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Abstract  
E-commerce recommendation environments demand high adaptive intelligence capable of modeling complex 
user–item interactions, contextual variations, and large-scale retrieval efficiency. Existing approaches often rely on 
isolated collaborative filtering or deep learning (DL) models that struggle with scalability and dynamic preference 
shifts. Most models also fail to integrate contextual signals and reinforcement-driven optimization simultaneously. 
A unified intelligent framework is designed to enhance recommendation accuracy, scalability, and adaptive 
decision-making in large-scale e-commerce environments. A Graph-Attentive Reinforced E-Commerce Retrieval 
Framework (GARERF) is introduced, integrating graph neural representation learning, attention-based neighbor 
weighting, Approximate Nearest Neighbor (ANN)-based retrieval efficiency, and reinforcement learning-driven 
ranking optimization. The framework combines Graph Convolutional Attention Network (GCAN) for embedding 
generation, followed by ANN retrieval for candidate selection, and Double Deep Q-Network (DDQN) for dynamic 
ranking optimization. Multi-source e-commerce interaction datasets consisting of 12,000 records, utilized user 
clicks, purchase history, ratings, and contextual behavioral logs. Min–Max normalization is applied to ensure data 
consistency. User–item embeddings are derived using graph-based propagation and attention-weighted 
neighborhood aggregation. The graph module learns relational structures, the retrieval module efficiently filters 
candidates, the reinforcement module optimizes ranking decisions through reward feedback, and the fusion 
module integrates contextual signals. Python, PyTorch, GCAN libraries, ANN indexing, and reinforcement learning 
toolkits were implemented in this research. Experimental results demonstrate a precision of 0.93, a recall of 0.85, 
and a Click-Through Rate (CTR) of 0.30. The integrated framework demonstrates strong adaptability, scalability, 
and intelligent decision capability for complex e-commerce environments. 
 
Keywords: Graph Neural Network, Attention Mechanism, Reinforcement Learning, Recommendation System, 
Approximate Nearest Neighbor, E-commerce Intelligence. 
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1. Introduction 
Modern retail has been changed by reach of digital platforms and e-commerce. They provide an accessible 
means through which consumers can shop online, and thousands of products are available for them to 
purchase. Users can also engage in data-based decision-making [1]. The advancements in mobile and web 
technologies, which provide for many new functions/systems available to consumers, include visual search 
using an image through the camera of a mobile device. Logistic systems also allow users to make purchase 
decisions based upon increased quantities of orders with the use of predictive analytics and optimized re-
supply strategies [2]. By using more advanced distribution facilities, this helps increase operational efficiency. 
Research has assessed Internet of Things based wireless sensor networks, decision support systems, and 
behavior analytics in addition to these improved features and efficiency. These developments have improved e-
commerce environments' efficiency, sustainability, and personalization [3]. These technologies—deep learning, 
machine learning, and artificial intelligence—are necessary to improve the performance of contemporary e-
commerce recommendation systems. By moving away from conventional collaborative filtering methods and 
toward more complex and efficient use of ML- and hybrid-based models for improving personalization and 
decision-making processes, AI-based recommender systems significantly increase their value to end users. 
Techniques based on DL are frequently utilized for session-based recommendation systems for the purpose of 
understanding recent user interactions and predicting future item interactions [4]. Furthermore, complex 
relationships between users and items are modeled using new DL technologies like Transformer Models, 
Graph-based Learning, and Multimodal Models, while technologies like NLP and Emotion Recognition enhance 
our comprehension of users' preferences and emotions regarding those preferences [5]. However, e-commerce 
platforms continue to encounter a number of challenges. Recommendation systems' capacity to offer reliable 
suggestions for new users with lack of engagement history is still hampered by complications with cold starts 
and data sparsity [6]. Visual search solutions can be highly useful, but they typically have issues with scalability 
and provide insufficient user behavior information. Other problems that many recommendation systems 
encounter include information overload, rapidly changing preferences, and inconsistent performance across 
different datasets and situations [7].Although contextual and temporal-session data are used by cold-start and 
similarity-based approaches to lessen the detrimental effects of cold starts, future improvements are required 
to increase these recommendation methods' capacity to accurately model long-term user intentions and real-
time behavior changes toward items [8]. 
 
