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Abstract

In the modern digital era, e-commerce remains a fundamental pillar of the global economy. The rapid growth of online ventures has
fundamentally reshaped how products are bought and sold. However, as the number of products on e-commerce platforms in Indonesia
increases, the main challenge is accurately matching products to consumer preferences. While previous studies have primarily used
unimodal approaches to product matching, relying on a single type of information, little research has examined how to recognize new
products on e-commerce platforms. Utilizing a multimodal approach that integrates information from diverse data types, such as text
and images, is increasingly appealing for improving product-matching quality. This study's main contribution is to create vector
representations of image and text features using deep learning techniques, including Convolutional Neural Networks and Doc2Vec. It
also involves merging features through a cross-modality approach using FeedForward Neural Networks and determining the
appropriate parameters for clustering new products into existing clusters using Hierarchical Clustering. The research demonstrates that
employing a multimodal approach that leverages text and image information can enhance product matching quality on e-commerce
platforms in Indonesia, achieving a Normalized Mutual Information of 0.96.
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1. Introduction

In today's digital era, e-commerce has emerged as a vital pillar in the global economy. The rapid growth of online businesses has
significantly transformed how consumers purchase and sell products [1, 2]. A crucial aspect of the online shopping experience is finding
products that meet the consumer's needs and preferences [3, 4]. However, as the number of products on e-commerce platforms
increases, the primary challenge is achieving accurate, relevant product matching.

Previous research has predominantly employed unimodal approaches to product matching, relying solely on a single type of
information, such as text [5] or images [6]. Some drawbacks include lower accuracy due to insufficient information from a single data
type and the inability to handle incomplete data, as products may lack necessary information in one data type [7].

An intriguing approach to improving product matching quality is to leverage multimodal information, such as text and images [8,
9]. This multimodal approach enables e-commerce platforms to leverage diverse data types for more accurate, efficient product
matching [10]. By considering textual information from product descriptions and product image features, e-commerce platforms can
better understand consumer preferences and needs [11].

This research also aims to identify suitable parameter settings that can serve as a reference for grouping new products into existing
clusters or, if needed, creating new ones. The main contributions of this study are:

1. Creating image feature vectors using Deep Learning with a pre-trained Convolutional Neural Network (CNN).

Creating text feature vectors from product titles using Doc2Vec.

Combining image and text features using a FeedForward Neural Network (FNN) through a cross-modality approach.
Finding the best parameter settings from a small sample of product data to help classify new products accurately.
Applying Hierarchical Clustering to organize new products into appropriate clusters based on the selected parameters.

b o

2. Previous research

Product matching is an essential topic in e-commerce that focuses on finding and linking similar items across different sources
[12]. In earlier studies, researchers often used predefined rules and traditional statistical approaches. Even so, machine learning methods
have become more widely adopted because they offer better accuracy and performance [13, 14].
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2.1 Unimodal approaches

The issue of product matching on e-commerce platforms has attracted the attention of many researchers. Some previous studies
utilized unsupervised algorithms to match products based on their titles. Recommendation systems for product images, similar to those
shown to consumers on e-commerce websites, have been developed using unsupervised machine learning [15]. However, this research
is limited to datasets of clothing and accessory products, so the results may not apply to other product types.

Moreover, new consumer product recommendation systems have mainly been built on text similarity with past purchases [16].
These systems use machine learning techniques, such as Word2Vec, to create vector representations of product descriptions and
reviews. Another method called Doc2Vec, an extension of Word2Vec, is also used to analyze numerical vectors from text documents
[17].

A study by [18] uses a neural network approach to solve product-matching problems involving product titles on e-commerce
platforms. The outcomes are evaluated against classical models such as SVMs and decision tree-based methods, and the analysis
demonstrates that neural networks perform more effectively in both accuracy and training speed. In line with this, product matching is
enhanced by fine-tuning pre-trained neural network models. As explained in our previous research [19], using pre-trained networks to
analyze image features can improve matching accuracy compared to older methods that do not adapt well to changes in product data.
These networks are also more effective at addressing issues such as different product names, missing information, and inconsistent
formats across e-commerce sites.

Recently, many studies have focused on using machine learning, deep learning, to match products to unstructured data such as free-
text descriptions [20]. For example, [21] applied deep learning to identify similar product images on store shelves. In general, deep
learning has been successfully applied across various areas to address complex product-matching problems [22].

