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Article

Harnessing Multimodal Data and Mult-Recall
Strategies for Enhanced Product Recommendation in
E-Commerce

Siyue Li
Northeastern University, Santa Clara, USA; janelovelee2020@gmail.com

Abstract: Recommending products effectively based on historical transaction data and metadata is crucial for

improving user satisfaction and increasing sales. This study presents a recommendation system evaluated using

Mean Average Precision (MAP@12), leveraging a diverse dataset that includes apparel types, customer demo-

graphics, product descriptions, and images. Our approach integrates Mult-Recall methods and LightGBM Ranker,

utilizing various recall strategies and advanced feature engineering techniques to enhance recommendation

accuracy. By combining these advanced machine learning models and ensemble techniques, our proposed solu-

tion outperforms existing methods, providing a robust and efficient recommendation system tailored to diverse

customer needs and product characteristics. This integrated approach not only addresses the challenges of data

sparsity and cold start but also adapts to the dynamic nature of user preferences and market trends. The results

demonstrate significant improvements in both recommendation precision and user satisfaction, highlighting the

potential of our approach for real-world e-commerce applications.

Keywords: product recommendation; mult-recall; LightGBM ranker; feature engineering; machine learning

1. Introduction

The development of effective product recommendation systems is a critical task for online retailers
aiming to enhance user experience and boost sales. This challenge involves accurately predicting user
preferences using historical transaction data and various metadata associated with customers and
products. Traditional recommendation methods, such as collaborative filtering and content-based
filtering, often struggle with scalability and sparsity issues, particularly when dealing with large and
diverse datasets.

Our study focuses on creating a recommendation system that leverages both transactional and
metadata to provide personalized product suggestions. The dataset includes detailed information
on apparel types, customer demographics, product descriptions, and images. A significant insight
from our data analysis is the prevalence of women’s apparel and the impact of seasonal trends on
pricing. High-priced items like bags exhibit distinct purchasing patterns, highlighting the importance
of incorporating trend-based features into the recommendation model.

To address these complexities, we propose a sophisticated model that combines Mult-Recall
methods with LightGBM Ranker. Mult-Recall methods involve using various recall strategies to
generate a comprehensive set of candidate items for each user. These strategies include popular item
recall, collaborative filtering-based recall, and content-based recall methods utilizing textual and visual
features. The LightGBM Ranker is then employed to rank these candidates, leveraging advanced
gradient boosting techniques to optimize the ranking based on multiple features derived from the
recall stage.

The Mult-Recall approach ensures that the recommendation system captures a wide range of
potential user preferences by integrating different recall methods. Each method brings unique strengths,
such as capturing long-term user interests or utilizing the latest trends in product descriptions and
images. By combining these methods, the system can generate a diverse set of high-quality candidate
items for each user.

The LightGBM Ranker further refines these recommendations by considering various features,
including user-specific behaviors, product attributes, and contextual interactions. LightGBM’s ability
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to handle large-scale data efficiently and its robustness to overfitting make it an ideal choice for this task.
The ensemble of multiple models during the ranking stage ensures that the final recommendations are
both precise and relevant, ultimately enhancing user satisfaction and driving sales.

In summary, our proposed solution integrates advanced machine learning techniques to build
a robust and efficient product recommendation system. By leveraging the strengths of Mult-Recall
methods and LightGBM Ranker, our approach provides accurate and personalized product suggestions,
addressing the unique challenges of diverse customer needs and dynamic product characteristics.

2. Related Work

The field of product recommendation systems has evolved significantly over the past decade,
driven by the increased availability of data and the development of advanced machine learning algo-
rithms. Traditional collaborative filtering methods, such as User-Based and Item-Based Collaborative
Filtering, have been extensively used but often face scalability and sparsity issues in large datasets. To
address these limitations, Nguyen et al. [1] proposed a novel embedding model for knowledge base
completion based on convolutional neural networks, which improves the ability to capture complex
user-item interactions.

Matrix factorization techniques have also played a crucial role in recommendation systems. He
et al. [2] introduced Neural Collaborative Filtering, leveraging neural networks to model user-item
interactions and offering improved flexibility and non-linear modeling capabilities compared to tradi-
tional matrix factorization methods. Cheng et al. [3] further advanced the field by proposing a wide
learning framework that integrates linear and deep models, effectively capturing both memorization
and generalization aspects of recommendations.