Research aim: By combining GCAN, ANN search, and DDQN for user-item personalization and decision making, 
this research focuses on developing an effective and scalable e-commerce recommendation framework called 
GARERF, which can provide accurate recommendations while achieving high real-time retrieval efficiency and 
can be adaptive to rank the recommended results. 
 
Research organization: The history and objectives of e-commerce retrieval systems are explained in Section 
1, Background and Motivation of E-Commerce Retrieval Systems. Section 2 reviews the literature on deep 
learning techniques, graph-based recommendation, collaborative filtering, and reinforcement learning 
techniques. GCAN is used for feature extraction, ANN is used for retrieval, and DDQN is used for ranking 
optimization in the suggested GARERF framework covered in Section 3. Section 4 discusses the findings and 
how they compare to other approaches and performance indicators for performance analysis. A summary of 
the findings and future research are provided in Section 5. 
 

2. Related work 
Multiple recent research on e-commerce recommendation systems are summarized in Table 1 and their 
objectives, methods, results, and limitations are discussed. It contains various techniques including clustering, 
DL, reinforcement learning, sentiment analysis, and image retrieval. In general, these works aim at enhancing 
the accuracy of the recommendations, scalability, personalization and efficiency of the systems, as well as tackle 
issues such as cold-start, data sparsity and large-scale deployment. 
 
Table 1: Previous research on E-Commerce Retrieval 

Ref. 
No 

Research Aim Techniques Experimental Results Limitations 
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[9] Improve e-commerce 
recommendation 
systems by resolving 
data sparsity challenges. 

Ordered Clustering-based 
Algorithm with collaborative 
filtering and user similarity-based 
clustering 

The Ordered Clustering-based 
Algorithm performs greater than 
current techniques for precision, 
recall, and F-measure.  

Data sparsity and 
cold starts; future 
research on 
scalability and 
dynamic user 
behavior 

[10] Improve user 
experience and 
engagement in large-
scale e-commerce 
recommendation 
systems. 

Collaborative filtering, Bayesian 
Personalized Ranking, Light 
Gradient Boosting Machine, and 
Deep Neural Networks (DNN) are 
all used in this hybrid 
recommendation system. 

For the top 50 recommendations, 
LightGBM outperforms DNN with 
greater Mean Average Precision at 
K and Mean Average Recall at K 
scores. 

Challenges in 
scalability, cold-start 
handling, and 
personalization in 
large datasets 

[11] Improve 
recommendation 
accuracy using user 
sentiment and feedback 

A hybrid system that combines 
collaborative filtering with 
sentiment analysis based on Long 
Short-Term Memory  

Improved recommendation 
performance and user satisfaction 
over traditional methods 

Limited scalability; 
need sentiment 
analysis and 
advanced contextual 
models 

[12] Improve product 
recommendation using 
image-based retrieval 
for large-scale e-
commerce platforms. 

Hierarchical commodity 
classification with Content-Based 
Image Retrieval (CBIR) 

High recommendation accuracy 
and effective visual feature-based 
retrieval 

Difficulty handling 
large-scale image 
datasets; need for 
better feature 
extraction and 
multimodal 
integration 

[13] Analyze the impact of AI 
-based recommendation 
systems in e-commerce 
using research trends. 

Bibliometric analysis of AI and 
recommender system literature 

97.16% growth in research; China 
and India lead in publications and 
citations 

suggests future work 
in image retrieval 
and knowledge 
graphs 

[14] Enhance e-commerce 
entity recognition with 
cutting-edge NLP 
techniques 

Named Entity Recognition model 
based on a bidirectional LSTM + 
Convolutional Neural Network  

Accuracy: 96.20%, 92.90% for 
CoNLL-2003 dataset, 
outperforming existing methods 

Future work includes 
multilingual and 
transformer-based 
models 

[15] Enhance the security of 
e-commerce 
transactions against 
cyberattacks 

ElGamal encryption combined 
with autoencoder-optimized 
discrete cosine transform and 
least significant bit steganography  

Peak Signal-to-Noise Ratio, 
Structural Similarity Index 
Measure, and entropy are 
indicators of strong security and 
image quality. 

