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Advanced graph models, including Graph Convolutional Networks (GCNs) and Graph Attention Networks
(GATs), have demonstrated their effectiveness in capturing intricate user-item interactions. However, their
integration into Deep Reinforcement Learning (DRL)-based Recommender Systems (RSs) remains relatively
underexplored. To address this gap, we propose PGA-DRL, a Progressive Graph Attention-Based DRL model that
incrementally fuses GCN and GAT representations via concatenation, effectively combining their complementary
strengths to enhance feature representation within an Actor-Critic (AC) framework. This progressive integration
refines both global and localized user-item interaction patterns, Specifically, global patterns capture broader user
preferences across the entire graph, and localized patterns focus on specific, detailed interactions between closely
connected nodes, enabling a more comprehensive understanding of the recommendation environment. We
evaluate our approach using extensive experiments on multiple benchmark datasets, including ML-100K, ML-1M,
Amazon Subscription Boxes, Amazon Magazine Subscriptions, and ModCloth, employing standard ranking
metrics such as Precision@10, Recall@10, NDCG@10, MRR@10, and Hit@10. The experimental results reveal
that PGA-DRL outperforms state-of-the-art baselines, such as BPR, NeuMF, and SimGCL, achieving improvements
in NDCG@10 and Recall@10. Our core contributions lie in bridging graph-based learning with reinforcement
learning through a novel, efficient, and scalable fusion mechanism that enhances recommendation accuracy and
ultimately improves user satisfaction. The source code for PGA-DRL is publicly available at https://github.com/
RS-Research/PGA-DRL to enhance transparency and facilitate future research.

evolved from traditional Collaborative Filtering (CF) [20,23] and
Content-Based Filtering (CBF) [24] approaches to more advanced

1. Introduction

RSs are pivotal in delivering personalized content across various
domains, including e-commerce [1-4], entertainment [5-9], social
networks [10-12], healthcare [13-15], and digital news platforms
[16-18]. By analyzing user behaviors and preferences, these systems
aim to provide accurate and relevant suggestions, thereby enhancing
user experience and engagement [19-22]. Over the years, RSs have
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methods that leverage Deep Learning (DL) and graph-based models.
Notably, graph-based models like GCNs and GATs have emerged as
powerful tools for capturing complex relational structures within
user-item interaction graphs, leading to improvements in recommen-
dation accuracy and diversity [25-28]. These graph-based models have
also found applications in various other domains [29-33].
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Despite these advancements, effectively integrating GCNs and GATs
into DRL-based RSs remains a significant challenge [34,35]. DRL ap-
proaches, particularly those employing AC frameworks, have shown
promise in optimizing long-term user satisfaction by modeling the
recommendation task as a sequential decision-making problem [36,37].
However, the incorporation of graph-based models within these
frameworks is still underdeveloped. Current methods often treat GCNs
and GATs independently, failing to exploit their complementary
strengths in capturing both global and localized user-item interactions.
This oversight leads to suboptimal representations and limits the
model’s ability to fully comprehend the complex and dynamic nature of
user preferences [38,39].

Also, hybrid and fusion methods have emerged to integrate multiple
recommendation techniques, leveraging the strengths of different ap-
proaches to build more robust models [40-43]. In this approach, moti-
vated by the need for a more adaptive and progressive integration of
GCNs and GATs within DRL frameworks, we propose a novel method
that addresses these limitations while maintaining computational effi-
ciency [44,45]. Existing fusion strategies typically rely on complex
attention mechanisms or weighted sums, which, although powerful, can
introduce unnecessary computational complexity [34,46]. Moreover,
these approaches do not leverage the progressive refinement of
user-item embeddings across multiple GNN layers—a process that could
significantly enhance both accuracy and scalability [47-49].

In this paper, we introduce PGA-DRL for RSs, which progressively
integrates the outputs of GCNs and GATs through a straightforward
concatenation approach within an AC framework. By leveraging the
global structural information captured by GCNs and the localized
attention provided by GATs, our model refines user-item interaction
representations across multiple layers. This progressive fusion enables
the capture of both coarse-grained and fine-grained interaction patterns,
leading to a more comprehensive understanding of user preferences.
Embedding this progressive learning process within the AC framework
allows the model to continuously improve its recommendation policy,
resulting in more accurate and diverse recommendations over time.

To validate the effectiveness of PGA-DRL, we conducted several ex-
periments on multiple benchmark datasets. Also, we evaluated the
model using several ranking metrics. Our results demonstrate the im-
provements over state-of-the-art baseline methods. These improvements
underscore the advantages of progressive GCN-GAT fusion in capturing
diverse user-item interactions.

The remainder of this paper is structured as follows: Section 2 re-
views related work on graph-based RSs, DLR, and fusion mechanisms. In
Section 3, we present the architecture of our proposed method. Section 4
discusses the experimental results and discussion. Finally, Section 5
concludes the paper.

2. Related work

RSs have transitioned from traditional methods, such as CF and CBF,
to more sophisticated approaches that leverage DL and graph-based
models [50,51]. These modern systems aim to capture intricate pat-
terns in user-item interactions and deliver highly personalized recom-
mendations [52]. Despite significant advancements, effectively
integrating graph-based models, particularly GCNs and GATs, within
DRL frameworks remains a considerable challenge [53,54].

2.1. GNN-Based RSs

Graph Neural Networks (GNNs), including GCNs and GATs, have
emerged as powerful tools for modeling complex user-item interactions,
as they can capture higher-order relationships through graph structures
[55]. GCNs propagate and aggregate features uniformly from neigh-
boring nodes, making them well-suited for capturing global structural
patterns in user-item bipartite graphs [56-58]. Early extensions, such as
GC-MC and PinSage, applied these principles to recommendation tasks,
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embedding users and items into a shared latent space to improve
recommendation quality [59-62]. Recent advancements, including
Neural Graph Collaborative Filtering (NGCF) and LightGCN, have
refined message-passing techniques to enhance scalability and accuracy,
with LightGCN simplifying the architecture for computational efficiency
[63-66].

In contrast, GATs introduce attention mechanisms to assign different
importance to neighbors, enabling the model to focus on localized,
context-specific interactions [67-69]. This selective attention is partic-
ularly effective in sparse or noisy environments, allowing GATs to cap-
ture fine-grained interaction patterns [70,71]. However, most existing
GCN- and GAT-based RSs operate in isolation, limiting their ability to
leverage both global and localized patterns simultaneously. The need for
efficient fusion mechanisms that integrate these complementary
strengths remains a key research challenge. In our framework, ‘global’
refers to structural patterns learned through uniform neighborhood
aggregation (e.g., user communities), while ‘local’ denotes
context-specific interactions inferred via attention (e.g., a user’s
short-term preferences).

2.2. DRL-Based RSs

DRL has gained traction in RSs due to its ability to optimize long-
term user satisfaction by framing recommendation tasks as sequential
decision-making problems. These methods commonly employ frame-
works such as the Markov Decision Processes (MDPs) to model the dy-
namic nature of user preferences over time [53,54]. The AC framework
is widely used in DRL, where the Actor selects actions (recommenda-
tions), and the Critic evaluates their long-term impact, enabling iterative
policy refinement [36].

While approaches like Deep Q-Networks (DQNs) and its variants (e.
g., A3C) have shown promise, they often struggle to capture the rela-
tional structure of user-item interactions. Recent efforts, such as GCN-
DQN, have integrated GNNs into DRL frameworks to combine graph-
based learning with sequential decision-making. However, these
methods do not effectively exploit the complementary strengths of GCNs
and GATs, and their reliance on complex attention mechanisms often
result in increased computational overhead [53,59]. Therefore, there is
still a critical need to develop scalable and efficient fusion strategies that
integrate graph-based learning into DRL frameworks.