Recent research has emphasized the importance of combining multiple recall strategies to en-
hance recommendation performance. Liang et al. [4] introduced Variational Autoencoders (VAEs) for
collaborative filtering, which combines collaborative filtering and content-based filtering methods to
improve coverage and diversity. Covington et al. [5] demonstrated the effectiveness of deep neural net-
works for large-scale recommendation tasks, specifically in the context of YouTube recommendations,
highlighting the importance of diverse recall strategies.

In the context of ranking, gradient boosting decision trees (GBDT) have emerged as a powerful
tool. Ke et al. [6] developed LightGBM, a highly efficient GBDT framework widely adopted for ranking
tasks in recommendation systems due to its speed and accuracy. Zhao et al. [7] emphasized the
significant improvements in recommendation precision and user satisfaction achieved by combining
multiple recall strategies with LightGBM for ranking.Ying et al. [8] further improved this approach
with graph-based embeddings to model complex item relationships and user interactions, providing a
more nuanced understanding of user preferences.

Deep learning architectures, such as Convolutional Neural Networks (CNNs) and Recurrent
Neural Networks (RNNs), have been utilized to process textual and visual content for content-based
recommendations. Lai et al. [9] demonstrated the effectiveness of CNNs in text classification tasks,
which can be adapted for processing product descriptions. Similarly, visual embeddings generated by
CNNs have been employed to recommend visually similar items [10] .

Attention mechanisms, as introduced by Vaswani et al. [11] in the Transformer model, have
further enhanced the capability of recommendation systems to focus on relevant parts of the input data.
Sun et al. [12] applied attention-based models in recommendation systems, showing improvements in
capturing user preferences and item features more effectively.

Graph-based convolutional networks have also been explored to simplify and enhance recommen-
dation models. He et al. [13] introduced LightGCN, which simplifies and powers graph convolution
networks for recommendations, providing better performance and scalability. Zhu et al. [14] explored
aligning books and movies, providing story-like visual explanations by watching movies and reading
books, demonstrating the potential of multimodal data integration in recommendation systems.
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In summary, our work builds upon these advancements by integrating Mult-Recall methods with
LightGBM Ranker, providing a comprehensive approach to product recommendation that addresses
the limitations of traditional methods and leverages the strengths of advanced machine learning
techniques.

3. Methodology

Using HM data, we developed an intelligent recommendation system. This system leverages mul-
tiple recall methods, including but not limited to popular product recall, repurchase recall, binaryNet
recall, ItemCF recall, and UserCF recall. These methods are enhanced with embedding feature learning
and feature engineering. Finally, we applied LightGBM for the ranking step, achieving excellent results.
The whole model ensemble pipeline is shown in Figure 1

Figure 1. The pipline of recommendation system

3.1. Data Preprocessing

Data preprocessing involves dividing the dataset into three groups: cg1 (customers with transac-
tions in the last 30 days), cg2 (customers without transactions in the last 30 days but with previous
transactions), and cg3 (customers with no transaction history). The preprocessing steps ensure that
each group is handled appropriately for the recall and ranking processes. For cg1 and cg2, we apply
multi-channel recall and subsequent ranking. For cg3, we focus on popular item recall without further
ranking. The preprocessing equations are as follows:

Dcg1 = {d | date(d) ≥ today − 30} (1)

Dcg2 = {d | date(d) < today − 30} (2)

Dcg3 = {d | d /∈ Dall transactions} (3)

Our model utilizes an end-to-end neural network (E2E NN) architecture designed to learn the
relationships between candidate items and transaction items. The architecture consists of several key
components, including an embedding layer, multiple recall channels, and a final ranking layer.

3.2. Embedding

Using the E2E NN method, we learn the learning indicators between candidate items and
transaction items. We compress relevant image features through PCA and use Deep Walk and
Word2Vec for graph embedding.
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3.2.1. PCA

Principal Component Analysis (PCA) is employed to reduce the dimensionality of the image
features extracted using EfficientNet. The PCA example is Figure 2.

Figure 2. The example of pca.

This reduction is essential for managing computational complexity and mitigating the curse
of dimensionality. The process begins by extracting high-dimensional image features using the
EfficientNet model:

Iitem = fE f f Net(imgitem) (4)

where imgitem is the raw image of the item, and Iitem represents the high-dimensional image features.
PCA is then applied to these features:

Pitem = fPCA(Iitem) (5)

Here, Pitem denotes the lower-dimensional representation of the image features, capturing the most
significant variance in the data while reducing noise and redundancy.