2.2 Clustering approaches

Additionally, clustering methods have gained attention for grouping similar text data. One commonly used technique is hierarchical
clustering, which provides a hierarchical data structure [23]. These clustering techniques have been applied to automatically match
product titles without supervision by assessing title similarity within each cluster. The goal is to enhance the efficiency of product
searches on e-commerce platforms. However, many studies assume that the desired number of clusters is known in advance, whereas
in reality, the actual number of similar products may not be predetermined.

Several studies related to e-commerce product matching have primarily relied on product text. Our previous research attempted to
combine Doc2Vec and Hierarchical Clustering to cluster e-commerce products based on product titles [24]. Unfortunately, using short
product titles without considering visual details may result in some similar products going undetected. To address the limitations of
text-only approaches, [25] proposed using Deep Hierarchical Clustering based solely on image features for e-commerce product
grouping.

2.3 Multimodal approaches

In recent years, several studies have employed deep learning and transfer learning techniques to extract multimodal features for
product matching [26]. However, most existing multimodal approaches perform categorization at a coarse level (e.g., clothing,
electronics, books), where a single category may contain thousands to millions of products spanning diverse types and brands [27].
Other work [28] has explored image—text matching using artificial neural networks based on a Multi-Modality Cross Attention Network
(MMCA), which measures semantic—visual similarity between an image and its associated text description. In this setting, image and
text representations are learned jointly within a cross-modal attention framework.

Building on these studies, the present work addresses the limitations of prior approaches by focusing on finer-grained product
matching and by adopting architectures that are both effective and computationally efficient. For the visual modality, we employ the
EfficientNetV2S architecture to process product images; this CNN model is compact and offers fast training while maintaining strong
performance [29]. For the textual modality, we use Doc2Vec to obtain dense embeddings that capture the semantic content of product
titles, thereby supporting more accurate product matching. The two unimodal embeddings are then integrated through a Feedforward
Neural Network (FNN) to implement the cross-modality fusion. FNN is a simple yet powerful neural network architecture widely used
in machine learning [30]. In our setting, it provides a lightweight alternative to attention-based multimodal fusion while still capturing
interactions between image and text features.

Modern vision—language models (VLMs) such as CLIP, BLIP-2, CoCa, and ALIGN have recently become the dominant paradigm
in multimodal research. These models are typically trained as large-scale image—text foundation models on web data and contain
hundreds of millions or more parameters, requiring high-end GPU infrastructure for pretraining or effective fine-tuning [31]. They are
primarily optimized for general-domain tasks such as zero-shot recognition and cross-modal retrieval on English image—text pairs.

In contrast, the present study focuses on domain-specific product matching and hierarchical clustering on a relatively small,
Indonesian e-commerce dataset (34,000 products) with short, noisy, and often code-mixed product titles. In this setting, fine-tuning
very large VLMs would be computationally expensive and risk overfitting, while the language and domain mismatch further limit their
expected benefit. For these reasons, we instead adopt more compact, modality-specific encoders (EfficientNetV2S for images and
Doc2Vec for text), which can be trained directly on local marketplace data and then fused via a lightweight FNN-based cross-modality
architecture.

3. Materials and methods
3.1 Data
This study used product data from the Kaggle Dataset [32], supplemented by data from several other e-commerce platforms,

including Shopee, Tokopedia, and Blibli. These three platforms are widely used e-commerce platforms in Indonesia [33], with
Tokopedia and Shopee prominent in Southeast Asia [34].
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Table 1 Sample Collection of Products in the Dataset
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The Kaggle Dataset has become a valuable and diverse data source for researchers and practitioners across various fields. As the
most significant global data competition and collaboration platform, Kaggle provides access to thousands of datasets spanning topics
from social sciences to computer science, health, and finance. The diversity and quality of datasets offered by Kaggle enable users to
explore real-world issues more effectively, test machine learning models, and develop innovative solutions [35].