To address these challenges and effectively harness the combined
advantages of GCNs and GATs within DRL, we propose a novel frame-
work, Progressive Graph Attention-based DRL (PGA-DRL). This frame-
work leverages progressive refinement through a specific concatenation-
based fusion, enabling the capture of both global and localized inter-
action patterns while maintaining computational efficiency and scal-
ability. Specifically, PGA-DRL iteratively updates user and item
embeddings by concatenating the outputs of GCN and GAT layers at
each step. This process allows the model to progressively integrate
global structural information with context-specific interactions.
Compared to existing methods, this approach provides a more concise
and effective fusion strategy, setting a new benchmark for fusion-based
RSs and offering an adaptable solution to the identified challenges.

Recent studies increasingly highlight the importance of robustness in
RSs, particularly when dealing with heterogeneous multi-behavior
interaction data. For instance, Chen, Ma, Zhang, Wang, He, Wang, Liu
and Ma [72] proposed Graph Heterogeneous Collaborative Filtering
(GHCF), which explicitly leverages heterogeneous user-item in-
teractions through GCNs. Their approach providing robust performance,
particularly for cold-start users, by capturing high-hop structural in-
formation. Yang, Huang, Xia, Liang, Yu and Li [73] developed the
Multi-Behavior Hypergraph-enhanced Transformer (MBHT), which
robustly captures both short-term and long-term dynamic dependencies
across diverse user behaviors. MBHT significantly improves recom-
mendation quality under varying data distributions and interaction
sparsity scenarios. Additionally, Xu, Wang, Wu, Song, Zheng, Wang,
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Wang, Zhou and Gai [74] introduced a robust Multi-behavior Self--
supervised Learning (MBSSL) framework employing adaptive optimi-
zation to address the data sparsity and noisy interactions typical in
real-world scenarios. This method demonstrates consistent robustness
against sparse and noisy interaction data.

3. Methodology

In this section, we present the architecture of the proposed PGA-DRL
method. The design builds on the AC framework, augmented by a pro-
gressive fusion of GCNs and GATs. This hybrid approach enables the
model to simultaneously capture global and localized interaction pat-
terns in the user-item graph. Additionally, the AC framework allows the
system to optimize long-term user satisfaction by learning from dynamic
user preferences. Fig. 1 provides an overview of the architecture and
workflow of AC-based recommendation methods.

3.1. Overview of the PGA-DRL architecture

The proposed PGA-DRL model addresses key limitations in existing
RSs by integrating GCNs and GATs within an AC framework. Specif-
ically, it tackles the challenges of capturing global and local interaction
patterns simultaneously. To achieve this, the model progressively refines
user-item embeddings through a layer-wise fusion process that combines
the strengths of GCNs and GATs.

GCNs aggregate structural information uniformly from neighboring
nodes, emphasizing global patterns across the interaction graph. In
contrast, GATs dynamically assign importance to different neighbors,
focusing on contextually relevant interactions. These outputs are
incrementally combined at each layer by concatenating the embeddings
from both networks and adaptively weighting them using learnable
parameters. During training, these parameters are optimized through
backpropagation, ensuring that the fusion process prioritizes the most
relevant features based on the recommendation scenario. This progres-
sive refinement generates embeddings that balance global context and
local precision, offering a holistic understanding of user preferences and
item characteristics.

3.1.1. Necessity of the AC framework

The AC framework plays a critical role in optimizing long-term user
satisfaction by separating the decision-making process into two com-
ponents: the Actor and the Critic. This separation allows for a dynamic
approach to recommendation. Specifically, the Actor selects recom-
mendations based on the current state of user-item embeddings, while
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the Critic evaluates these recommendations by estimating their long-
term impact on user satisfaction. Consequently, this structure enables
dynamic policy refinement, allowing the model to effectively balance
exploration (discovering new items) and exploitation (recommending
familiar preferences)—a fundamental requirement for sequential
decision-making in RSs.

Achieving this balance between exploration and exploitation pre-
sents a significant challenge in RSs, largely due to the evolving nature of
user preferences. Users’ interests are not static and can shift over time,
necessitating a system that can adapt without becoming overly
specialized or predictable. To illustrate, consider an e-commerce sce-
nario. Exploration might involve recommending novel products based
on emerging trends, perhaps identified through recent surges in searches
or purchases. Simultaneously, exploitation ensures the system remains
aligned with the user’s established preferences, such as frequently pur-
chased categories. By leveraging this dual mechanism, the AC frame-
work can dynamically adapt to both individual user behavior and
broader market trends, ultimately ensuring sustained user engagement
and satisfaction.

3.1.2. Integration of GCNs and GATs within the AC framework

The integration of GCNs and GATs within the AC framework is a
distinguishing feature of PGA-DRL. GCNs aggregate uniform informa-
tion from neighboring nodes, capturing the broader structure of user-
item interaction graphs, while GATs selectively focus on the most rele-
vant neighbors through attention mechanisms. By combining these
outputs through a layer-wise fusion process, the model ensures that both
global and local patterns are effectively represented.

This fusion process involves concatenating the embeddings gener-
ated by GCNs and GATs at each layer, followed by the application of
adaptive weights that are optimized during training. These weights
allow the model to dynamically prioritize either global patterns,
captured by GCNs, or localized interactions, captured by GATs,
depending on the underlying data characteristics. For example, in sce-
narios with sparse user-item interactions, the model might emphasize
GAT embeddings to effectively capture nuanced relationships.
Conversely, in dense graphs, GCN embeddings may play a more signif-
icant role in the proposed fusion approach. This adaptive approach re-
sults in contextually relevant representations, thereby empowering the
Actor to make better-informed recommendations while the Critic to
accurately evaluate their effectiveness. An overview of the PGA-DRL
method is provided on Fig. 2.
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Fig. 1. A general diagram of AC-based RS.
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Fig. 2. An overview of the proposed method architecture.

3.1.3. Empirical evidence supporting the AC framework

The effectiveness of the AC framework is supported by extensive
empirical evaluations. Specifically, experimental results demonstrate
that incorporating the AC framework leads to significant improvements
in key recommendation metrics, such as NDCG@10 and Recall@10,
across a range of diverse benchmark datasets, including ML-1M and
Amazon Subscription Boxes. These datasets were strategically chosen for
their contrasting characteristics: ML-1M represents dense user-item in-
teractions with high coverage, providing a benchmark for evaluating
global recommendation patterns. Amazon Subscription Boxes, on the
other hand, exemplifies sparse data environments, showcasing the
model’s capability to effectively handle scenarios with limited
interactions.

The strong performance of PGA-DRL on these datasets highlights its
ability to dynamically adapt to varying interaction densities and prior-
itize the most relevant patterns. Further supporting the necessity of the
AC framework, ablation studies reveal that its removal results in a
substantial decline in performance. This finding highlights the critical
role of the AC framework in enhancing overall recommendation quality
and optimizing long-term user engagement. Consequently, this evidence
firmly confirms that the synergistic combination of GCN-GAT fusion
with the AC framework is crucial for achieving optimal results in our
proposed model.

3.1.4. Real-world applicability and scalability

By effectively integrating the complementary strengths of GCNs and
GATs within the AC framework, PGA-DRL consistently improves its
ability to capture intricate user-item interactions. This improved capture
directly translates into recommendations that are accurate, diverse, and
scalable. Specifically, accuracy ensures that the recommendations
closely align with individual user preferences. Furthermore, diversity
introduces novel and varied suggestions, which is crucial for enhancing
user engagement and discovery. Lastly, scalability guarantees efficient
performance even when dealing with large datasets and ensures the
model’s adaptability to various real-world application scenarios.

In this context, scalability encompasses the model’s computational
efficiency, its inherent capacity to process large-scale datasets seam-
lessly, and its robustness in maintaining high performance across vary-
ing degrees of data sparsity and interaction density. These key attributes
render PGA-DRL particularly well-suited for deployment in real-world
applications, such as large-scale e-commerce platforms and content
recommendation systems, where both computational efficiency and
adaptability to diverse data conditions are paramount to achieving
success.