High computational 
cost; needs better 
scalability and 
resistance to 
advanced attacks 

[16] Boost user interaction 
on e-commerce 
platforms and enhance 
tailored product 
recommendations. 

Model of Deep Neural 
Collaborative Filtering (DNCF)  

Effective suggestions are shown by 
Precision of 0.85, Recall of 0.78, 
and CTR of 0.12.  

Data quality issues, 
scalability 
limitations, and the 
need for better 
generalization 

 
Research gap: The current systems employed by most e-commerce applications for generating 
recommendations such as the DNCF have limitations in scalability, user-item relationship complexity, cold start 
problem, and dynamics in user behavior. Such systems rely on dense interaction datasets and fail to retrieve 
the relevant items in an efficient manner, therefore increasing computing costs and decreasing real-time 
performance. Through the use of GCAN, ANN, and DDQN, the proposed GARERF is able to solve these problems. 
 

3. Methodology of Proposed GARERF 
The proposed GARERF framework first preprocesses multi-source e-commerce interaction data using 
normalization and feature engineering to ensure consistency. It then employs a GCAN to learn user–item 
embeddings by capturing structural relationships and contextual dependencies. ANN retrieval is applied to 
efficiently select top-k candidate items from large-scale product catalogs. Lastly, as shown in Figure 1, a DDQN 
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is utilized to enhance ranking decisions based on incentive feedback, generating highly relevant and adaptive 
suggestions. 

 
Figure 1: Methodology of the proposed model 
 
3.1 Data description 
An open-source dataset provided the information for the research to create an e-commerce recommendation 
engine (https://www.kaggle.com/datasets/colabsss/e-commerce-intelligence-data)designedfor analysis and 
recommendation performance. This collection includes user data, product attributes, session activity logs, 
engagement signals, contextual shopping conditions, relationship-based scores, ranking indicators, retrieval 
response behavior, and final recommendation decision outcomes. The dataset's 12,000 entries include a wide 
range of user-item interactions in different settings. 30% of the dataset is used for testing, while the remaining 
70% is used to train the model. 
3.2 Data Preprocessing using Min-Max Normalization 
The normalization strategy is the process of rescaling numbers to fit inside a given range while preserving their 
relationship to one another. Scalability inequalities that arise while working with many data sources in e-
commerce systems are addressed by it. Improved embedding and reliable and efficient learning algorithm 
training are the outcomes of rescaling. 

𝑈′ =  
𝑢−𝑚𝑖𝑛

𝑚𝑎𝑥−𝑚𝑖𝑛
 (𝑁𝑒𝑤_𝑚𝑎𝑥 − 𝑁𝑒𝑤_𝑚𝑖𝑛)_𝑁𝑒𝑤_𝑚𝑖𝑛  (1) 

The normalized value of the initial user or feature value after scaling is represented by 𝑈′ in equation (1). The 
original input data value is indicated by 𝑢, while the dataset's minimum and maximum values for that feature 
are represented by the terms 𝑚𝑎𝑥 𝑎𝑛𝑑 𝑚𝑖𝑛. The intended scaling range is defined by 𝑁𝑒𝑤_𝑚𝑖𝑛 and 𝑁𝑒𝑤_𝑚𝑎𝑥. 
3.3 User–Item embedding using GCAN 
Embedding-based learning using graphs captures user-item relations by linking nodes. This approach derives 
embeddings for users and items by sharing information across nodes. Attention models allow nodes to 
prioritize interactions differently. The goal is to create embeddings that reflect both the graph's structure and 
the behavioral context of users/items. Applying a sparsity constraint enhances efficiency by minimizing 
unnecessary node interactions. 
𝑍′ =  𝑅𝑒𝐿𝑢(𝑊𝑧𝑍)  ∈ ℝ𝑑×𝑇   (2) 
𝑄 =  𝑠𝑖𝑔𝑚𝑜𝑖𝑑(𝑊𝑔𝑍) ∈ ℝ𝑑×𝑇  (3) 

