and Neuro-symbolic Frame-
works

Following the evaluation of zero-shot and few-shot approaches, we next examine
supervised fine-tuned models alongside the proposed neuro-symbolic frameworks to
better understand the impact of task-specific training and structured reasoning. As
reported in Table 4.3, supervised fine-tuning consistently provides substantial gains
over both zero-shot and few-shot methods, highlighting the benefits of leveraging
labeled data for domain adaptation. The baseline XLM-R model achieves moderate
performance (accuracy 0.55), demonstrating that while pre-trained language repre-
sentations provide a strong foundation, text-only supervision is insufficient for fully
capturing multimodal nuances in the dataset.

Incorporating visual features through a CLIP-based fusion strategy significantly im-
proves model accuracy to 0.71, indicating that carefully integrated visual cues can

35



enhance prediction robustness by complementing textual signals. Further improve-
ments are achieved through hybrid loss optimization, which balances classification
and representation alignment objectives, pushing accuracy to 0.76. The two-stage
XLM-R training approach yields even stronger performance (accuracy 0.80), sug-
gesting that progressive fine-tuning with intermediate representation learning en-
ables the model to better capture complex patterns across both textual and visual
modalities.

The proposed neuro-symbolic frameworks deliver the most substantial gains, sur-
passing all baseline models by a wide margin. Framework 2 achieves an accuracy of
0.86, while Framework 1 attains the highest overall performance with 0.87 accuracy
and 0.83 macro F1. These results underscore the value of combining pre-trained
large language models (LLMs) and vision-language models (VLMs) with a two-
stage XLM-R backbone and explicit symbolic reasoning, which together facilitate
more robust, interpretable and consistent predictions. The neuro-symbolic design
allows the model to leverage structured decision logic, effectively guiding the final
output and reducing errors arising from purely statistical inference. Collectively,
these findings demonstrate that task-specific supervision, multimodal integration
and symbolic reasoning synergistically enhance model reliability, providing a clear
trajectory for improving performance in complex multimodal tasks.

Table 4.3: Performance of fine-tuned XLM-R models and proposed neuro-symbolic
frameworks.

Model Accuracy | Macro F1 | Weighted F1
XLMR-base 0.55 0.46 0.54
XLMR + CLIP 0.71 0.58 0.69
XLMR-hybrid 0.76 0.78 0.76
XLMR-two-stage 0.80 0.72 0.79
Neuro-symbolic Framework 1 0.87 0.83 0.87
Neuro-symbolic Framework 2 0.86 0.81 0.86

Fig 4.4 illustrates the confusion matrix of the two-stage XLM-Roberta model, which
shows consistent behavior across most classes with limited confusion between ad-
jacent mid-range ratings. The hierarchical design enables XLM-R to first separate
coarse sentiment polarity, reducing severe misrouting of negative reviews into posi-
tive classes before fine-grained rating decisions.

As shown in Fig 4.5, Neuro-Symbolic Framework 2 exhibits balanced class-wise
behavior, with reduced confusion across both extreme and mid-range ratings. By
combining XLM-R, multiple LLMs and symbolic arbitration, the framework effec-
tively corrects borderline cases such as neutral-versus-slightly-positive reviews and
avoids systematic bias toward any single rating level.

We further visualize the class-wise prediction patterns of Framework 1 using a con-
fusion matrix, as shown in Fig 4.6. The model demonstrates very high accuracy
for extreme ratings (1 and 5) and performs well for rating 4, while some confusion
occurs between mid-range ratings (2 and 3).

Table 4.4 further analyzes the contribution of each decision module by reporting
their usage frequency and accuracy across both frameworks. In both settings, the
XLMR-priority stage dominates the final predictions, accounting for the majority of
cases (3041 instances) while achieving the highest accuracy (0.95), indicating that
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Figure 4.4: Confusion matrix of XLMR (two-stage) on the DarazMM test set.