The dataset used in this study comprises 34,450 products categorized into 8,758 groups, including household appliances, electronic
devices, clothing, shoes, food, beauty products, baby supplies, cooking equipment, health equipment, and others. Examples of products
are shown in Table 1. A subset of 11,700 products was used to train a deep learning model leveraging multimodal features, including
product images and product titles. In the subsequent stage, two experiments were conducted with different data volumes for product
matching: 3,450 products and 19,300 products. In these experiments, hierarchical clustering was used to group products by finding the
best parameter settings from a small sample of product data.

3.2 Method

Figure 1 provides an overview of the proposed framework, consisting of (a) the model-building process and (b) the product-
matching process. The model-building stage produces three trained models: image, text, and multimodal, which are subsequently used
in the product-matching stage. The green blocks indicate components presented in our previous work [24], where a text-trained
Doc2Vec model was combined with Hierarchical Clustering to group e-commerce products based solely on product titles. In addition,
the yellow blocks correspond to components introduced in our earlier study [25], in which an EfficientNetV2-based image model
trained on product images was integrated with Hierarchical Clustering to cluster e-commerce products according to their image
collections.
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Figure 1 (a) Model Building Process; (b) Product Matching Process

In this study, the image model is constructed by training on 11,700 product images using transfer learning from a pre-trained
EfficientNetV2S CNN, which is then further fine-tuned for the target domain. The text model is trained on 11,700 product titles using
Doc2Vec. Both models produce 500-dimensional feature vectors. The resulting image and text representations are then combined
through a cross-modality Feedforward Neural Network (FNN), which learns a shared latent space and yields the multimodal model.

The product-matching process begins by predicting product image features using the image model and text features using the text
model. The predicted image and text feature matrices are then fed into the multimodal model to obtain multimodal feature vectors.
Subsequently, a small subset of the evaluated products is selected to determine suitable clustering parameters (distance metric, linkage,
and threshold) based on the dendrogram structure. These parameters are then used to cluster the complete set of evaluated products
into semantically coherent groups using Hierarchical Clustering.

3.2.1 Modified Convolutional Neural Network

The Convolutional Neural Network (CNN) is a popular neural network architecture in deep learning, designed to handle image
data [36] effectively. EfficientNetV2s, developed by Google, is a CNN model that builds on the previous EfficientNet model. This
architecture is known for its efficiency, smaller model size, and faster training while delivering high accuracy. By combining the
strengths of previous architectures with recent innovations in deep learning, EfficientNetV2s promises better performance in various
image processing tasks [29]. We performed image embedding to compress visual information from images into lower-dimensional
vectors (256x256) to expedite training while preserving essential information, ensuring the images remain well-recognizable. Here, we
used a batch size of 32 and a categorical class mode.

EfficientNetV2s is a pre-trained network trained on ImageNet. Transfer learning from pre-trained CNN models to recognize various
visual representations has enhanced system performance [37, 38]. In this study, we utilized transfer learning from the pre-trained
network. We modified the layers at the end of the model (adding Dense, BatchNormalization, and Dropout layers), then fine-tuned the
model. Subsequently, the entire modified network was retrained. The activation function used is softmax.

A summary of the modified network model is presented in Table 2. In the subsequent process, when representing vectors, the
network used will be trimmed to the layer that exhibits image features (with a vector size of 500). Deep learning approaches in CNN
architectures can be employed to learn visual features from images [39-41].

Table 2 Modifications to the EfficientNetV2s Model

Description Modified EfficientV2s
Total Parameters 22,817,254
Added Layers 10
Vector size 500
Overfitting handler Dropout, Batch Normalization, GlobalAveragePooling2D
Number of Epoch 105
Validation Accuracy 85%
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3.2.2 Doc2Vec

Doc2Vec is a machine learning algorithm that transforms text into numerical vectors, making it useful for tasks such as
categorization, grouping, and recommendation. Unlike Word2Vec, which processes individual words, Doc2Vec represents an entire
document as a single vector. According to [17], Doc2Vec can produce better features than Word2Vec for automatic product
classification.

One advantage of Doc2Vec is its ability to handle limited data and language variation in product descriptions. Research by [42]
shows that Doc2Vec creates efficient and meaningful vector representations that help understand the content and context of documents.
Studies [43, 44] suggest that its performance can be improved by using models trained on large datasets and pre-trained word
embeddings. Study [45] found that Doc2Vec can generate product vectors that closely match existing clusters in recommendation
systems. Equation 1 illustrates the mathematical approach used in Doc2Vec, which increases the likelihood of a target word (w) based
on the context words (C) surrounding it in a document (D). In this formula, L stands for the likelihood that the model seeks to maximize.