𝐿𝑠𝑝𝑎𝑟𝑠𝑖𝑡𝑦(𝑠, 𝜖) =   ‖
1

𝑇
  ∑ 𝑠𝑖 − 𝜖𝑇

𝑖=1 ‖
2

 (4) 

In the given equations (2-4), 𝑍 represents the input feature matrix of user–item interactions, where each 
column corresponds to an embedding vector of dimension 𝑑 over 𝑇 nodes. 𝑍′ denotes the transformed 
embedding output obtained after applying a linear transformation using the weight matrix 𝑊𝑧 , followed by the 
ReLU activation function, where 𝑅𝑒𝐿𝑈(⋅)introduces non-linearity and helps in learning complex interaction 
patterns, and ℝ denotes a real-valued matrix with 𝑑rows and 𝑇 columns. 𝑄 represents an attention or gating 
matrix generated using a sigmoid activation function applied on the transformed features through weight 
matrix 𝑊𝑔, where 𝑠𝑖𝑔𝑚𝑜𝑖𝑑(⋅) scales values between 0 and 1 to indicate importance scores of features or 

neighbors. The term 𝐿𝑠𝑝𝑎𝑟𝑠𝑖𝑡𝑦(𝑠, 𝜖) denotes a sparsity regularization loss, where 𝑠𝑖  represents individual 

attention scores, 𝜖 is a small threshold controlling sparsity, and ∑  𝑇
𝑖=1  denotes summation over all elements 

from 1 to 𝑇. 
3.4 ANN-Based Candidate Retrieval 
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For parameters of e-commerce recommendations, the suggested GARERF framework employs k-nearest 
neighbor (k-NN) retrieval to identify the top-k relevant products for a user from a sizable library of product 
embeddings. The user question is generated using graph-attentive embedding learning, and the distance or 
similarity between the user and products is computed using cosine or Euclidean distance. For efficient 
candidate retrieval in large-scale e-commerce systems, ANN search tactics can be used in place of precise 
retrieval techniques. ANN can increase retrieval efficiency, however it cannot pinpoint the exact nearest 
neighbor candidates. However, it produces a candidate set that is sufficiently near to the actual closest neighbor 
to enable further ranking refining through the use of reinforcement learning techniques. 
3.5 DDQN-Based Ranking Optimization 
By learning rules that maximize long-term rewards, DDQN, an advanced reinforcement learning technique, 
promotes sequential decision-making. It is used by large-scale e-commerce recommender systems to improve 
suggestions depending on user input, including clicks and purchase activity. The ultimate objectives are to 
match user interests and progressively increase enjoyment. 

𝑌𝑡
𝐷𝐷𝑄𝑁  =  𝑟 +  𝛾 

𝑚𝑎𝑥

𝑎′
 𝑄(𝑠′ , 𝑎𝑟𝑔 

𝑚𝑎𝑥

𝑎′
 𝑄(𝑠′ , 𝑎′ , 𝜃), 𝜃̀) (5) 

In equation (5), 𝑌𝑡
𝐷𝐷𝑄𝑁  represents the target Q-value used for training the reinforcement learning model. The 

term 𝑟 is the instant reward in the current state, while 𝛾 the discount factor that establishes the relative 
relevance of future rewards vs immediate rewards, 𝑠′ represents the next state after performing an action, 𝑎 ′ 
denotes possible actions available in that next state, and 𝑚𝑎𝑥 determines the maximum Q-value among all 
potential future recommended actions. The function 𝑄(𝑠′,  𝑎′, 𝜃) is the action-value function parameterized by 
𝜃, which estimates the expected cumulative action 𝑎′ in state 𝑠′. The expression 𝑎𝑟𝑔 𝑚𝑎𝑥𝑎′ 𝑄(𝑠′,  𝑎′, 𝜃) selects 

the action that maximizes the Q-value in the next state using the current network, while 𝑄(𝑠′,⋅, 𝜃̀) uses a target 

network with parameters 𝜃̀ to stabilize training by reducing overestimation bias. 