Figure 4.5: Confusion matrix of Neuro-symbolic Framework 2 on the DarazMM test
set.

the XLM-RoBERTa two-stage model provides a strong and reliable primary signal.
The LLM-agreement module is invoked moderately often and maintains competitive
performance (0.65-0.68 accuracy), demonstrating the benefit of collaborative rea-
soning between language models when initial consensus is absent. In contrast, the
VLM and XLMR-tiebreaker stages are triggered less frequently and exhibit com-
paratively lower accuracy, as they primarily operate in harder or ambiguous cases
where earlier stages fail to agree. Notably, Framework 2 reduces reliance on the
VLM while slightly increasing fallback decisions, reflecting different routing dynam-
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Figure 4.6: Confusion matrix of Neuro-symbolic Framework 1 on the DarazMM test
set.

Table 4.4: Final decision module usage and accuracy comparison for the two frame-
works.

Module Framework 1 Framework 2
Used Correct Acc | Used Correct Acc
VLM 130 82 0.63 29 11 0.38
XLMR_ priority 3041 2889 0.95 | 3041 2889 0.95
LLM_ agreement 648 439 0.68 | 695 452 0.65
XLMR _ tiebreaker 286 159 0.56 340 163 0.48

Note: XLMR,_ priority and XLMR,_ tiebreaker both correspond to decisions made by the
XLMR-two-stage model. XLMR,_ priority denotes the initial consensus where XLMR
agrees with at least one LLM prediction, while XLMR, tiebreaker represents the final
fallback decision when no agreement is achieved by VLM or LLM-LLM argumentation.

ics but consistent trends in module effectiveness. Overall, these results confirm that
early consensus from the text-based backbone drives most correct predictions, while
later modules act as complementary safeguards to improve robustness.

Across all experimental settings, performance improves progressively from zero-shot
to few-shot and finally to supervised and neuro-symbolic approaches. While text-
only models generally outperform multimodal models in zero-shot scenarios, care-
fully designed fusion strategies and symbolic control mechanisms enable effective
utilization of visual information under supervision. The strong performance of the
proposed frameworks demonstrates that structured reasoning and modular integra-
tion are crucial for reliable multimodal sentiment and rating prediction in real-world
e-commerce settings.
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4.4 Discussion

The results confirm that the proposed objectives enable a more realistic evaluation
of star rating prediction in Bangla-centric e-commerce settings. The constructed
multilingual and multimodal dataset captures linguistic variability, informal writ-
ing and heterogeneous inputs that are often missing from existing benchmarks. This
broader coverage ensures that models are assessed under practical deployment con-
ditions rather than idealized scenarios.

Across all experimental settings, performance improves progressively from zero-shot
to few-shot and finally to supervised and neuro-symbolic approaches. Text-only
models generally perform better in zero-shot cases, whereas multimodal models ben-
efit from supervision and carefully designed fusion strategies. These findings suggest
that visual information is most effective when integrated through structured and
guided learning rather than naive feature concatenation.

Furthermore, the neuro-symbolic frameworks show that explicitly modeling rating
ordinality and cross-modal interactions leads to more reliable predictions. By com-
bining structured reasoning with learned representations, the proposed approach
achieves stable and consistent improvements. Overall, the outcomes validate the
research objectives and highlight the importance of modular design and principled
multimodal integration for real-world sentiment and rating prediction.

4.5 Sample Inference Using the Proposed Neuro-
Symbolic Framework

In this section, we present several illustrative inference examples generated using
the proposed neuro-symbolic framework. Among the different architectural variants
explored in this study, Neuro-Symbolic Framework 1 is selected for demonstration,
as it achieved the best overall performance across evaluation metrics. The infer-
ence pipeline integrates multimodal inputs, including the original text comment,
the customer-uploaded product image and the advertised product image. Although
translated versions of the textual comments are provided to facilitate interpretation
and readability, they are not used as inputs to the predictive models.

The multimodal inputs are processed through a combination of specialized com-
ponents within the framework. Textual representations are modeled using XLMR-
two-stage, while large language models (LLMs), such as Gemma-3n and Qwen-3,
are employed to perform reasoning and rating prediction. In addition, the visual
modality is analyzed using a vision-language model (VLM), specifically Gemma-3n,
to capture discrepancies or alignments between the advertised and received prod-
ucts. The framework incorporates a structured reasoning mechanism in which model
outputs may interact through turn-based argumentation to refine intermediate pre-
dictions before arriving at a consolidated decision.