L= ZWED ZCEC(W) logp(clw, D) )

Doc2Vec extracts features by learning from the words in a document, where each word contributes to the training process. In this
study, we designed text features using 500-dimensional vectors to align with the image feature model. Doc2Vec has two primary model
types: Distributed Memory (DM) and Distributed Bag-of-Words (DBOW). The DM model uses both document embeddings and word
vectors to generate the next word, enabling it to understand word order and meaning. In contrast, the DBOW model relies solely on
the document's numerical representation to suggest possible words, without considering word order [46, 47].

Building on this framework, our previous study [24] compared the two architectures to determine which variant is more suitable
for the present task. The results showed that DBOW consistently outperformed DM. Consequently, this study adopts the DBOW
variant, which uses a document vector to predict document words. The detailed configuration and adjustments applied during text
model training are summarized in Table 3.

Table 3 Modifications to the Doc2Vec Model

Description Modified Doc2Vec
Vector size 500
Alpha / Learning rate 0.025
Number of Epoch 100
Architecture DBOW

In addition to this empirical evidence, the use of Doc2Vec, along with several methodological and practical considerations, supports
the use of the textual embedding technique. The textual data in this study consists of Indonesian e-commerce product titles, which are
generally short, keyword-centric, and often non-grammatical. For this type of text, large contextual models such as BERT or RoBERTa
may not provide substantial additional benefits over simpler models [48], whereas Doc2Vec is effective for short, domain-specific
documents [17,42-45]. Moreover, the proposed framework requires fixed-dimensional embeddings that can be fused directly with
visual features via an FNN and subsequently used in Agglomerative Hierarchical Clustering. Doc2Vec naturally produces a single
vector per product title, simplifying integration into the multimodal pipeline without additional pooling or complex fine-tuning.

From a computational standpoint, fine-tuning Transformer-based models such as BERT or RoBERTa would demand substantially
greater resources [48]. At the same time, Doc2Vec can be trained unsupervised on 11,700 product titles at a considerably lower cost.
Therefore, Doc2Vec is considered more appropriate for this study, as it yields compact, efficient semantic representations without
requiring large-scale training or heavy computation, while remaining well-aligned with the overall multimodal fusion framework.

3.2.3 Cross-modality

Cross-modality refers to the interaction between two or more different types of information. In machine learning, this concept is
applied when data from different modalities, such as text and images, are integrated into a single framework. Such integration enables
the simultaneous use of information from multiple sources to obtain a more comprehensive understanding of a product. By leveraging
cross-modality, deep learning models can learn complex relationships between visual features in images and semantic concepts in text
[49].

In this study, we employ a Feedforward Neural Network (FNN) architecture to process data from different modalities. FNN is a
relatively simple neural network architecture that is widely used in machine learning. According to [30], an FNN can extract and learn
important features from two modalities and perform similarity matching with a target. The modifications introduced during the
construction of the cross-modality model with the FNN architecture are summarized in Table 4. A dedicated FNN first processes each
data modality, and the resulting feature vectors are then combined to obtain a joint representation of both modalities. This joint
representation serves as the multimodal input to our model.

The selection of FNN as the architecture for cross-modality fusion is based on its suitability for the data characteristics and the
objectives of this study. Both feature types, image features generated by EfficientNetV2S and text features obtained from Doc2Vec,
have been normalized into fixed-dimensional vectors (500 dimensions), making FNN a stable and efficient architecture for learning
the nonlinear relationships between the two modalities. As shown in Table 4, the modified FNN model achieves a validation accuracy
of 88%, indicating its effectiveness in forming an informative joint representation. In line with [30, 49], FNN provides a competitive
multimodal fusion baseline when each modality has been first reduced by its respective encoder.