Algorithm 1: Graph-Attentive Reinforced E-Commerce Recommendation Framework (GARERF) 

Input: 
    D → E-commerce dataset, k → Number of nearest neighbors, γ → Discount factor for reinforcement learning 
    θ, θ⁻ → Online and target network parameters, MaxIter → Maximum training iterations, N → Number of 
users/items 
Output:  O → Final ranked recommendation list 
Begin 
1. Load dataset D 
2. Data Preprocessing (Min–Max Normalization): 
  For each feature F in D do: 
       Normalize F into a fixed range using Min–Max scaling 
    End For 
    Handle missing values and ensure feature consistency. 
3. User–Item Embedding Generation (Graph-based Learning): 
    Construct a user–item interaction graph G 
    Initialize embedding matrix Z 
For each node in G do: 
        Compute 𝑍′ =  𝑅𝑒𝐿𝑢(𝑊𝑧𝑍) 
        Compute attention weights 𝑄 =  𝑠𝑖𝑔𝑚𝑜𝑖𝑑(𝑊𝑔𝑍)         

Apply sparsity constraint to reduce redundant connections 
    End For 
    Obtain final embeddings Z.' 
4. ANN-Based Candidate Retrieval: 
    For each user embedding q do: 
        Compute similarity between q and all item embeddings 
        Use ANN indexing for fast search 
        Retrieve top-k candidate items 
    End For 
5. DDQN-Based Ranking Optimization: 
    Set the target values to their initial values.  
For every training session, do: 
        Observe states 
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        Use an ε-greedy policy to choose action a. 
        Take action and watch for the prize. 
        Look at the following state s'         
Compute target: 

           𝑌𝑡
𝐷𝐷𝑄𝑁  =  𝑟 +  𝛾 

𝑚𝑎𝑥

𝑎′
 𝑄(𝑠′ , 𝑎𝑟𝑔 

𝑚𝑎𝑥

𝑎′
 𝑄(𝑠′ , 𝑎′ , 𝜃), 𝜃―)   

        Update network parameters θ using loss minimization 
        Periodically update θ⁻ ← θ 
    End For 
6. Generate Final Recommendation: 
    Combine ANN-retrieved candidates with DDQN ranking scores 
    Sort items in descending order of score 
    Output top-N recommendations O 
End 

Algorithm 1 first preprocesses the e-commerce dataset using Min–Max normalization to ensure all features are 
on a uniform scale. It then learns user–item embeddings using a graph-based attention mechanism that 
captures structural and contextual relationships. ANN-based retrieval is applied to efficiently generate top-k 
candidate items from large-scale product data. Finally, a DDQN model optimizes the ranking of these candidates 
using reward feedback from user interactions to produce the final recommendations. 
 

4. Results and discussion 
In this part, the experimental analysis of the proposed GARERF is described. A comparison between the 
suggested method and the current baseline model, DNCF, is carried out [16]. Metrics like Precision, Recall, and 
CTR are used to evaluate user engagement and suggestion accuracy. DL frameworks like PyTorch and toolkits 
for reinforcement learning and graph learning are used in every research. 
4.1 Recommendation Stability and Optimization Analysis: Figure 2 explores multidimensional ranking and 
recommendation behaviors via sequential scoring and density-based evaluation measures. The first graph in 
Figure 2 (a) depicts that recommendation consistency measures stay constant with values of 0.54 to 0.57, 
whereas ranking stability measures range between 0.52 and 0.55. Preference variation scores stay low 
(between 0.35 and 0.45) with occasional spikes around 0.48, showing controlled variance and stable ranking 
adjustments. Figure 2(b) describes the distribution of the cumulative contribution of rankings from 1 to 100 in 
terms of uniformly weighted contributions with individual values in the range 0.2 to 0.5 with overall 
contribution reaching 2.0. Figure 2 (c) the probability density distributions of recommendation stability scores 
show peaks of recommended categories between 0.75 and 0.85, not recommended between 0.35 and 0.45, and 
moderate classes between 0.50 and 0.70.  

 
Figure 2: Analysis of (a): Recommendation stability variation analysis; (b): Candidate contribution 
distribution analysis; (c): Recommendation confidence separation analysis. 
 