Finally, the explanation module synthesizes the predicted rating together with evi-
dence extracted from both textual and visual inputs to generate a coherent justifica-
tion for the final decision. This module enhances the interpretability of the frame-
work by explicitly linking multimodal evidence to the predicted outcome, thereby
providing transparency and supporting trust in the model’s reasoning process.

Fig 4.7 illustrates a complete inference trace of the proposed neuro-symbolic frame-
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Sample Inference Trace of the Proposed Framework

Input Review

Original Text Comment:

IR 2 e 2

@MABER MX4, M= HM501

Product ¢ATMR, ST (6! (GRARENN (701 #A12f,
©(9 (M0 I R Thermal Paste Ol S |
Translated Text Comment:

What did you advertise? What did you pro-
vide?

You advertised MX4, but provided HM501.
I received a product, but not the one I re-
quested.

However, judging by its appearance, the
thermal paste seems to be good.

Ground truth rating: 3

Ratings from Models

XLMR-two-stage: 3
Gemma: 1 (high confidence)
Qwen: 2 (medium confidence)

Turn based LLM argumentation
Gemma decision: 3 confidence:
(after receiving Qwen: 2)
Gemma reason: The reviewer indicates the
product is okay but not ideal, specifically
mentioning thermal paste, suggesting a
neutral to slightly positive experience.

medium

Qwen decision: 3 confidence: medium (af-
ter receiving Gemma: 1)

Visual Reasoning with Gemma-3n

Advertised product Reviewer-uploaded image

Gemma-3n VLM Output
Rating: 3

Final Decision
Predicted rating: 3
Ground truth: 3

Explanation Module

The reviewer expresses disappointment,
stating "OCI (6T (GRS @761 A"
which translates to "but I didn’t get
what I wanted.” While they received
the MX4 and HM501 products, their
desired item was not included. The
reviewer also suggests the thermal
paste "will be good,” implying a
positive aspect despite the overall
disappointment.

The images show the received products,
MX4 and HM501, which confirms the
reviewer received something, but
doesn’t address the core issue of not
receiving the desired item. Therefore,
the final rating is 3, reflecting a mixed

Qwen reason: The reviewer indicates the
product isn’t what they wanted, but the
thermal paste seems good, suggesting a neu-
tral to slightly positive experience.

experience.

Figure 4.7: Inference example illustrating the integration of text classification, LLM
argumentation, visual reasoning and explanation, resulting in a final rating of 3.

work (Framework 1), demonstrating how textual, visual and argumentative reason-
ing are combined to produce a final rating. Initially, the two-stage XLM-R model
predicts a neutral rating of 3, while the LLMs provide lower preliminary estimates
(Gemma: 1, Qwen: 2), reflecting differences in how each model interprets the review
content. According to Algorithm 1, the framework first checks for agreement be-
tween XLM-R and either LLM; since no direct match occurs, the system proceeds to
reconcile the LLM disagreement. Through turn-based LLM argumentation, the two
models iteratively exchange confidence-weighted opinions, eventually converging on
a mutually agreed rating of 3. Simultaneously, visual reasoning is employed using
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Sample Inference Trace of the Proposed Framework

Input Review Explanation Module

Original Text Comment:

(ATCIE6] Y[ ol oo 6 @cs A=

I NG ZB (90 | AT O IS FACZ

i

Iy ST 7afes, (@ei3l (IR it et |

QS NG @ TN T A S

ﬁ’.j@ | Advertised product Reviewer-uploaded image
Translated Text Comment: The final rating is 2 because the

The product was very good. But immedi-  reviewer states "[¢8& ST NG
ately after attaching it to the wall, the glue  *[g9/43 II6! T{CB (16T | BT T FIS

came off. AR 1" which translates to "But the
The adhesive no longer works. glue came off immediately after being
[ am very disappointed; I did not like re-  attached to the wall. The glue no
ceiving this product. longer works.” This indicates a

Please let me know if there is any way to  significant defect in the product’s
apply the adhesive properly. adhesive, leading to dissatisfaction.
Ground truth rating: 2 The reviewer explicitly expresses

Ratings from Models disappointment ("C"f’@f O[(c Fﬂ'cﬂﬁ'").
The image does not provide additional
XLMR-two-stage: 2 information regarding the adhesive
failure. Therefore, the faulty adhesive

Gemma: 2 (high confidence) i :
is the core reason for the low rating.