Furthermore, compared with more complex multimodal models such as Transformer-based or cross-attention-based architectures
[48], FNN is computationally lighter, more robust to the relatively high level of visual noise present in Indonesian marketplace data,
and better suited for producing a practical model that can be deployed at an industrial scale. These considerations further justify
adopting FNN as the core architecture for cross-modality fusion in this work.
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Table 4 Modifications to the FNN Model

Description Modified FNN
Total Parameters 5,911,394
Total Layers 13
Overfitting handler Dropout, Batch Normalization
Number of Epoch 10
Validation Accuracy 88%

3.2.4 Hierarchical clustering

Hierarchical clustering is an algorithmic learning method used to group data samples with common characteristics. Such a
technique produces a tree structure known as a dendrogram, in which each branch represents a grouping of data points. One key
advantage of hierarchical clustering is its ability to visually show relationships among data points while allowing flexibility in
determining the number of clusters [23]. However, its performance depends on the choice of distance metrics and linkage methods [50,
51].

Hierarchical clustering has two primary categories: agglomerative and divisive. In our research, we apply the agglomerative
method, in which each data point starts as a separate cluster and is gradually combined into larger clusters [52, 53]. The results of this
method can vary depending on the selected metric and linkage type. Several combinations have been tested, including Euclidean,
Manhattan, and Cosine Distances, along with linkage methods such as Ward, Single, Complete, and Average Linkage [54].

Euclidean Distance calculates how far two clusters are from each other, while Cosine Similarity measures how similar two vectors
are based on the angle between them. A smaller Euclidean distance or a higher Cosine value indicates greater similarity. Ward Linkage
groups clusters by reducing variance within them, whereas Complete Linkage focuses on the maximum distance between data points
in different clusters [54].

In this study, a small sample of 50 products was randomly selected from the 3,450-product test dataset to determine suitable
clustering parameters. This subset was used to manually inspect the clustering patterns in the dendrogram without processing the entire
dataset, thereby making parameter exploration substantially more efficient. Image and text features were extracted from these products
using the models described in Sections 3.2.1 and 3.2.2, and then combined in the multimodal model (Section 3.2.3). The resulting
multimodal vectors were used to generate a dendrogram using agglomerative clustering (see Figure 2). All combinations of distance
metrics and linkage criteria were evaluated on this dendrogram, and the clustering threshold was selected at the cut point that produced
the most stable partitions and best matched the reference label structure. The optimal threshold values for each parameter combination
are reported in Table 5.

Hierarchical Clustering Dendrogram
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Figure 2 Dendrogram using DBOW Architecture with Cosine Similarity, Complete Linkage, and Threshold of 0.32

Table S Parameter Criteria in Agglomerative Clustering

Metric Linkage Best Threshold
Single Linkage
Cosine Similarity Complete Linkage 0.32
Average Linkage
Ward Linkage

Single Linkage

Euclidean Distance Complete Linkage 10
Average Linkage
Single Linkage
Manbhattan Distance Complete Linkage 280

Average Linkage
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After determining the preferred threshold and linkage from the dendrogram analysis, this configuration was re-evaluated on the
full dataset of 3,450 products and assessed using NMI. Validation with NMI confirmed that the selected parameters yielded the best
performance when applied to the larger dataset. A sensitivity analysis was then conducted by observing how the clustering results
changed as the threshold varied in the dendrogram and by comparing NMI values across different threshold settings (summarized in
Table 6). The differences in performance across thresholds indicate that the model remains relatively stable in the neighbourhood of
the optimal threshold region. To further verify the robustness of these findings, additional experiments were performed on an extended
dataset comprising 19,300 products, as discussed in Section 4.

4. Results and discussion

Clustering performance is measured using the Normalized Mutual Information (NMI) metric. This metric helps determine how
well the clusters reflect the data's actual structure. NMI is a widely used metric in clustering analysis to measure the similarity between
two clustering results [55].

In this study, NMI values are calculated on a scale from 0 to 1 to evaluate the clustering performance under different parameter
criteria. A greater NMI score reflects more accurate clustering, meaning the algorithm grouped the data more effectively. Therefore,
NMI is used to measure how well the algorithm identifies patterns in the data, with higher values showing more accurate clusters [56,
57]. Compared to other methods, NMI performs better for comparing clustering results and labeling clusters.