The following graph in Figure 3 is a regression-based analysis on the metrics of ranking and allocation 
optimizations based on their correlations and density. As depicted in Figure 3(a), the values of recall for 
candidates with scores varying from 0.25 to 0.85 are highly positively correlated with the values of ranking 
confidence with values from 0.20 to 0.80. The regression trend shows an increasing proportionality 
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relationship with the densest samples lying at the interval of 0.45–0.65 of recall and confidence. The graph of 
allocation weight vs. normalized recommendation score, as shown in Figure 3(b), reveals that the densest 
allocation weights and normalized recommendation scores are distributed around 0.40–0.60 and 0.45–0.65 
respectively. The densest distribution has higher intensity above 15, whereas lower dense regions have a low 
intensity of below 5. 

 
Figure 3: Analysis of (a): Recall and confidence correlation analysis; (b): Recommendation allocation 
optimization analysis. 
 
4.2 Evaluation of metrics 
Accuracy: The number of pertinent items that are suggested to a user in relation to all recommended items is 
known as accuracy. It lessens the frequency of suggestions that are unrelated by reflecting the relevance of the 
proposed goods. 
Recall: The percentage of relevant objects that are effectively recalled in comparison to all relevant items is 
known as recall. This measure evaluates how well a system locates every chance for a user to get a 
recommendation. 
Click-Through Rate (CTR): This measure shows how many of the user's suggested items are clicked. Put 
differently, CTR can be interpreted as a measure of user involvement. 
4.3 Performance evaluation 
An experimental dataset from Sales Data Analysis was used to train the proposed GARERF model [16]. Order 
Date, Order ID, Product, Product European Article Number, Category, Purchase Address, Quantity Ordered, Price 
Each, Cost Price, Turnover, and Margin are just a few of the data types included in this collection. The 
performance comparison between the suggested GARERF model and the baseline DNCF model [16] is displayed 
in Table 2 and Figure 4. Table 2 shows that the suggested GARERF model provides better Precision and Recall 
scores of 0.90 and 0.80 with an enhanced CTR score of 0.25. As a result, it displays increased user engagement 
and suggestion relevancy. Simply put, the findings demonstrate that the recommended GARERF model 
performs better than the DNCF model, which is the existing baseline approach. 
 
Table 2: Performance evaluation of the proposed model trained on the existing dataset 

Metrics Precision Recall CTR 
DNCF [16] 0.85 0.75 0.12 
GARERF [Proposed] 0.90 0.80 0.25 
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Figure 4: Graphical presentation of the proposed training in the existing model 
 
The planned GARERF and existing DNCF [16] models are based on the e-commerce intelligence collection, 
which includes user-item interactions, behavioral patterns, and recommendations. The proposed GARERF 
models and the existing DNCF are compared in Table 3 and Figure 5 [16]. The results above demonstrate that 
the suggested GARERF model improves CTR of 0.30 and provides the best precision of 0.93 and recall of 0.85. 
Therefore, the suggested GARERF model excels the current model in terms of suggestion efficiency and quality.  
 
Table 3: Comparison of existing and proposed models trained on the e-commerce-intelligence-dataset 

Metrics Precision Recall CTR 
DNCF 0.87 0.78 0.15 
GARERF [Proposed] 0.93 0.85 0.30 

 
Figure 5: Representation of existing trained in the proposed model 
 
The shortcomings in the existing recommendation systems for E-commerce include lack of scalability, 
ineffective identification of associations between users and items, cold-start problem, and poor adaptability. 
The methods used are dependent on dense interaction data and are not effective in real-time search in large 
databases. However, the proposed GARERF system solves all these limitations with the use of GCAN for effective 
feature learning, ANN for scalable candidate generation and DDQN for ranking optimization. 
 

5. Conclusion 
It is noteworthy that the presented framework for e-commerce retrieval effectively combines the ranking via 
reinforcement learning, the ANN-based candidates' retrieval mechanism, and the graph embedding learning 
technique. The experimental section demonstrates that the procedure, which is activated in Python using DL 
libraries, produces the following values: precision of 0.93, recall of 0.85, and CTR of 0.30. However, there are 
certain disadvantages to the technique being studied, such as the need for high-quality interaction data, 
increased processing costs due to the integration of multiple components, and a decline in the interpretability 
of DL and RL modules. Future research should focus on constructing lightweight models, increasing efficiency, 
real-time processing, and interpretability. 
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