3.2.2. Deep Walk

Deep Walk is a graph-based embedding technique that leverages random walks to learn latent
representations of nodes in a graph. In our context, items are represented as nodes, and edges represent
the relationships or interactions between items. The example of deep walk is Figure 3.

Figure 3. The example of deep walk.

The Deep Walk algorithm performs truncated random walks to generate sequences of nodes,
which are then treated as sentences for training a Skip-gram model:

W = RandomWalk(Gitem) (6)

where Gitem is the item graph, and W represents the set of random walks. The Skip-gram model is
then trained to maximize the likelihood of observing context nodes given a target node:

max
θ

∑
w∈W

∑
−c≤j≤c,j ̸=0

log P(wt+j | wt; θ) (7)
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where wt is the target node, wt+j are the context nodes within a window size c, and θ represents the
model parameters. The output is a set of node embeddings:

EDeepWalk = fDeepWalk(Gitem) (8)

3.2.3. Word2Vec

Word2Vec is a natural language processing technique that creates word embeddings by training a
neural network to predict a word’s context given its current word in a sentence. We adapt Word2Vec to
create item embeddings by treating sequences of items as sentences. These sequences can be derived
from user transaction histories, where each transaction sequence represents a sentence. The Skip-gram
and CBOW model is show in Figure 4.

Figure 4. The skip-gram and CBOW model in word2vec.

The Skip-gram model is used to learn the item embeddings:

max
θ

∑
i∈D

∑
−k≤j≤k,j ̸=0

log P(it+j | it; θ) (9)

where it is the target item, it+j are the context items within a window size k, and θ denotes the model
parameters. The result is a dense vector representation for each item:

EWord2Vec = fWord2Vec(Titem) (10)

where Titem represents the item transaction sequences. The final embedding vector for each item is the
concatenation of the embeddings obtained from PCA, Deep Walk, and Word2Vec:

Eitem = [Pitem; EDeepWalk; EWord2Vec] (11)

This combined embedding captures various aspects of the item, including visual features, graph-based
relationships, and contextual usage patterns.

3.3. Feature Engineering

Feature engineering is a critical step in the machine learning pipeline, as it transforms raw data
into meaningful features that can improve the performance of predictive models. In this study, we
categorize the features into three main types: product features, user features, and contextual interaction
features.

3.4. Multiple Recall Mechanism

Our model employs a sophisticated multi-channel recall mechanism designed to enhance the
diversity and relevance of recommended items. This section outlines the various recall strategies
utilized in our approach, each contributing uniquely to the overall recall process. Each recall method
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retrieves a set of 100 candidate items per user, followed by post-filtering to remove duplicates and
ensure quality recommendations.

3.4.1. BinaryNet Recall

BinaryNet recall involves a binary classification model trained to predict the likelihood of a user
purchasing a specific item. The model outputs a score representing the purchase probability, which is
then used to rank and recall items for each user:

BinaryNet Scoreu,i = σ(W · Xu,i + b) (12)

where σ is the sigmoid function, W represents the model weights, Xu,i is the feature vector for
user u and item i, and b is the bias term.

3.4.2. Item-Based Collaborative Filtering (ItemCF) Recall

ItemCF recall utilizes item-item similarity to suggest items that are frequently purchased together.
The similarity between items is calculated using cosine similarity or Pearson correlation based on their
interaction histories:

Similarityi,j =
∑u(ru,i − r̄i)(ru,j − r̄j)√

∑u(ru,i − r̄i)2 ∑u(ru,j − r̄j)2
(13)

where ru,i and ru,j are the ratings given by user u to items i and j, respectively, and r̄i and r̄j are
the average ratings for items i and j.

3.4.3. User-Based Collaborative Filtering (UserCF) Recall

UserCF recall is based on identifying users with similar preferences and recommending items
that those users have interacted with. The similarity between users is calculated, and items liked by
similar users are recommended:

Similarityu,v =
∑i(ru,i − r̄u)(rv,i − r̄v)√

∑i(ru,i − r̄u)2 ∑i(rv,i − r̄v)2
(14)

where ru,i and rv,i are the ratings given by users u and v to item i, and r̄u and r̄v are the average
ratings for users u and v.