3.2. AC framework

At the heart of the PGA-DRL model lies the AC framework, a widely
adopted paradigm in RL for tackling sequential decision-making prob-
lems. This framework strategically divides the decision-making process
into two distinct yet interconnected components: the Actor and the
Critic. The Actor is primarily responsible for selecting actions—in our
case, recommending items—based on the current state of the user-item
environment. Simultaneously, the Critic evaluates the favorability of
these actions by estimating their long-term impact, thereby providing
crucial feedback that guides the Actor in refining its recommendation
policy over time.

The recommender task is modeled as an MDP, where the state s; at
time t represents the current user-item interaction embeddings, and the
action a, refers to the selection of an item to recommend. Upon
recommendation, a reward ry, such as a user click or purchase, provides
immediate feedback on the quality of the chosen item. The long-term
objective of the Actor is to learn a policy that maximizes the cumula-
tive future reward, which is mathematically expressed as:

J(6) = ELo[y'r:|m] 8]

where y € [0,1] denotes the discount factor, and 6 represents the pa-
rameters of the Actor’s policy 7y. By optimizing this objective function,
the Actor learns to generate recommendations that not only drive im-
mediate user engagement but also foster sustained long-term user
satisfaction.

Complementing the Actor, the Critic network approximates the Q-
value Q(s¢,a;) for each state-action pair. This Q-value represents the
expected cumulative future reward of selecting a specific action a; in a
given state s;. The Critic’s training objective is to minimize the temporal
difference (Bellman) error, formalized as:

L(w) = (Qu(st,ar) — (re + }’Qm(sr+17ﬂ0(st+1))))2 2

where @ are the parameters of the Critic network. This separation of
responsibilities allows the model to iteratively refine its recommenda-
tions by effectively learning from user feedback across both immediate
interactions (through the reward signal) and anticipated future out-
comes (through the Q-value estimation).

3.3. Graph-based user-item interaction modeling

The effectiveness of any RS depends heavily on its ability to accu-
rately model the complex interplay between users and items. In PGA-
DRL, this crucial aspect is addressed through the synergistic integra-
tion of GCNs and GATs, which play complementary roles in capturing
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different aspects of these interactions.

GCNs operate by aggregating feature information from neighboring
nodes within the user-item interaction graph, thereby enabling each
node to progressively incorporate information from its wider network
neighborhood. This mechanism allows GCNs to effectively capture
global interaction patterns, which are particularly vital for the CF tasks
where users exhibiting similar historical behavior are likely to share
preferences. The future update rule for each layer of the GCN can be
expressed as:

H = 6(D2AD 2 HO W) 3

where A is the adjacency matrix representing the user-item interactions,
D is the degree matrix, H) are the node embeddings at layer , and W
are the learnable weight parameters. By stacking multiple GCN layers,
the model gains the capacity to capture higher-order relationships that
span several connections (hops) within the graph structure.

In contrast, GATs introduce a layer of attention mechanisms, which
empower the model to focus on the most relevant neighboring nodes
during the aggregation process. Unlike GCNs, which treat all neighbors
with equal importance, GATs assign varying attention coefficients to
each neighbor based on their contribution to the representation of the
target node. This selective attention mechanism proves particularly
beneficial in noisy data environments where certain interactions might
be less indicative of genuine user preferences. The attention coefficient
a;; between node i and neighbor j is computed as follows:

exp(LeakyReLU(a” [Wh;|| Why]))

= 4
> kenpexp(LeakyReLU (a” [Wh;l| Why])) “

aj

where W is the learnable weight matrix, a is the attention vector, and
N(i) represents the neighbors of node i. GATs excel at modeling local-
ized, fine-grained interaction patterns, which are critical for capturing
context-dependent nuances in user preferences.

3.4. Progressive fusion mechanism (PFM)

A core innovation of the PGA-DRL model lies in its Progressive
Fusion Mechanism (PFM), which enables a layer-wise integration of
GCN and GAT embeddings. Rather than treating GCNs and GATs as in-
dependent modules, the model progressively fuses their outputs at each
layer. This strategic approach allows the system to effectively combine
the global interaction patterns captured by GCNs with the fine-grained
local interaction details discerned by GATs, leading to richer and more
informative embeddings.

Specifically, at each layer I, the embeddings generated by the GCN
and GAT layers are concatenated to form a unified representation:

Hity = (D7 V2AD 2 HO WY, ®)

HSX—}-) =0 (Z Clij WGAThj) (6)

eN(i)

These embeddings are concatenated and combined with learnable
layer weights w; that control the importance of each layer’s output:

HI = ?
L

Hiysea = Z WIH(U (8)
=0

The fusion weights (w;) are learnable parameters that adaptively
determine the contribution of GCN (global) and GAT (local) at each
layer. This allows PGA-DRL to prioritize GAT in sparse/noisy scenarios
(where attention is critical) and GCN in dense graphs (where uniform
aggregation stabilizes learning).

The synergistic combination of GCN and GAT within this progressive
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framework ensures that both broad global structural patterns and
localized, context-specific interactions are effectively modeled. GCNs
provide a consistent and uniform aggregation of neighbor information,
which is essential for maintaining the global context of the interaction
graph. Complementarily, GATs dynamically assign attention weights to
neighbors, enabling the model to focus on the most relevant in-
teractions. Notably, even when GATs assign relatively uniform weights,
the GCN component ensures a balanced feature aggregation, which is
particularly beneficial in dense graph structures. This inherent synergy
significantly enhances the model’s ability to generalize effectively
across datasets exhibiting varying levels of sparsity.

This layer-wise adaptive weighting allows the model to effectively
weigh the contributions of different layers, ensuring that both high-level
structural signals and fine-grained localized attention patterns are
captured. Consequently, the PFM significantly contributes to the
model’s ability to generate high-quality recommendations by leveraging
a diverse range of interaction signals.

The computational complexity of GCN and GAT layers differs
significantly, where GCN operates with O( Nd? ) complexity, leveraging
efficient neighborhood aggregation. In contrast, GAT introduces an

attention mechanism that scales with O(Nd2 + de), where N is the

number of nodes and d is the embedding dimension. The progressive
fusion mechanism employed in PGA-DRL maintains efficiency by
adaptively weighting these embeddings while avoiding the computa-
tional overhead of full pairwise attention computations across all layers.
This design choice ensures a well-considered balance between the
quality of the learned representations and the computational feasibility
of the model.

3.5. Critic network and loss function

The Critic Network in PGA-DRL is specifically designed to evaluate
the quality of the Actor’s recommendations by estimating the expected
future reward of each state-action pair. To achieve this, it employs a
Multi-Layer Perceptron (MLP) that processes the concatenated embed-
dings of a user u and an item i, ultimately outputting a scalar Q-value, as
shown below:

Q. (s, a;) = MLP(hy|/h;) )

where h, and h; represent the embeddings of user u and item i, respec-
tively, obtained from the PFM.

The overall loss function for training PGA-DRL is a composite one,
combining the Bayesian Personalized Ranking (BPR) loss, used to opti-
mize the Actor’s policy, and the Mean Squared Error (MSE) loss, used to
train the Critic. This combined loss function is formulated as:

A{Z/Actor = BPR(Su,i - su,j) (10)

) 1
L ritic = E(Qa)(sm a;) — rt)z b

where s,; and s,; are the scores for positive and negative item in-
teractions, respectively. This dual-objective training ensures that the
Actor network progressively refines its recommendation policy based on
user feedback, while the Critic network simultaneously learns to accu-
rately assess the quality of the generated recommendations.

Overall, the progressive fusion of global and local interaction pat-
terns through GCNs and GATs, combined with the RL optimization
process and this composite loss function, equips PGA-DRL with a robust
ability to generate more informed, personalized, and high-quality
recommendations.

3.6. PGA-DRL algorithm

Algorithm 1 shows the step-by-step procedure of the PGA-DRL
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Algorithm 1
PGA-DRL: progressive graph attention-based DRL for RSs.
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Input: Dataset D with user-item interactions, configuration parameters, learning rate a, discount factor y, number of layers L, and number of training iterations.

Output: Trained Actor and Critic networks, user-item embeddings.

