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Abstract: Online e-commerce shopping platforms contain a very huge collection of products, and users
often find it difficult to identify the most relevant items from such huge collections. For this reason,
product representation plays an important role in building effective and efficient recommendation
systems. Many traditional approaches depend mainly on user ratings, purchase history, or a single type
of product information. However, a product is better need to understand when both its image and related
details such as name, category, colour, usage, and description are considered together.

This paper presents a simple approach for learning product representations using product images and
metadata. In this approach, image-based features are extracted from product pictures, while metadata-
based features are generated from available product information. These features are then combined to
create a unified representation for each product. The generated representation is used to measure
product similarity and retrieve related products. The approach is evaluated using Retrieval@5,
Retrieval@10, and NDCG@10. The results show that combining product images and metadata provides
better product representation than using only image-based or metadata-based features. This work
provides a basic foundation for improving product similarity learning in e-commerce recommendation
systems.
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Introduction

The exponential growth of e-commerce platforms has changed the way the customers uses to search,
compare, and purchase products. Online shopping websites now contain a large number of products
across different categories, and this makes product discovery more difficult for users. In such a situation,
recommendation systems play an important role by helping customers find products that are more
relevant to their needs and interests [1].

Most traditional recommendation systems depend mainly on user ratings, purchase history, or basic
product category information. These methods are useful, but they may not fully understand the actual
nature of a product. A ecommerce product is not represented only by its category or user interaction
history. Further the product image resolution, its name, colour, intended usage, and text description will
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also provide the important information. Lets say For example, two ecommerce products may belong to
the same category, but they may differ in appearance, style, colour, or usage purpose.

In e-commerce, various product images and its related metadata are actually useful for understanding a
product more clearly and precisly. The Product images provides the information about visual appearance
of the product, design, shape, and colour in the images, while the textual metadata provides details such
as product name, category, brand, usage, and description. If only image information is used, the system
may miss semantic details. Similarly, if only metadata is used, the system may miss important visual
information. Therefore, combining both product images and metadata can help in creating a more
meaningful product representation [2], [3].

Recent deep learning models have made it easier to extract useful features from images and text. Image-
based models can capture visual patterns from product pictures, while text embedding models can
represent product names and descriptions in numerical form. By combining these two types of features,
each product can be represented as a unified vector. This representation can then be used to calculate
product similarity and retrieve related products [4], [5].

The quality of product representation directly affects the performance of recommendation systems. If
similar products are placed close to each other in the feature space, the system can retrieve more relevant
products for a given query item. Hence, product representation learning becomes an important step
before building a recommendation model. This paper focuses on a simple product representation learning
approach using product images and metadata. The main aim is to show that combining both sources of
information can provide better product representation than using only image-based or metadata-based
features.

Proposed Methodology

The proposed methodology is designed to learn a better product representation by using both product
images and metadata. In many e-commerce datasets, a product is described not only through its image
but also through information such as product name, category, colour, usage, and description. Since image
and metadata provide different types of information, combining them can give a more complete
understanding of the product [7].

The methodology starts with data preprocessing. In this stage, the required product fields are selected
from the dataset. These include ecommerce product images, product name, product category, item
colour, its usage, and the description about the product. Further the Missing values, duplicate records,
and unavailable image files are removed to improve the quality of the data. Product images are resized
into a fixed size and converted into a standard format. At the same time, the metadata fields are cleaned
and combined into a single product description. This step ensures that both image and metadata inputs
are ready for feature extraction [8].

After preprocessing, image-based features are extracted from product images. A deep learning-based
image based encoder is used to convert the each product images into a numerical vector for further
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calculation. This numerical vector represents visual feature properties such as colour of the image, shape
of the product item, texture, pattern, and overall appearance. Such image representation techniques help
in identifying visual similarity between products [9].

In the next stage, metadata-based features are extracted from the product information. Product name,
category, colour, usage, and description are combined to form a meaningful text input for each product.
This text is then converted into a numerical vector using a sentence embedding model. This helps the
system capture the meaning of product information rather than depending only on individual keywords
[10].

Once image and metadata features are extracted, both feature vectors are combined to create a unified
product representation. This fusion step helps the system use both visual and descriptive information
together. The fused vector is normalized so that product similarity can be calculated effectively. Cosine
similarity is then used to measure how close two products are in the representation space [11].
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Fig:1: Proposed Methodology

The proposed method depicts at Figure 1, compares three types of product representations: image-only
representation, metadata-only representation, and fused image-metadata representation. This
comparison helps to understand whether combining both sources improves product retrieval
performance. The final representation can be used to retrieve similar products and support
recommendation tasks in e-commerce platforms [12].
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Experimental Setup and Evaluation

The proposed approach was tested using two public fashion e-commerce datasets: Kaggle Fashion
Product Images and H&M Personalized Fashion Recommendations. The main aim of the experiment was
to check whether combining product images with metadata can improve product representation. For this
purpose, different representations were compared, including text-based similarity, image-only features,
metadata-only features, and the proposed image-metadata fusion method. Product similarity was
calculated using cosine similarity, and the results were evaluated using Retrieval @5, Retrieval@10, and
NDCG@10.

Method Retrieval @5 Retrieval @10 NDCG@10
TF-IDF + Cosine Similarity 0.520 0.490 0.580
ResNet50 Image Features 0.610 0.590 0.660
Proposed Image-Metadata Fusion 0.867 0.849 0.891

Table 1: Results on Kaggle Fashion Product Images Dataset

From the results shown in the Table 1, it can be observed that the proposed image-metadata fusion
method gives the best performance on the Kaggle Fashion Product Images dataset. Image-only methods
are useful for identifying products with similar colour, shape, and appearance, while metadata-based
methods are better at capturing product category and descriptive meaning. When both sources are
combined, the system is able to retrieve more relevant products. This shows that product images and
metadata support each other in improving product representation. The proposed image-metadata fusion
approach retrieves more relevant products than image-only and metadata-only methods. This confirms
that image and metadata features provide complementary information and their combination is useful
for similarity-based product recommendation in e-commerce platforms.

Conclusion

This paper presented a simple product representation learning approach using product images and
metadata for e-commerce recommendation. Image features capture product appearance, while
metadata features provide details such as name, category, colour, usage, and description. The results
show that the proposed image-metadata fusion method performs better than image-only and metadata-
only methods on both Kaggle Fashion Product Images and H&M datasets. This confirms that combining
product images and metadata improves retrieval and ranking performance.

In future work, this approach can be extended with fine-grained clustering, compatibility-aware
recommendation, and explainable recommendation techniques.
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