Qwen: 2 (high confidence)
Final Decision
Predicted rating: 2
Ground truth: 2

Figure 4.8: Inference example where XLM-R agrees with both LLMs, leading to a
direct prediction of rating 2. The explanation module highlights textual evidence
for the low rating.

the submitted images (1,4, I;ey) to validate the textual interpretation, confirming
that the reviewer’s experience aligns with the neutral assessment. The explanation
module then provides interpretable reasoning: although the reviewer did not receive
the exact desired product, they acknowledge a positive aspect in the thermal paste,
resulting in a rating that captures this mixed sentiment. This trace exemplifies the
algorithm’s hierarchical decision process—starting from XLM-R predictions, moving
through multimodal verification, and resolving conflicts via LLM argumentation—
culminating in a robust, human-interpretable final rating. The example highlights
the effectiveness of integrating symbolic decision logic with pre-trained language
and vision-language models to produce consistent, transparent and nuanced infer-
ence outcomes.

Fig 4.8 presents an inference example where the text classifier XLM-R fully agrees
with both LLMs, Gemma and Qwen, with all models predicting the correct low
rating of 2. In this case, the proposed framework identifies the unanimous con-
sensus at the initial stage, allowing it to directly adopt the XLM-R prediction as
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Sample Inference Trace of the Proposed Framework

Input Review Explanation Module

Original Text Comment:

Nice shirts. Not an export quality but high
quality made for local product. Fair price,
thank you!

Ground truth rating: 4

Ratings from Models

Advertised product Reviewer-uploaded image

XLMR-two-stage: 5 Th(? final rating is'4 becau.se the
reviewer states “high quality made for
local product” and "Fair price,”
indicating a positive experience with

Gemma: 4 (high confidence)
Qwen: 4 (high confidence)

Turn based LLM argumentation the product’s quality and value for its
Gemma decision: 4 confidence: high (after  jptended purpose. While not export
receiving Qwen: 4) quality, it meets expectations for a

Gemma reason: The review indicates a  gcal product. The reviewer also
positive experience with a fair price for  expresses gratitude, suggesting overall
a product intended for local use, aligning  gatisfaction.

with the initial rating.

Qwen decision: 4 confidence: high (after re-
ceiving Gemma: 4)

Qwen reason: The review indicates a posi-
tive experience with a fair price for a locally
made, high-quality product, aligning with
the initial rating.

Final Decision

Predicted rating: 4

Ground truth: 4

Figure 4.9: Inference example where XLM-R initially disagrees with both LLMs,
triggering argumentation. Both LLMs converge on rating 4, which becomes the
final prediction, supported by textual evidence.

the final rating without engaging additional LLM argumentation or invoking visual
reasoning. This illustrates the efficiency of the algorithm when model predictions
are aligned, as it minimizes unnecessary computational steps while maintaining ac-
curacy. The explanation module further provides interpretability by highlighting
the critical textual evidence underlying the low rating, specifically emphasizing that
the faulty adhesive led to user dissatisfaction. This example underscores how the
framework effectively leverages agreement among models to produce a reliable and
transparent output, demonstrating that when textual cues are clear and consistent,
the neuro-symbolic reasoning pipeline can confidently resolve the rating using min-
imal processing, preserving both efficiency and interpretability.

Fig 4.9 illustrates an inference example in which the text classifier XLM-R initially
predicts a higher rating of 5, while both LLMs, Gemma and Qwen, suggest a slightly
lower rating of 4. This disagreement between the text classifier and the LLMs ac-
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Sample Inference Trace of the Proposed Framework

Input Review Explanation Module

Original Text Comment:

My Order colour rose good but Delivery Blu
One Refund my money

Ground truth rating: 1

Ratings from Models

Advertised product Reviewer-uploaded image
XLMR-two-stage: 1
Gemma: 2 (high confidence)
Qwen: 2 (medium confidence)

The final rating is 3 because the
reviewer states "Order colour rose good

but Delivery Blu One Refund my
Turn based LLM argumentation money.” This indicates a positive