1: Initialize:
2: Initialize user and item embeddings

3: Initialize GCN and GAT layers

4: Initialize Actor and Critic networks with random weights

5: Initialize layer weights for progressive fusion

6: Construct normalized adjacency matrix from the interaction graph

7: for each iteration do:

8: Sample a mini-batch of user-item interactions (u,i,j) from the dataset D
9: Forward Propagation through GCN layers:

10: Set initial embeddings H(®

11: for =1 to L do:

12: Update GCN embeddings using the normalized adjacency matrix and weight matrices
13: End for

14: Forward Propagation through GAT layers:

15: for =1 to L do:

16: Compute attention coefficients and update GAT embeddings
17: End for

19: Progressive Fusion of GCN and GAT Embeddings:
20: Concatenate GCN and GAT embeddings at each layer

21: Apply softmax to layer weights and combine embeddings

22: Split fused embeddings into user and item embeddings

23: Actor Network Update:

24: Compute scores for positive and negative items

25: Calculate BPR loss for Actor network

26: Critic Network Update:

27: Concatenate user and item embeddings, and pass through Critic MLP
28: Compute reward and critic loss

29: Gradient Update:

30: Backpropagate the total loss and update the parameters of the Actor and Critic networks
31: End for

32: Return trained Actor and Critic networks, user and item embeddings

method. This algorithm progressively refines user-item interaction rep-
resentations by leveraging both GCNs and GATs, integrated into an AC
framework. The PFM captures both global and local interaction patterns
at each layer, enabling the model to make high-quality, personalized
recommendations.

The pseudocode for PGA-DRL begins with the initialization of user
and item embeddings, the parameters of the GCN and GAT layers, and
the AC networks (lines 1-6). Prior to training, the adjacency matrix,
which encodes the user-item interaction graph, is preprocessed to
normalize the graph structure. This normalization ensures a balanced
aggregation of information from neighboring nodes during the subse-
quent graph operations.

In each training iteration, the algorithm begins by sampling a mini-
batch of user-item interactions (line 8). This mini-batch typically in-
cludes a user, an item they have positively interacted with, and a
negatively sampled item. The model then processes the embeddings of
these entities through the GCN layers (lines 9-13). This step is crucial for
capturing the global structural information inherent in the interaction
graph. Following this, the embeddings are passed through the GAT
layers (lines 14-17), where attention mechanisms are applied to selec-
tively focus on the most relevant neighboring nodes for each user and
item.

The PFM, outlined in lines 19-22, then takes the embeddings
generated by both the GCN and GAT layers and concatenates them. This
step ensures that both the global and local interaction patterns learned
by the respective graph networks are preserved in the fused represen-
tation. Subsequently, the learned layer weights are applied to adaptively
weigh the contribution of each layer’s fused output, leading to more
informative and context-aware embeddings. Finally, these fused em-
beddings are split back into separate user and item representations for
the downstream tasks.

The Actor network (lines 23-25) uses the BPR loss to optimize the
recommendation policy by learning to rank positively interacted items
higher than negative ones. Meanwhile, the Critic network (lines 26-28)

evaluates the quality of the recommendations using an MLP and esti-
mates the reward for each state-action pair. The total loss, comprising
the BPR loss and the Critic’s loss, is then backpropagated through the
network to update the model parameters (lines 29-30), facilitating
learning.

Through this iterative process of refining user-item embeddings and
improving the recommendation policy, PGA-DRL effectively learns to
capture complex user-item interaction patterns and ultimately generates
high-quality recommendations.

3.7. Time complexity analysis

To provide a clear understanding of PGA-DRL’s efficiency, we can
analyze its computational complexity by examining its main compo-
nents: the graph convolution and attention layers, and the actor-critic
networks. We will also briefly compare this complexity with that of
baseline models to provide context. As expected, the graph-based op-
erations, namely GCN and GAT, constitute the primary contributors to
the runtime. While the actor-critic stage does introduce some additional
overhead, the overall computational cost of PGA-DRL scales roughly
linearly with the size of the input graph, considering the number of
users, items, and their interactions. This scaling behavior is similar to
that observed in standard GCN-based recommender systems, with the
attention mechanism in GAT contributing a modest constant-factor in-
crease to the overall complexity.

o GCN: Each GCN layer performs neighborhood aggregation across the
user-item interaction graph. This involves sparse matrix operations
(propagating embeddings along edges) and a linear transformation
of node embeddings. The cost per layer scales about linearly with the
number of edges (for propagation) plus a smaller cost proportional to
the number of nodes (for applying the weight matrix to each
embedding). Stacking multiple GCN layers (depth L) multiplies this
cost by L, but the overall complexity remains O(L-|E|) in big-O
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notation, where |E| is the number of interactions (edges). In practice,
this means the GCN part can efficiently handle large graphs using
optimized sparse operations.

GAT: GAT layers introduce an additional step to compute attention
coefficients for each edge. For every node, the model calculates the
importance of each neighbor by computing a small attention score (e.
g. a dot-product between embeddings) for each connecting edge.
Using H attention heads multiplies the operations per edge by H, but
these computations are independent per head and can be executed in
parallel. As a result, the GAT complexity also scales linearly with the
number of edges (each edge’s embedding is processed with some
extra calculations for attention). The attention mechanism does add
a constant-factor overhead - effectively each edge update is a bit
more expensive than in a plain GCN - but this overhead is manage-
able. In summary, the combined graph operations (GCN + GAT) still
run in O(number of edges) per layer, with the GAT’s attention making
the constant factor larger than models without attention.

PFM: After each layer, PGA-DRL fuses the GCN and GAT outputs by
concatenating their embeddings and applying learnable weights.
This fusion step has a cost proportional to the number of nodes and
the embedding dimension (since we process each node’s two
embedding vectors). Compared to the graph propagation, this is a
minor cost. Even across L layers, the fusion overhead grows as O(L-N)
(with N nodes), which is typically much smaller than the edge-based
costs when the graph is sparse. Thus, PFM adds minimal overhead
and does not affect the overall complexity order.

Actor-Critic Networks: In addition to the graph layers, PGA-DRL
includes an Actor network and a Critic network (both implemented
as MLPs) to learn the recommendation policy. The complexity of
forwarding and backpropagating through these networks depends on
the network size and the batch size. For a given mini-batch of B user-
item interactions, the actor or critic MLP might require on the order

of O (B-dz) operations (if d is the embedding size and the MLP hidden

layers are of similar order), which is typical for dense layers. How-
ever, this cost is relatively small compared to the graph convolu-
tional part. The actor-critic networks are applied to batches of
sampled data rather than the entire graph at once, and B is usually
much smaller than N or |E|. Therefore, the actor-critic stage con-
tributes only a modest additional cost per training step and does not
bottleneck the overall training time.

To provide a clearer perspective on the complexity of our proposed
method, we compare it with baseline GCN-based recommenders, spe-
cifically LightGCN and NGCF.

e LightGCN: This method is a simplified GCN model that omits feature
transformation and non-linearities, focusing purely on neighbor ag-
gregation. As a result, it is extremely efficient, roughly scaling line-
arly with the number of edges and embedding dimension. Each layer
of LightGCN essentially performs an embedding averaging over
edges, which is similar to the propagation step of PGA-DRL’s GCN
(but without the extra weight multiplication). This gives LightGCN a
lower per-layer constant cost — it requires fewer computations per
edge — making it one of the most scalable GCN-based recommenders.
In terms of complexity class, LightGCN is O(L-|E|) per training iter-
ation (for L layers), with a small constant factor, meaning it handles
large graphs with ease.

NGCF: This method is an earlier GCN-based model that includes
feature transformation matrices and non-linear activation at each
layer. Its complexity per layer is also linear in the number of edges,
but with a larger constant factor than LightGCN. NGCF must multiply
each node’s embedding by a weight matrix and combine it with
neighbor information, resulting in an approximate cost on the order
of O(|E|-d) or O(|E\-d2> per layer (depending on implementation
details and whether dimensions change between layers). In practice,
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NGCF is observed to run slower than LightGCN (for example, taking
roughly 4 x the training time of a matrix factorization baseline in
reported experiments) due to these extra computations. Still, NGCF
remains within a linear complexity regime relative to the graph size,
and it was designed to be workable on reasonably large datasets.