_ 2xMI(C)Y)
NMI = H(C)+H(Y) @

Equation 2 computes the NMI value by determining the Mutual Information and Entropy values of the clustering C and Y. Here,
C represents the predicted clusters. At the same time, Y denotes the ground truth clusters. When the Mutual Information is maximized,
and the Entropy is minimized, the maximum value of 1 is achieved. Conversely, the minimum value of 0 is attained when the two
clusterings are entirely dissimilar, resulting in the minimum Mutual Information and Maximum Entropy. Mutual information measures
the amount of information shared between two variables, while Entropy quantifies the uncertainty in cluster labels [55].

Table 6 NMI Score for Each Parameter Criteria in Agglomerative Clustering

Metric Linkage NMI Score
Single Linkage 0.808
Cosine Similarity Complete Linkage 0.928
Average Linkage 0.924
Ward Linkage 0.909
. . Single Linkage 0.902
Euclidean Distance Complete Linkage 0.908
Average Linkage 0.907
Single Linkage 0.899
Manhattan Distance Complete Linkage 0.909
Average Linkage 0.907

We computed NMI scores for each combination of metric and linkage criteria on the 3450-product test dataset using the threshold
from Table 5. The results are displayed in Table 6, where the combination yielding the highest NMI value is Cosine Similarity with
Complete Linkage. Subsequent experiments were conducted using this optimal combination, and the Euclidean Distance with Ward
Linkage combination was used as another comparison for the best metric. Euclidean and Ward were used as a comparison, referring to
the best results from our previous research [24, 25].

Table 7 Test Result With Various Modalities

Tested Data Modality Metric Linkage NMI Score
Tmage Eucli.dean.Di.stapce Ward Linlfage 0.90
Cosine Similarity Complete Linkage 0.88
Euclidean Distance Ward Linkage 0.92
3,450 product Text Cosine Similarity Complete Linkage 0.94
Multimodal Euclidean Distance Ward Linkage 0,91
Cosine Similarity Complete Linkage 0,93
Image Euclidean Distance Ward Linkage 0.95
Cosine Similarity Complete Linkage 0.95
Euclidean Distance Ward Linkage 0.96
19,300 produect Text Cosine Similarity Complete Linkage 0.96
Multimodal Eucli.dean.Di.stapce Ward Linlfage 0.96
Cosine Similarity Complete Linkage 0.96

To assess the robustness of the results and obtain a simple confidence interval approximation for NMI, the model was evaluated
on two data subsets: 50 products from the 3,450-product test dataset and 200 products from the 19,300-product test dataset. Table 7
reports the experiments conducted with different modalities: image, text, and their combination (multimodal). The fact that the average
NMI values exceed 0.90 (Table 7) indicates not only that the model performance is stable across variations in the sampled data, but
also that the cluster assignments show strong agreement with the ground-truth product categories. This strong agreement provides
empirical evidence that products grouped within the same cluster generally belong to semantically coherent categories. For each
modality, results are reported using the best-performing combination of distance metric and linkage criterion, drawn from Cosine
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similarity with Complete linkage and Euclidean distance with Ward linkage. On the 3,450-product test dataset, the text modality
achieved the highest NMI of 0.94, while on the 19,300-product test dataset, both the text and multimodal configurations reached an
NMI of 0.96.

To refine the statistical interpretation, the variation of NMI was examined across the three modalities (image, text, multimodal) on
both test datasets (3,450 and 19,300 products). The NMI ranges for each modality, as reported in Table 7, are 0.88—0.95 for image,
0.92-0.96 for text, and 0.91-0.96 for multimodal. These ranges suggest that the clustering performance is consistent and does not
depend on a single threshold setting. This analysis supports the claim that the model is robust to threshold variations and maintains
stable performance across different evaluation scenarios.

To further quantify the model's stability and reliability, the mean and standard deviation of NMI were computed across the two test
datasets (Table 8). The results show that the 19,300-product dataset is much more stable, with a minimal standard deviation of 0.0052,
indicating a highly consistent cluster structure. By contrast, the 3,450-product dataset exhibits larger performance variability (standard
deviation = 0.0216), suggesting that the resulting clusters are more sensitive to the choice of distance metric and linkage criterion.