3.4.4. Word2Vec Content Recall

Word2Vec content recall generates item embeddings by treating sequences of items in user
transaction histories as sentences. These embeddings capture the contextual relationships between
items, allowing for the recommendation of items with similar contexts:

Ei = fWord2Vec(Ti) (15)

where Ti represents the transaction history involving item i, and Ei is the embedding for item i.

3.4.5. NLP Content Recall

NLP content recall involves processing textual descriptions of items using natural language
processing techniques. By embedding these descriptions, we can recommend items with similar
textual content to those the user has interacted with:

Etexti = fNLP(descriptioni) (16)

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 30 September 2024 doi:10.20944/preprints202409.2417.v1

https://doi.org/10.20944/preprints202409.2417.v1


7 of 9

Each recall method contributes a distinct perspective, ensuring a comprehensive and diversified
set of candidate items. After generating the recall lists, we apply post-filtering to remove duplicates,
ensuring that users receive unique and high-quality recommendations.

3.5. Ranking

The ranking phase is crucial for refining the list of candidate items generated during the recall
stage. Given the extensive use of multiple recall strategies, the ranking phase employs advanced
machine learning techniques to ensure the most relevant items are prioritized. We utilize LightGBM, a
gradient boosting framework that is highly efficient and effective for ranking tasks.

3.5.1. Ensemble Integration

To further enhance the ranking performance, we employ an ensemble method that combines the
outputs of multiple LightGBM models. The ensemble approach helps in leveraging the strengths of
each individual model, leading to improved generalization and robustness. The final ranking score for
an item is computed as a weighted average of the scores from the individual models:

Final Scorei =
N

∑
k=1

wk · fk(xi) (17)

where wk is the weight assigned to the k-th model, fk(xi) is the score from the k-th model, and N is the
number of models in the ensemble.

3.6. Loss Function

To train our model, we utilize both Binary Cross-Entropy Loss (BCELoss) and Dice Loss functions.
These loss functions help in optimizing the model’s prediction accuracy.

LBCE = − 1
N

N

∑
i=1

[yi log(pi) + (1 − yi) log(1 − pi)] (18)

LDice = 1 − 2 ∑N
i=1 yi pi

∑N
i=1 yi + ∑N

i=1 pi
(19)

The total loss function used in training is a weighted sum of these two loss functions:

Ltotal = αLBCE + βLDice (20)

4. Evaluation Metric

To evaluate the performance of our ranking models, we employ two key metrics: AUC (Area
Under the Curve) and F1-score. These metrics provide a comprehensive understanding of the model’s
ability to distinguish relevant items from irrelevant ones.

4.1. Area under the Curve (AUC)

AUC measures the model’s ability to rank positive instances higher than negative instances. It is
computed as the area under the Receiver Operating Characteristic (ROC) curve, which plots the true
positive rate against the false positive rate at various threshold settings. The AUC is defined as:

AUC =
∫ 1

0
TPR(t) dFPR(t) (21)

where TPR is the true positive rate and FPR is the false positive rate.
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4.2. F1-Score

The F1-score is the harmonic mean of precision and recall, providing a balance between these two
metrics. It is particularly useful in cases where there is an uneven class distribution. The F1-score is
defined as:

Precision =
TP

TP + FP
(22)

Recall =
TP

TP + FN
(23)

F1-score =
2 × Precision × Recall

Precision + Recall
(24)

where TP is the number of true positives, FP is the number of false positives, and FN is the number of
false negatives.

5. Experimental Results

The changes in the model training indicators are shown in Figure 5

Figure 5. AUC and F1-score change with epoch

As the epoch increases, the auc and f1-score indicators are gradually increasing. Finally, auc
reaches 0.722 and f1-score reaches 0.605.

The models were evaluated on test set, with performance measured by the metric we mentioned
before. The results are summarizedin Table 1:

Table 1. Performance Metrics.

Model AUC F1-score
XGBoost 0.671 0.562

XGBoost + NN + ensemble 0.689 0.581
Recbole + LSTM 0.702 0.601

Multi-Recall Methods + NN 0.710 0.591
Multi-Recall Methods + Lgbm Ranker 0.722 0.605

6. Conclusion

In conclusion, we developed an advanced recommendation system model using sophisticated
embedding techniques and multi-channel recall mechanisms. Our model outperformed baseline mod-
els in key performance metrics, demonstrating its effectiveness in enhancing the customer shopping
experience. Future work will focus on further optimizing the model and exploring additional features
to improve accuracy.
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