Our proposed model inherits the graph propagation costs of NGCF
(through its GCN layers with transformations) and adds the GAT layer
computations on top. Therefore, PGA-DRL has a somewhat higher
computational cost per layer compared to both LightGCN and NGCF.
The attention mechanism means we do more work for each edge
(computing and applying attention weights), and maintaining two par-
allel graph neural networks (GCN + GAT) doubles up some operations.
However, it’s important to note that the overall scaling behavior is the
same: PGA-DRL’s time complexity still grows linearly with |E| and L, just
with larger constants. In other words, while LightGCN is considered very
fast and NGCF moderately fast, PGA-DRL is slightly slower per epoch
than NGCF. However, all three methods exhibit similar computational
complexity, as they scale linearly with the number of interactions. The
added complexity in PGA-DRL is the trade-off for incorporating atten-
tion and the actor-critic framework, which aim to boost recommenda-
tion accuracy.

Also, the linear scaling of PGA-DRL with respect to the number of
edges implies that it can handle large-scale recommender datasets (with
millions of users and items and tens of millions of interactions) so long as
we have adequate computational resources. The most expensive oper-
ations - the sparse neighbor aggregations and attention computations —
can be efficiently implemented using parallel processing on GPUs or
distributed systems. In practice, techniques like minibatch training and
sampling (processing only a subset of nodes or edges at each step)
further ensure that training on large graphs is feasible. The additional
overhead from GAT layers and the actor-critic module, while making
each iteration a bit slower than simpler models, does not fundamentally
hinder scalability. We can still train on large graphs within reasonable
time, and the model benefits from the richer computations by poten-
tially achieving better performance. In summary, PGA-DRL remains
scalable to large real-world datasets: it operates in roughly linear time
complexity like its GCN-based predecessors, and with modern hardware
optimizations the extra computations (attention and RL components)
are a worthwhile cost for the gains in recommendation quality.

4. Experimental results and discussion

In this section, we present and analyze the experimental results ob-
tained by our proposed PGA-DRL model in comparison to several state-
of-the-art baselines. The performance was evaluated across five bench-
mark datasets: ML-100K, ML-1M, Amazon Subscription Boxes (AmzSB),
Amazon Magazine Subscriptions (AmzMS), and Mod Cloth. Table 1
shows their data that selected from different domains. These datasets
were chosen to represent a diverse range of domains and data charac-
teristics, including varying levels of sparsity, user-item interactions, and
dataset sizes. For instance, ML-100K and ML-1M provide dense user-
item interaction data, while Amazon Subscription Boxes and Amazon
Magazine Subscriptions represent sparser datasets with fewer in-
teractions. Mod Cloth offers a mid-level sparsity, providing a balance
between dense and sparse characteristics. This diversity ensures a

Table 1

Overview of selected datasets for the model’s evaluation.
Dataset #Users #Items #Interaction Sparsity
ML-100K 943 1682 100,000 93.70 %
ML-1M 6040 3,52 1,00,209 95.81 %
Amazon Subscription Boxes 15,237 641 15,953 99.84 %
Amazon Magazine Subscriptions 60,144 3391 70,922 99.97 %
Mod Cloth 47,958 1378 82,790 99.87 %
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comprehensive evaluation of the model’s effectiveness across different
data conditions. For each dataset, we randomly split the data into
training, validation, and test sets, maintaining an 80/10/10 split ratio.
The datasets used in this study are publicly available and can be accessed
at the RecBole repository: https://recbole.io/dataset _list.html, ensuring
the reproducibility of our experimental results [75,76].

The performance of the PGA-DRL model is evaluated using the
following top-k recommendation metrics:

e Precision@10: Captures the proportion of recommended items that

are relevant. Higher precision values indicate more accurate

recommendations.

Recall@10: Measures the fraction of relevant items that are suc-

cessfully recommended in the top-k list. Higher recall values indicate

better coverage of relevant items.

NDCG@10 (Normalized Discounted Cumulative Gain): Focuses

on both the relevance and the ranking position of recommended

items. NDCG rewards methods that rank highly relevant items closer

to the top of the recommendation list.

MRR@10 (Mean Reciprocal Rank): Reflects the ranking quality of

the first relevant item in the recommendation list. A higher MRR

implies that relevant items appear earlier in the ranked list.

e Hit@10: Measures the percentage of users for whom at least one
relevant item appears in the top-k recommendations. A higher hit
rate suggests better recommendation coverage.

These metrics complement each other, offering insights into both the
ranking quality and the overall recommendation accuracy.

To ensure transparency and reproducibility, we provide the key
hyperparameter settings used in the implementation of the PGA-DRL
model. Table 2 summarizes these settings for reference.

4.1. Baseline methods
To comprehensively evaluate the effectiveness of PGA-DRL, we
compare its performance against several state-of-the-art recommenda-

tion models:

e BPR (Bayesian Personalized Ranking): A pairwise ranking model
optimized for implicit feedback datasets [77].

Table 2
Hyperparameter settings for PGA-DRL.

Hyperparameter Value Description

Embedding Size 128 Dimensionality of user and item
embeddings.

Number of Layers 8 Number of message-passing layers for GCN
and GAT.

Learning Rate 0.001 Learning rate for training Actor, Critic, and
overall model.

Dropout Rate 0.3 Dropout probability for layers to prevent
overfitting.

Edge Dropout Rate 0.3 Probability of dropping edges in the graph
during training.

Batch Size 8192 Number of samples per batch for training
and evaluation.

Regularization 1 x10°° Weight for L2 regularization to control

Weight overfitting.

Discount Factor (y) 0.99 Discount factor used in the Actor-Critic
framework for long-term reward.

Number of Heads 8 Number of attention heads in GAT layers.

Loss Function BPR Bayesian Personalized Ranking for
optimizing recommendations.

Optimizer Adam Optimizer used for training the model.

Evaluation Metrics Recall, Metrics used for evaluating the top-k

NDCG, MRR recommendations.
Early Stopping 10 epochs Stop training if validation performance does

not improve for 10 epochs.
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e NeuMF (Neural Collaborative Filtering): A DL-based model that
combines matrix factorization and neural networks to learn user-
item interactions [78].

e NGCF (Neural Graph Collaborative Filtering): A graph-based

model that propagates user-item interactions through graph convo-

lutions [66].

LightGCN: A simplified graph convolutional model that focuses on

the propagation of embeddings without non-linear transformations

[65].

SGL (Self-supervised Graph Learning): A contrastive learning-

based graph model that improves embedding robustness through

self-supervision [79,80].

e SimGCL: A similarity-based graph contrastive learning model

designed to improve the robustness of collaborative filtering

methods [67].

AutoCF: By utilizing a graph autoencoder, this model reconstructs

obscured user-item interactions to expand training data. This

augmentation process strengthens the model’s ability to learn more
informative representations, improving recommendation accuracy

[81].

LightGCL: This model enhances collaborative filtering by incorpo-

rating singular value decomposition, refining structural relationships

within the data. This method facilitates better representation
learning by capturing essential patterns in user-item interactions

[82].

GFormer: This model enhances recommendation performance by

leveraging a graph autoencoder to reconstruct masked user-item

interactions, thereby generating augmented training data. This
approach enables the model to refine user and item embeddings

more effectively [83].

e AMLDM: The Attention-based Multilayer Linear Diffusion Model

(AMLDM) addresses challenges in recommendation systems, such as

incomplete interaction data and preference biases. It introduces

Gaussian noise into user interaction histories, then uses attention-

based layers to restore the data, ensuring it aligns with the original

distribution. This method improves robustness and better captures
users’ true preferences, outperforming benchmark models in per-

formance [84].