Table 8 Mean and Standard Deviation of NMI

Tested Data NMI Mean Standard Deviation
3,450 product 0.9133 0.0216
19,300 product 0.9567 0.0052

Moreover, to evaluate the time efficiency of the clustering process, an additional experiment was conducted using the best
parameter configuration (Cosine similarity and Complete linkage) on the 3,450-product dataset. The computation times were 4.15
seconds for the text-based representation, 4.12 seconds for the image-based representation, and 8.03 seconds for the multimodal
representation. These computation times indicate that Agglomerative Clustering remains practically feasible for medium-sized datasets.
Although the execution time for multimodal features is almost twice that of unimodal features, this is expected because the multimodal
representation has twice the dimensionality of the unimodal vectors (1,000 vs. 500). Consequently, distance computations and
hierarchical structure construction require additional processing time. Nevertheless, an execution time of 10 seconds or less for 3,450
products remains efficient in the context of offline batch processing commonly used in e-commerce backend systems.

To illustrate the product-matching results using multimodal criteria, we utilize Tables 1, 9, and 10. Table 1 presents a subset of the
data used for testing, with the outcomes illustrated in Tables 9 and 10. Table 9 illustrates the products successfully grouped into the
appropriate clusters, whereas Table 10 shows the products that failed to be grouped into the appropriate clusters and formed new
clusters.

Table 9 Example of Successful Product Grouping

Product Images and Title Group

Baca Buku Ini Saat Engkau Patah Hati :

Sesungguhnya Berpurag—pura Tegar Itu BACA BUKU INI SAAT ENGKAU

Menyakitkan n PATAH HATI: SESUNGGUHNYA
BERPURA-PURA TEGAR ITU A

MENYAKITKAN

o'y [Bayar Ditempat] - Jam Tangan MI 2
Band Watch/ Jam Tangan LED / Jam
Tangan Unisex /Jam Sport Digital

BAYAR DI TEMPAT - Jam Tangan
LED Mi 2 Sport Digital

Jam Tangan Led mi 2 B
TAS IMPORT FASHION TAS SELEMPANG IMPORT
SELEMPANG 7075 93280 3254 1572 MURAH JAKARTA TI7448/E364/
N2594 B1669 107448 364 2594 L1572/C7012/B2594 MURAH
CANTIK LAKU IMPORT KEKINIAN
C

TAS IMPORT CANTIK
E364/T07448/L1572/ C7012/B2594
TAS JAKARTA TAS CANTIK TAS
MURAH TAS GROSIRCODE
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Table 10 Example of Products Failed to Cluster into a Single Group

Product Product Title Expected Predicted
Images Group Group
Baca Buku Ini Saat Engkau Patah Hati A D
Baca Buku ini Saat Engkau Patah Hati - Anak Hebat A E
Jam Tangan Led Sport Digital Watch Wanita Pria Karet Anak Sekolah B F
Murah Import Fashion Grosir/COD
LT7215 READYKODE LT
TASRANSELIMPORTBATAMDIJAMINBAGUS CR7012 B07448 C G

OB1669 1572 LT1572 BQ2594 DJ3280

The results in Tables 9 and 10 underscore the importance of utilizing both modalities (text and images) in product matching. When
the two modalities exhibit both similarities and differences, they are considered to represent distinct product groups. This observation
supports the assertion by [49] that cross-modality enables deep learning models to comprehend the relationship between visual features
in images and semantic concepts in text.

Moreover, Table 11 shows that the model achieves high accuracy in product matching, even when there are no perceptible
differences in images or text. However, the model identifies these products as distinct. In the presence of subtle differences, the model
creates a new cluster. Overall, these results indicate that the model can correctly assign new products to appropriate clusters or create
new groups when necessary.

Table 11 Example of Product Included in the New Cluster

Product Images and Title Expected Predicted
Group Group
Softlens KOKO BLACK
SOFTLENS KOKO NORMAL & MINUS STONE
y JET BLACK MINUS - o
Bin 0.50 s/d -5.00 / KOKO B o J/ETBLACKMARBLE
= BLACK . GOTHIC (-0.25 S/D -3.00) Mi
.9 9 g% MINUS
- - -
= . i O M
SOFTLENS KOKO SOFTLENS KOKO BLACK
e O BLACK NORMAL / 14.5 MM
S o KOKO BLACK "o
> < PAKET CREAM RD CREAM RD 30GR
cik. JUMBO 30.GR ORIGINAL RACIKAN
LSy KWALITAS SUPER SUPER KWALITAS 1
- ;\p ORI N1
N
CREAM RACIKAN CREAM RACIKAN RD 4IN1 N
R RD 30GR 4IN1 30g kualitas 1
1A KUALITAS ORI
N2
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5. Conclusions

