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Abstract 

Classifying products efficiently and accurately is a major challenge in e-commerce. 

Excessive traffic of new products uploaded daily and the volatility of genres also heightens the 

need for human learning models. They reduce the time and cost of human editors. In this study, 

in the Amazon, to categorize e-commerce products, this paper proposes a variety of sampling 

approaches using titles, descriptions, and images. Specifically, this paper has proposed late 

fusion models. There, methods are integrated at the decision level. Each of the products, for 

many labels, assigned. Also the hierarchical flatness on the labels was filtered. Classifying 

products efficiently and accurately is a major challenge in e-commerce. Excessive traffic of new 

products uploaded daily and the volatility of genres also heightens the need for human learning 

models. They reduce the time and cost of human editors. To these unique basic models, to 

categorize the title and description, the CNN structure has been modified to suit it. Then, to 

classify the images, the ResNet-50 of the keras was modified. Thus F1 achieves scores of 78.0%, 

83.7%, and 62.0%. In comparison to these, more than single model models, tri model late fusion 

model is products can be categorized very efficiently. This raises F1's score to 88.3%. Each time, 

solves the shortcomings of other methods. Classification of several methods, to improve the 

performance of issues, raises the number of times of methods. 
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Introduction 

In many e-commerce systems, to sell products, vendors are working on providing 

products for their products. Personalization of product classification is manual labor reduces cost 

and time, and when loading new products, providing the best experience for sellers. Because 

sellers are wrong to refer to their products manually, auto labeling will benefit buyers. A 

performance classification is critical to this. Because, those who buy products that are incorrectly 

labeled, cannot efficiently find the items they want to buy. This can lead to missed sales 

opportunities.  

Previous studies have approached product classification as a text classification task (Yu 

et al. 2012; Kozareva 2015; Frasincar, Vandic, and Kaymak 2018). However, several types of 

inputs, including title, image, description, audio, item-to-item relationships, and video are 

considered. Some recent studies, (Zahavy et al. 2016; A˚ berg 2018), using both images and text, 

while analyzing the product assortment, a method for combining arbitrary methods and inputs is 

proposed here. In based of titles, descriptions and images, this paper demonstrates a multi-modal 

model. The task of this paper is, different from the usual multi-class classification problem, 

because, a product can be labeled with more than one class. Most products appear in 

subcategories and classes. Classes can be grouped into another class and nested into another 

subclass. Large-scale products uploaded and considering several possible labels, machine 

learning automatically makes products more efficient. 

Different methods of data, such as images, descriptions and captions, each of them, one 

can capture unique features. For each time, the incorporation of trained and individual models is 

explored. Although both grouping and merging involves the incorporation of multiple models, 

for the purposes of our discussion, for each of the samples, links use different data sets, in 

combination. The same data goes through all the samples in the same group. To combine 

different modalities, there are two common ways. One is early fusion and the other is late fusion. 

Delayed fusion is using a specific policy, refers to combining the predictions of many natures. 

The minimum or maximum of such policy effects can be used. In contrast, early fusion is 

directional representations at each level, extract at the initial level. And by supporting a multiple 

model representation vector, by together and linking, can connect with each other. This model 

performs a classification function on a multi-modal representational vector. 
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Related Works 

To categorize the product title, CNN structures have been used (Kim 2014). In such a 

model, the first layer uses a random word embedding (Zahavy et al. 2016). For the same study 

image classification, uses a VGG Networks (Zisserman and Simonyan 2014), when they studied 

both late and early fusion, in the case of delayed fusion only, made progress. Before the policy 

was incorporated by network, to achieve maximum performance individually, text and image 

classifiers were trained separately. The High Performance Policy Network has two fully 

connected layers, from a neural CNN; the first three classes of probabilities are taking as inputs. 

In their dataset, there were 2,890 possible shelves and 1.2 million pictures. On average, in three 

shelves, every product falls. 

 

Fig.1: Early Fusion 

 In network three shelves, when one releases it correctly, their model is considered useful. 

To classify into single categories, existing studies have used a picture or advertisement, 

description and title of a product (A˚ berg 2018). Combine description or title, for text 

classification, they used fast text as the basic model (Joulin et al. 2016). At the same time, for 

image classification, they used the startup V3. They also explored a similar implementation of 
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CNNs' symbol structure. But it is not possible to measure the effectiveness of fast text. 

 

Fig.2: Early Fusion 

The A˚ berg study used a dataset of 96,807 products from 194 different classes. For each 

product, since only one class is reserved, many label classifications are overlooked, therefore, 

before releasing class probabilities, in the final layer, implementation of software. Both the late 

and early fusion described above was investigated. Network policies and heuristic principles 

were explored. More late fusion gave better results. Heuristic principles refer to certain fixed 

rules, for example, from different models, average of probabilities. The principles of network 

refer to the training of a neural network. It is from different networks, taking release 

probabilities, creates a new probability vector. 