MGDCEF: This approach integrates GNN-based collaborative filtering

with Network Representation Learning (NRL) through a Markov

process. Instead of training GNNs in a traditional manner, it uses
them as a static process to generate contextualized features. These
features are then combined with an NRL model via a fully connected
layer, emphasizing the role of ranking loss in optimizing collabora-

tive filtering performance [85].

XSimGCL: Unlike conventional graph augmentation techniques, this

model employs a noise-based embedding enhancement strategy

within a contrastive learning framework. This unique approach
promotes a more uniform distribution of user and item representa-
tions, which in turn effectively reduces popularity bias and increases

the exposure of users to less frequently interacted items [86].

4.2. Statistical significance testing

To evaluate our model, we conducted multiple independent experi-
mental runs (specifically, 10 independent trials with different random
seeds) using randomized splits of 80 % training, 10 % validation, and 10
% testing sets. We report average performance metrics (Precision@10,
Recall@10, NDCG@10, MRR@10, and Hit@10) across these runs.
Furthermore, we performed paired two-tailed t-tests to assess whether
observed improvements of our proposed PGA-DRL model over baseline
methods are statistically significant. Significant differencesatp < 0.05
and p < 0.01 are clearly marked with * and **, respectively, in our
results tables. This statistical analysis enhances confidence in our find-
ings, clearly indicating that the observed improvements are robust and
not due to random variations in data partitioning or model initialization.
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4.3. Results and analysis

This section offers a detailed evaluation of PGA-DRL’s performance
across the benchmark datasets, comparing its results against several
well-established recommendation models.

The Precision@10 metric, which reflects the proportion of recom-
mended items that are relevant, provides insight into the effectiveness of
each model in identifying pertinent recommendations. As seen in
Table 3, PGA-DRL consistently outperforms the other models on the ML-
100K and ML-1M datasets, achieving Precision@10 scores of 0.2069 and
0.2155, respectively. These results highlight PGA-DRL’s ability to
effectively rank and recommend relevant items, particularly in datasets
with dense user-item interactions.

In comparison, models such as NeuMF and NGCF show slightly lower
precision values on these dense datasets, underscoring PGA-DRL’s
strength in ranking relevant items at the top of the recommendation list.
However, when considering Amazon Subscription Boxes, a more sparse
dataset, the performance of PGA-DRL (0.0145) drops notably compared
to NeuMF (0.0248), which performs better in handling sparse in-
teractions. This difference in performance highlights the impact of
dataset sparsity on the effectiveness of different recommendation ap-
proaches, suggesting that PGA-DRL excels in settings with richer inter-
action data but can be affected by the limitations inherent in sparse
datasets.

The Recall@10 metric, which measures the fraction of relevant items
that appear in the top 10 recommendations, provides further insights
into the ability of each model to capture a broad range of user prefer-
ences. As shown in Table 4, PGA-DRL achieves the highest Recall@10
score on ML-100K, with 0.2570, outperforming all other models. This
demonstrates the model’s ability to recommend a diverse set of relevant
items, enhancing the breadth of coverage.

On the Amazon Subscription Boxes dataset, PGA-DRL yields a lower
recall (0.1451) compared to NeuMF (0.2483). This difference can be
attributed to NeuMF’s strengths in utilizing latent factor models, which
are well-suited to sparse data. In contrast, PGA-DRL’s performance re-
flects the challenge of capturing relevant items in settings with fewer
interactions. Nonetheless, even in these conditions, PGA-DRL continues
to perform reasonably well, suggesting that its hybrid approach provides
solid recall capabilities, even when data is sparse.

The NDCG@10 metric, which emphasizes both relevance and
ranking position, provides a more nuanced view of how effectively the
models prioritize highly relevant items. As shown in Table 5, PGA-DRL
achieves the highest NDCG scores on both the ML-100K and ML-1M
datasets, with values of 0.3056 and 0.2774, respectively. These results
suggest that PGA-DRL excels not only in recommending relevant items
but also in positioning them toward the top of the ranked list, enhancing
the user experience by ensuring that the most relevant recommendations
are presented first.

Conversely, models like AutoCF and GFormer show lower NDCG

Table 3
Precision@10 Prediction metrics results of the experiments. (Statistically sig-
nificant results are indicated by: * p < 0.05, ** p < 0.01.).

Method ML-100K ML-1M AmzSB AmzMS Mod Cloth
BPR 0.1998 0.2081 0.0063 0.0050 0.0110
NeuMF 0.2006 0.2058 0.0248 0.0155 0.0148
NGCF 0.2019 0.2019 0.0101 0.0109 0.0146
LightGCN 0.1435 0.1495 0.0105 0.0124 0.0163
SGL 0.0279 0.0291 0.0068 0.0163 0.0187
SimGCL 0.1052 0.1096 0.0045 0.0038 0.0076
AutoCF 0.2035 0.2119 0.0142 0.0155 0.0191
LightGCL 0.1743 0.1815 0.0122 0.0133 0.0164
GFormer 0.2021 0.2104 0.0141 0.0154 0.0191
AMLDM 0.2004 0.2087 0.0140 0.0152 0.0188
MGDCF 0.2017 0.2097 0.0138 0.0153 0.0189
XSimGCL 0.2013 0.1987 0.0134 0.0145 0.0179
PGA-DRL 0.2069* 0.2155* 0.0145 0.0158 0.0195*
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Table 4
Recall - Prediction metrics results of the experiments. (Statistically significant
results are indicated by: * p < 0.05, ** p < 0.01.).

Method ML-100K ML-1M AmzSB AmzMS Mod Cloth
BPR 0.2557 0.1710 0.0629 0.0498 0.1096
NeuMF 0.2552 0.1740 0.2483 0.1546 0.1478
NGCF 0.2566 0.1673 0.1014 0.1093 0.1459
LightGCN 0.1885 0.1261 0.1049 0.1239 0.1627
SGL 0.0682 0.0456 0.0682 0.1630 0.1868
SimGCL 0.1563 0.1045 0.0455 0.0385 0.0754
AutoCF 0.2528 0.1691 0.1421 0.1547 0.1621
LightGCL 0.2497 0.1714 0.1403 0.1528 0.1601
GFormer 0.2512 0.1716 0.1418 0.1536 0.1611
AMLDM 0.2507 0.1698 0.1415 0.1534 0.1608
MGDCF 0.2519 0.1705 0.1423 0.1542 0.1615
XSimGCL 0.2531 0.2116 0.1431 0.1553 0.1623
PGA-DRL 0.2570% 0.1719 0.1451 0.1573 0.1648
Table 5

NDCG Prediction metrics results of the experiments. (Statistically significant
results are indicated by: * p < 0.05, ** p < 0.01.).

Method ML-100K ML-1M AmzSB AmzMS Mod Cloth
BPR 0.2944 0.2672 0.0322 0.0265 0.0604
NeuMF 0.2980 0.2655 0.1550 0.0760 0.0810
NGCF 0.2981 0.2584 0.0496 0.0509 0.0799
LightGCN 0.2143 0.1945 0.0573 0.0629 0.0962
SGL 0.0521 0.0473 0.0374 0.0888 0.1098
SimGCL 0.1623 0.1473 0.0289 0.0193 0.0433
AutoCF 0.2462 0.2712 0.1353 0.0852 0.0882
LightGCL 0.2250 0.2479 0.1236 0.0779 0.0806
GFormer 0.2401 0.2643 0.1319 0.0831 0.0861
AMLDM 0.2465 0.2715 0.1358 0.0857 0.0881
MGDCF 0.2455 0.2705 0.1369 0.0849 0.0873
XSimGCL 0.2496 0.2750 0.1372 0.0864 0.0892
PGA-DRL 0.3056* 0.2774* 0.1384 0.0872 0.0902

scores, particularly on ML-100K, indicating that while they perform
adequately in retrieving relevant items, their ranking quality is not as
refined. This observation further underscores the advantage of PGA-
DRL’s progressive fusion mechanism, which uniquely integrates the
strengths of both GCNs and GATs. By doing so, PGA-DRL effectively
balances the capture of global structural patterns with the nuanced,
localized insights provided by its attention mechanisms, ultimately
leading to a more refined ranking quality.