After conducting several experiments and analyses, this study arrives at several key conclusions. First, employing cross-modality
with a simple FNN architecture improves the performance of the multimodal experiments, increasing NMI values by up to strong and
thereby indicating its effectiveness in forming an informative joint representation. This architecture enables the model to capture the
interaction between visual attributes in images and semantic meanings in text. In addition, compared with more complex multimodal
architectures such as Transformers or cross-attention-based models [31], FNN is computationally lighter, more robust to the relatively
high levels of visual noise present in Indonesian marketplace data, and better suited to developing practical models that can be deployed
at an industrial scale.

Second, the experimental results on 3,450 products show that the image modality processed with the EfficientNetV2S architecture
produces reasonably practical visual features but remains vulnerable to background clutter and variations in image quality. In contrast,
the text modality encoded with Doc2Vec achieves higher NMI scores, indicating that product titles in this dataset are generally more
stable and semantically informative. When both modalities are combined via cross-modality fusion with an FNN architecture, clustering
performance improves consistently across both the 3,450- and 19,300-product datasets. A simple ablation analysis with three
configurations: image only, text only, and image-text fusion, confirms that removing any single modality leads to a substantial decrease
in NMI compared with the multimodal configuration; in particular, omitting the text modality reduces performance by up to 5%. As
shown in Figure 3, multimodal fusion yields the most stable performance, especially on the larger dataset, by leveraging the
complementary strengths of both modalities and mitigating their individual limitations.

Comparison of NMI Scores Across Modalities

Dataset 3,450
Dataset 19,300

10

0.8r

0.6

NMI Score

0.4

0.2

0.0

Image Text Multimodal

Figure 3 Comparison of NMI Scores across Modalities

This study also highlights the practical benefits of using a small subset of randomly selected test data to guide parameter selection
for clustering larger datasets. Approximately 1% of the test data was randomly sampled to examine the resulting dendrogram. The
experimental results indicate that the system can automatically assign new products to predefined groups or create separate clusters
when they do not align well with existing groups, thus confirming the robustness and adaptability of the proposed clustering framework.

This research has significant implications for Indonesia's e-commerce sector by improving the accuracy of product matching on
online platforms. It addresses the weaknesses of unimodal methods by combining text and image information within a multimodal
framework and provides a comprehensive pipeline for more accurate and efficient product identification. The use of deep learning
techniques—such as Convolutional Neural Networks and Doc2Vec—coupled with a cross-modality approach has proven effective in
enhancing the quality of product matches. The impact of this research extends to the overall user experience on e-commerce platforms:
accurate product matching enables consumers to find products that meet their preferences more quickly, leading to higher customer
satisfaction and increased sales. The enhanced clustering and identification methods can also help e-commerce platforms better manage
their product catalogues and personalize recommendations, fostering a more competitive and dynamic online marketplace.

Despite these contributions, this study is still subject to several limitations. Many aspects require improvement in future work,
including increasing the quantity and diversity of product datasets and enhancing product image quality, particularly by reducing
distracting background elements, to enable more informative feature extraction. It is also promising to explore Transformer-based
architectures in subsequent studies, where the lightweight model proposed here can serve as an efficient baseline that may be extended
with Transformers to handle more complex product-matching scenarios or to better capture contextual information from long textual
descriptions and user reviews.

The background noise issue discussed in this paper is based on the authors' qualitative analysis rather than a dedicated controlled
experiment. This observation arises from the fact that many product images contain diverse backgrounds, shop watermarks, and non-
product objects, which, according to the literature, can affect the quality of visual representations. Previous studies have reported that
non-uniform backgrounds can interfere with feature extraction in CNNs and reduce visual-matching accuracy, especially for products
with similar shapes [21, 28]. Our experimental findings [19] are consistent with this, as lighter architectures, such as MobileNetV2,
were more sensitive to background clutter and yielded lower accuracy and NMI scores than deeper models, such as EfficientNetV2.
These considerations suggest that future work should investigate background cleaning, automatic object segmentation, and saliency-
guided feature extraction to further improve visual representations and mitigate bias caused by noisy product images.
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