Dataset 

In this study (McAuley et al. 2015), the dataset used contains 9.4 million Amazon 

products. Before subcategories and classes are given, since they are flat, class hierarchical 

information is not available. From this dataset, the 119,063 products are randomly sampled. The 

first 90,000 of these products are placed into the training package. After pre-processing, for a 

product, there are a 122 of classes to own. Unlike many previous studies, every product here, 

there can be many labels that are signed.  
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The trade-off between the performance and number of classes is due, thus, it is 

challenging to configure product classification systems.  For example, for a product, if sub-

classes and more classes are added very easy to find, but most classes use the wrong class, 

increase the chances. To solve this problem, some studies, the number of sub-classes has 

decreased (Lyu, Li, and Lee 2017, and Zahavy et al. 2016). Create a drawer at a time and they 

are based on existing shelves, is to classify products. A shelf, on the same ecommerce side, is a 

group of products offered together. It is usually, under the same categories, contains products. To 

create a drawer in this data set, since there is no required web page information, the purpose is to 

eliminate classes with less than four hundred products. 

Every product, after pre-processing, belongs to all three types. In one section, maximum 

number of products is 37,202, in one section; the minimum number of products is 558. On 

average, for one type, there are 2,919 products. In addition, from figure 2, the number of 

products of one kind is not equally implemented. This will introduce the dependencies into the 

model. 

Baseline Models 

By combining different model classifiers, to understand how much is beneficial, baseline 

results are reported for each model. Using the F1 (micro-averaged) score, these results are 

evaluated. It has multiple label classification and for unbalanced datasets, is the accepted metric 

(Ba and Kingma 2014). During the training, for all classifiers, also as elector, also used cross 

entropy as a loss function. To accommodate Multi Labeling, for each classifier, the final 

functions also use the sigmoid function. Although both descriptions and captions are data text, 

different use cases, uses different methods. As described below, to create different pre-

processing steps, allows. 

Description Classifier 

The description is preprocessed to eliminate words that contain more than thirty 

characters, remove stop words, digits, excessive whitespace, and punctuation marks. In addition, 

sentences can be reduced to three hundred words. To classify pre-processed descriptions, for 

sentence classification, Kim's iconography has been slightly modified. Kim's shape is CNN. It is 

using the Word2Vec, on top of the initiated word vectors, contains one layer change. In over 

time, maximum pooling is done. To capture the most important aspects of it helps. Finally, 
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dropout is used in the final layer. 

 

Fig.3: Basic Classification of Products 

Title Classifier 

For descriptive classification, although a similar assortment is used for the title, header 

data is preprocessed differently. As for the title, the text was imposed for fifty-seven words and 

the words were not removed. For embedding, the GloVe was re-selected. In which case, non-

hidden words are randomly initialized. GloVe 77.5% Glossary from the header, covers. This 

model, in the test set, reaches 82.5%. 

Image Classifier 

Remove the final dense attached layer, with the number of labels, in where applicable, 

with 122 units, by adding a densely connected layer, from the keras, ResNet-50 configuration 

modified. In addition, the final processing was transformed into sigmoid. For image 

classification, with other modern models, when compared, ResNet-50 is based on the framework 

of achieving competitive results. To fourteen million, with more images, in the image net dataset, 

before training, the trained image has also used net weight. The weight of the previous layers is 

frozen. Further, only the layers are trained. The number of layers that can be trained is examined. 

The best model in the last forty layers, in the trained, test set, the F1 score reached 62%. 

Multi-Modality 

More than early fusion models, late fusion models were very useful, previous studies 
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have found that in the case of improving late coupling is focused. 

Predefined Policies 

First, the performance of the models, along with other non-stationary principles, before 

comparing, using defined rules, evaluated. From each classifier, with the average and maximum 

policy of output, the test is done. From image, title and label classifiers, for each class prediction, 

the maximum policy selects the maximum output. This can be stated as follows: 

OUTmax = max (OUTimage, OUTtitle, OUTdescription)  (1) 

Where, OUTtitle, OUTimage, OUTdescription ∈ R122 = the output from each classifier. The 

mean policy can be denoted as, 

OUTmax = 
,   ,    

   (2) 

With the best assortment, when compared, both the maximum and the mean policy 

resulted in a lower score of F1. This is the header classifier. The maximum policy is 78.8% F1 

marks and the average policy also scores an 81.6 percent. Intuitively, each classifier, for the 

average policy, equally helpful, therefore, average performance is less than ideal performance. 

As for the maximum policy, from low-performance classifiers, invalid maximum outputs for 

final predictions, can cause harm. 

Linear Regression  

To combine individual classifiers into single classifiers, the simple ridge linear regression 

model is trained. In the test set, reaches model 84.0%. Accordingly, average square error is the 

model can be considered as reducing the loss function. 

min ||𝑤𝐴 − 𝑦||  + ∝ ||𝑤||    (3) 

Where,  

y = the true label 

wA = the predicted label 

α = the L2 regularization strength.  