On the Amazon Subscription Boxes, PGA-DRL achieves an
NDCG@10 score of 0.1384, which is relatively high compared to some
other models. However, it still falls short of the performance observed on
denser datasets, with NeuMF outperforming in this case. This highlights
that while PGA-DRL is effective across a range of datasets, its ranking
quality can be influenced by the degree of data sparsity.

The MRR@10 metric, which measures the ranking quality of the first
relevant item in the recommendation list, also confirms PGA-DRL’s
strong ranking performance. As seen in Table 6, PGA-DRL achieves the
highest MRR scores on ML-100K (0.4988) and ML-1M (0.4749). These
results underscore the model’s effectiveness in ensuring that the most
relevant items are positioned higher in the ranked list, thus enhancing
user satisfaction.

Other models, including NeuMF and AutoCF, achieve slightly lower
MRR values, which further supports PGA-DRL’s advantage in ranking
the most relevant items early in the recommendation list. The ability to
position these items more prominently is critical in improving the user
experience, as users are more likely to engage with recommendations
that appear early in the list.

The Hit@10 metric, which measures the proportion of users for
whom at least one relevant item appears in the top-10 recommenda-
tions, provides further evidence of the model’s ability to recommend
relevant items across different datasets. As shown in Table 7, PGA-DRL
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Table 6
MRR - Prediction metrics results of the experiments. (Statistically significant
results are indicated by: * p < 0.05, ** p < 0.01.).

Method ML-100K ML-1M AmzSB AmzMS Mod Cloth
BPR 0.4856 0.4623 0.0230 0.0195 0.0457
NeuMF 0.4917 0.4585 0.1261 0.0526 0.0610
NGCF 0.4948 0.4488 0.0344 0.0336 0.0602
LightGCN 0.3733 0.3554 0.0428 0.0446 0.0760
SGL 0.0867 0.0825 0.0283 0.0662 0.0864
SimGCL 0.3026 0.2881 0.0240 0.0135 0.0337
AutoCF 0.4713 0.4703 0.0891 0.0533 0.0756
LightGCL 0.4398 0.4283 0.0853 0.0485 0.0701
GFormer 0.4761 0.4619 0.0917 0.0521 0.0763
AMLDM 0.4824 0.4593 0.0918 0.0517 0.0759
MGDCF 0.4912 0.4681 0.0939 0.0524 0.0776
XSimGCL 0.4871 0.4638 0.0942 0.0513 0.0758
PGA-DRL 0.4988* 0.4749* 0.0953 0.0538 0.0787
Table 7

Hit - Prediction metrics results of the experiments. (Statistically significant re-
sults are indicated by: * p < 0.05, ** p < 0.01.).

Method ML-100K ML-1M AmzSB AmzMS Mod Cloth
BPR 0.7996 0.7591 0.0629 0.0499 0.1098
NeuMF 0.7943 0.7611 0.2483 0.1547 0.1480
NGCF 0.8070 0.7493 0.1014 0.1094 0.1461
LightGCN 0.6829 0.6483 0.1049 0.1240 0.1629
SGL 0.2524 0.2396 0.0682 0.1630 0.1870
SimGCL 0.6225 0.5910 0.0455 0.0385 0.0756
AutoCF 0.7983 0.7609 0.1437 0.1517 0.1619
LightGCL 0.7752 0.7370 0.1397 0.1463 0.1591
GFormer 0.7981 0.7597 0.1442 0.1518 0.1607
AMLDM 0.7612 0.7146 0.1356 0.1421 0.1534
MGDCF 0.7992 0.7620 0.1449 0.1498 0.1639
XSimGCL 0.8002 0.7603 0.1441 0.1513 0.1628
PGA-DRL 0.8038 0.7631* 0.1451 0.1524 0.1647

achieves the highest Hit@10 scores on both ML-100K (0.8038) and ML-
1M (0.7631), underscoring its consistent ability to offer relevant rec-
ommendations to a large proportion of users. This metric is particularly
important in real-world applications, where ensuring that at least one
relevant item is presented to users can significantly improve engage-
ment and satisfaction.

While PGA-DRL leads in Hit@10 on denser datasets, it performs less
strongly on sparser datasets, such as Amazon Subscription Boxes
(0.1451), where NeuMF leads with 0.2483. This further highlights the
variability of recommendation models across different data character-
istics, as PGA-DRL’s performance is more robust when the user-item
interaction graph is dense, but it faces challenges in the cold-start and
sparse scenarios.

The results from the various datasets reveal that the performance of
PGA-DRL is strongly influenced by the characteristics of the data,
particularly its sparsity. On denser datasets such as ML-100K and ML-
1M, PGA-DRL demonstrates consistently high performance across all
metrics. This outcome aligns with our expectations, as PGA-DRL is
intentionally designed to effectively leverage both global and local user-
item interaction patterns, rendering it particularly well-suited for
recommendation environments where abundant interaction data is
available.

However, on sparser datasets like Amazon Subscription Boxes and
Amazon Magazine Subscriptions, PGA-DRL’s performance is somewhat
diminished, particularly in metrics such as Precision@10 and
Recall@10. This indicates that while PGA-DRL is a robust model capable
of handling diverse interaction patterns, its effectiveness can be limited
by the sparsity of the data, as it may struggle to learn meaningful rep-
resentations from a limited number of interactions.

Despite this, PGA-DRL remains competitive in ranking tasks, as
demonstrated by its performance in NDCG@10 and MRR@10. These
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results suggest that the model’s ability to refine recommendations
through the integration of GCNs and GATs, along with its reinforcement
learning-based optimization, provides advantages even in sparse data-
sets by helping to better prioritize relevant items.

The experimental results confirm that PGA-DRL excels in ranking
quality and recommendation accuracy, particularly on denser datasets.
The PFM, which combines the strengths of GCNs and GATs, allows PGA-
DRL to effectively capture both global and localized user-item in-
teractions, resulting in superior performance in terms of NDCG@10,
MRR@10, and Hit@10. While PGA-DRL is particularly strong in dense
recommendation settings, its performance in sparse environments can
be less consistent, with some models like NeuMF performing better in
such contexts.

Nonetheless, PGA-DRL offers significant improvements in ranking
tasks, ensuring that relevant items are not only retrieved but also posi-
tioned at the top of recommendation lists. This capability is crucial in
enhancing user engagement and satisfaction, making PGA-DRL a strong
contender for real-world RSs, where both accuracy and ranking quality
are paramount.

Tables 8-12 provide a detailed comparison of the performance of
PGA-DRL and baseline methods on the ML-100K dataset, evaluated
across various top-K values (k = 5, 10, 15, 20, 25, 50, 100). These results
offer a comprehensive view of how each model performs as the number
of recommended items increases, providing key insights into the models’
ability to maintain recommendation quality across different K-values.

In modern RS, increasing the number of recommended items is
crucial for improving user engagement, content discovery, and person-
alization. This is particularly pertinent given the rapid expansion of
digital platforms such as e-commerce, streaming services, and social
media, where users are routinely presented with vast catalogs of options.
By increasing K, we ensure that users receive a more diverse set of
relevant recommendations, thereby significantly enhancing their chan-
ces of encountering new items that align with their interests. This be-
comes especially critical in scenarios where user preferences are
dynamic and evolve over time, as a limited recommendation list might
otherwise fail to capture the full spectrum of their potential interests.

Moreover, in applications like online retail and video streaming,
increasing K allows recommendation systems to cater to different user
intents, such as immediate purchase decisions, exploratory browsing, or
long-term interest development. In personalized experiences, where
different users exhibit varying levels of engagement, an adaptive
approach that considers a broader recommendation list can significantly
improve user satisfaction. Furthermore, in competitive platforms, where
user retention is a priority, providing a larger pool of relevant recom-
mendations helps reduce churn by continuously offering fresh and
engaging content.