Gemma decision: 3 confidence: 0.6 (after  experience with the product’s color

receiving Qwen: 2) ("rose good”) but a negative experience
Gemma reason: The review indicates a  with the delivery and refund process.
mixed experience with the product and  The coexistence of positive and
delivery, suggesting a neutral to slightly  pegative aspects leads to an overall
positive overall sentiment despite the issues.  ayerage assessment, despite the ground

truth reflecting dissatisfaction.
Qwen decision: 3 confidence: 0.6 (after re-

ceiving Gemma: 2)

Qwen reason: The review expresses mixed
sentiment regarding the product (color
good) but also mentions a delivery issue and
refund, suggesting a moderate overall expe-
rience.

Final Decision
Predicted rating: 3
Ground truth: 1

Figure 4.10: Inference example where the framework integrates conflicting signals
from the text classifier and LLMs, resulting in a final rating of 3.

tivates the framework’s conflict-resolution mechanism, triggering LLM-LLM argu-
mentation. During this iterative exchange, the two LLMs evaluate their respective
confidence scores and textual evidence, ultimately converging on a consensus rat-
ing of 4. The framework then adopts this agreed-upon value as the final predicted
rating, demonstrating its ability to reconcile differing model opinions through struc-
tured argumentation. The explanation module further provides interpretability by
highlighting the textual evidence that justifies the decision, emphasizing that the
product quality is generally positive but falls short of perfection. This example high-
lights the effectiveness of the neuro-symbolic framework in mediating disagreements
between text-based and generative models, ensuring that the final prediction reflects
a balanced assessment while maintaining transparency and grounding in the review
content.

Fig 4.10 presents an inference example in which the text classifier XLM-R initially
predicts a low rating of 1, whereas both LLMs, Gemma and Qwen, provide slightly
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higher preliminary ratings of 2. This discrepancy triggers the LLM-LLM argumen-
tation process, during which the models iteratively exchange and evaluate their con-
fidence scores and textual evidence. Through this structured dialogue, both LLMs
adjust their predictions upward, ultimately converging on a rating of 3. The frame-
work then selects this consensus value as the final predicted rating, demonstrating
its ability to mediate conflicts and produce a balanced decision that accounts for
multiple perspectives. The explanation module further contextualizes the rating by
highlighting that while the product’s color received positive feedback, there were is-
sues with delivery that negatively affected the user experience. This combination of
textual analysis and argumentation results in a moderate overall assessment, illus-
trating how the neuro-symbolic framework effectively integrates model predictions
and interpretable reasoning to provide nuanced, transparent and context-aware rat-
ings.
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Chapter 5

Conclusion and Future Work

5.1 Conclusion

We presented DarazMM, a Bangla-centric multilingual and multimodal dataset for
five-class star rating prediction, designed to capture the linguistic diversity and vi-
sual complexity of real-world e-commerce reviews. By integrating review text with
customer-uploaded images, advertised product images and product descriptions,
DarazMM enables product-aware multimodal reasoning that is not supported by
existing benchmarks. Extensive experiments across zero-shot, few-shot, supervised
and neuro-symbolic settings demonstrate that explicitly modeling rating ordinal-
ity and cross-modal interactions leads to substantial performance gains over strong
baselines.

Despite these contributions, DarazMM has several limitations. The dataset may
contain a non-trivial amount of noisy or weak labels due to the large-scale and
semi-automated data collection process. Fully annotating or verifying the entire
dataset with domain experts was not feasible because of time and resource con-
straints. Additionally, the dataset exhibits inherent class imbalance, as reviews ac-
companied by images are disproportionately associated with highly positive ratings.
This imbalance may bias models toward majority classes and limit performance on
underrepresented rating categories.

5.2 Future Work

Future work includes reducing label noise through large-scale expert verification or
advanced automated filtering methods, as well as exploring data balancing strate-
gies to mitigate class skew. DarazMM may also be expanded with additional an-
notated data to improve coverage and representation of underrepresented rating
categories. This additional data will support the development and evaluation of
more effective ordinal and multimodal learning approaches for star rating predic-
tion in low-resource Bangla settings. We hope DarazMM will serve as a valuable
benchmark for advancing multilingual and multimodal sentiment analysis and star
rating prediction research.
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