Though, the simple and stable principle outweighs the standard principles above.  
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Bi-Modal Fusion  

 Previous studies have included two neurodegenerative mechanisms. One to categorize 

captions and the other to categorize images, delayed fusion is used. For comparison purposes, in 

this study, in the three sample networks, from combining the two, this paper proposes the 

developed models. In the first linked network, the title and publication of the image classifier, 

together with previous studies, is in a similar fashion. The second is the release of the header 

classifier for the linked network and the output of the descriptor classifier together, the output of 

the image classifier and the descriptor classifier for the third net are combined. All three 

networks were combined into one. Using a three-tier neural network, from each classifier, 

combine outputs. The third, second and first plots, respectively, have units 200, 150 and 122. 

These three networks Image title, description title and image description, F1 scores are 

respectively of 85.0%, 87.0%, and 82.0%. 

Tri-Modal Fusion  

 Finally, to add descriptions, pictures and captions, a triangular model was developed, 

based on this sheet, to categorize products, first combines the three classifiers. Using policy 

networks, like basic line models, three classifiers are combined. This is an additional neural 

network that exists in the output of each classifier.  

 

Fig.4: tri-modal fusion model architecture 

 This paper distinguished the number of units of neural neurotransmitters, activation 

functions and number of units. With hyper parameter optimization, this paper has found that the 

best policy network consists of three layers. It is in the first and last layers, sigmoid is activated. 
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In the middle layer, the hyperbolic tangent is activated. In contrast to all previous methods, this 

breed model achieves a score of 88.3%. 

Results and Discussion 

 The results are summarized in Table 1. Because descriptive and title classifiers 

significantly outperform image classification, and classifiers in discriminatory powers, shows 

that they differ. It also shows that the image classifier can exceed the descriptor classifier 

significantly. About a product category, these results show that text can provide more relevant 

information. 

Table 1: F1 scores for every independent classifier 

Modal F1 (%) 

Image 61.0 

Title 82.7 

Description 77.0 

 For each classification, the best unclassified categories, typically in the data set, table two 

shows their adequate representation. For one type, suppose the average number of products is 2,919. 

The types of accessories are, in all unclassified categories, contains more products. But, it is much 

lower than average. In addition to each classification, between model classifiers, shows the overlap.

 Table 2: The top 5 most misclassified classes/categories for every classifier 

Image Description Title 

Ballpoint Pens 

(192/203) 

Accessories (663/924) Novelty, Costumes & 

More (176/303) 

Martial Arts 

(146/154) 

Women (107/134) Horses (167/265) 

Reptiles & Clothing, Shoes & Jewelry Women (77/134) 
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Amphibians 

(136/144) 

(481/686) 

Chew Toys 

(123/132) 

Novelty, Costumes & More 

(194/303) 

Feeding (137/244) 

Small Animals 

(327/349) 

Boating (222/327) Accessories (521/924) 

When compared to table two, rate of unclassified products, in table four, substantially 

reduced. In examining Horses, Accessories, Clothing, Shoes & Jewelry, can be seen that the 

proposed method outperforms the significant classifier of the individual classifiers. However, in 

some types of proposed method, failure to substantially reduce the number of unclassified 

products, according to table two, each individual classifier performed poorly predicted products. 

Table 3: F1 scores for fused classifiers 

Model F1 (%) 

Max 78.7 

Mean 81.6 

Linear Regression 83.1 

Image-Description Fused 82.1 

Image-Title Fused 85.1 

Title-Description Fused 87.1 

Image-Description-Title Fused 88.3 
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Table 4: The top 5 most misclassified categories  

S.No Fused Image-Title-Description 

1 Chew Toys (64/132) 

2 Accessories (417/924) 

3 Women (58/134) 

4 Novelty, Costumes & More (127/303) 

5 Snacks (143/363) 

 In all the classifiers, suggests that there are fewer types. To remedy this deficiency, in the 

future, other methods may be considered. On the other hand, in an assortment of tasks, as long as 

it works fine, for the overall model, this is sufficient. For example, the number of unclassified 

products in jewelry, shoes and clothing fell from 383 to 255.  

Conclusion 

 To illustrate that the header classifier exceeds the descriptive value, image classification 

can be better implemented by classifier. Further, a tri-modal network that includes all three 

modes, more than tri modal networks, performed better.  Due to causing defects of each 

classifier, addresses at least the complementary part of the tasks, for each classification, may be 

due to performance improvements. Finally, for this work, one possible extension is to create a 

directional representation of the product. Word embedding helped to classify the text more 

effectively. To capture the relationship between products, embedding a product is useful. Such 

product embedding, for recommendation purposes help find similar products, and to predict 

types, can be used as a model input. 
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