By analyzing the models’ performance across different K-values, we
assess not only their ability to retrieve relevant items but also their
effectiveness in maintaining quality and ranking accuracy as the
recommendation list grows. A well-performing model should be able to
scale effectively, preserving recommendation relevance even when K
increases. As the results demonstrate, PGA-DRL consistently out-
performs baseline models across all K-values, making it a robust choice
for applications that require both high precision in top-ranked items and
strong coverage for diverse user preferences.

The results in Table 8 show that PGA-DRL consistently achieves the
highest Precision@K across all K-values, outperforming other models at
larger values of K, particularly at k = 50 and k = 100. This highlights
PGA-DRL’s strength in delivering accurate recommendations even when
more items are considered for evaluation. Other models, such as NeuMF
and NGCF, also perform well but fall short of PGA-DRL’s precision at
larger K-values, indicating that PGA-DRL is better at maintaining high
relevance in extended recommendation lists. This is particularly
important for recommendation systems that need to scale to longer lists
while ensuring that users are presented with highly relevant content.

The results in Table 9 demonstrate that PGA-DRL maintains high
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Performance comparison of various methods on the ML-100K dataset, showing Precision metric at different values of k (5, 10, 15, 20, 25, 50, 100). (Statistically

significant results are indicated by: * p < 0.05, ** p < 0.01.).

Method @5 @10 @15 @20 @25 @50 @100
BPR 0.2484 0.1998 0.1733 0.1538 0.1389 0.0986 0.0654
NeuMF 0.2558 0.2006 0.1717 0.1528 0.1379 0.0989 0.0664
NGCF 0.2477 0.2019 0.1735 0.1540 0.1391 0.0986 0.0657
LightGCN 0.1803 0.1435 0.1224 0.1113 0.1021 0.0747 0.0517
SGL 0.0312 0.0279 0.0255 0.0240 0.0229 0.0194 0.0160
SimGCL 0.1283 0.1052 0.0922 0.0837 0.0766 0.0553 0.0386
AutoCF 0.2537 0.2035 0.1757 0.1562 0.1421 0.1005 0.0671
LightGCL 0.2172 0.1743 0.1505 0.1338 0.1217 0.0861 0.0575
GFormer 0.2519 0.2021 0.1745 0.1552 0.1411 0.0998 0.0667
AMLDM 0.2498 0.2004 0.1730 0.1539 0.1399 0.0989 0.0661
MGDCF 0.2514 0.2017 0.1741 0.1548 0.1409 0.0996 0.0665
XSimGCL 0.2509 0.2013 0.1738 0.1545 0.1406 0.0994 0.0664
PGA-DRL 0.2579* 0.2069* 0.1786* 0.1588* 0.1445* 0.1021* 0.0682*
Table 9

Performance comparison of various methods on the ML-100K dataset, showing Recall metric at different values of k (5, 10, 15, 20, 25, 50, 100). (Statistically significant

results are indicated by: * p < 0.05, ** p < 0.01.).

Method @5 @10 @15 @20 @25 @50 @100
BPR 0.1614 0.2557 0.3295 0.3823 0.4254 0.5742 0.7297
NeuMF 0.1650 0.2552 0.3197 0.3728 0.4171 0.5705 0.7329
NGCF 0.1583 0.2566 0.3266 0.3794 0.4210 0.5718 0.7254
LightGCN 0.1187 0.1885 0.2404 0.2828 0.3169 0.4427 0.5791
SGL 0.0395 0.0682 0.0901 0.1128 0.1312 0.1977 0.2899
SimGCL 0.0961 0.1563 0.2066 0.2464 0.2791 0.3862 0.5085
AutoCF 0.1593 0.2528 0.3235 0.3733 0.4173 0.5669 0.7311
LightGCL 0.1574 0.2497 0.3196 0.3687 0.4122 0.5599 0.7221
GFormer 0.1583 0.2512 0.3215 0.3709 0.4147 0.5633 0.7265
AMLDM 0.1580 0.2507 0.3208 0.3702 0.4139 0.5622 0.7250
MGDCF 0.1587 0.2519 0.3224 0.3720 0.4158 0.5649 0.7285
XSimGCL 0.1595 0.2531 0.3239 0.3737 0.4178 0.5676 0.7320
PGA-DRL 0.1620 0.2570% 0.3290 0.3795 0.4243 0.5764* 0.7434*
Table 10

Performance comparison of various methods on the ML-100K dataset, showing NDCG metric at different values of k (5, 10, 15, 20, 25, 50, 100). (Statistically significant

results are indicated by: * p < 0.05, ** p < 0.01.).

Method @5 @10 @15 @20 @25 @50 @100
BPR 0.2930 0.2944 0.3060 0.3178 0.3294 0.3786 0.4293
NeuMF 0.3021 0.2980 0.3056 0.3172 0.3290 0.3802 0.4333
NGCF 0.2955 0.2981 0.3077 0.3192 0.3303 0.3799 0.4307
LightGCN 0.2135 0.2143 0.2204 0.2305 0.2399 0.2811 0.3260
SGL 0.0413 0.0521 0.0598 0.0673 0.0733 0.0941 0.1200
SimGCL 0.1549 0.1623 0.1744 0.1866 0.1973 0.2332 0.2715
AutoCF 0.2455 0.2462 0.2547 0.2638 0.2740 0.3151 0.3593
LightGCL 0.2244 0.2250 0.2327 0.2411 0.2504 0.2880 0.3284
GFormer 0.2394 0.2401 0.2484 0.2573 0.2672 0.3073 0.3504
AMLDM 0.2458 0.2465 0.2550 0.2641 0.2744 0.3155 0.3598
MGDCF 0.2448 0.2455 0.2539 0.2630 0.2732 0.3142 0.3583
XSimGCL 0.2489 0.2496 0.2582 0.2674 0.2778 0.3194 0.3643
PGA-DRL 0.3047* 0.3056* 0.3161* 0.3274* 0.3401* 0.3910* 0.4460*

Recall@K values, ensuring that relevant items are recommended across
a broader range of K-values. In particular, PGA-DRL achieves a
Recall@10 of 0.2570, outperforming other models in the middle-range
values of k, where models like AutoCF and NeuMF perform similarly
but do not reach the same level of performance across all K-values. This
indicates that PGA-DRL is particularly effective at recommending a
wider range of relevant items, ensuring better coverage of user prefer-
ences. This capability is of paramount importance in real-world appli-
cations, where maximizing the exposure of users to as many relevant
items as possible can significantly enhance their overall experience and
engagement with the platform.

Table 10 demonstrates that PGA-DRL excels in ranking the most
relevant items higher in the recommendation list, achieving superior
NDCG@XK scores compared to other models, particularly for k = 50 and k
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= 100. This supports earlier findings that PGA-DRL not only retrieves
relevant items but also ensures they are ranked appropriately, maxi-
mizing user satisfaction in top-K recommendations. NDCG is a critical
metric for real-world systems as it reflects both the relevance of items
and their order in the ranking, ensuring that the best items are placed at
the top of the recommendation list.

The MRR@K results in Table 11 reinforce PGA-DRL’s advantage in
placing relevant items earlier in the recommendation list. At all K-
values, PGA-DRL achieves the highest MRR@XK, particularly excelling at
k = 5 and k = 10, ensuring that users see relevant items as early as
possible in the recommended list. This is crucial for improving user
engagement, as items placed higher in the list are more likely to be
interacted with. The ability of PGA-DRL to prioritize the most relevant
items early in the ranking enhances the likelihood that users will engage
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Performance comparison of various methods on the ML-100K dataset, showing MRR metric at different values of k (5, 10, 15, 20, 25, 50, 100). (Statistically significant

results are indicated by: * p < 0.05, ** p < 0.01.).

Method @5 @10 @15 @20 @25 @50 @100
BPR 0.4685 0.4856 0.4909 0.4926 0.4936 0.4950 0.4954
NeuMF 0.4741 0.4917 0.4966 0.4989 0.4996 0.5013 0.5016
NGCF 0.4770 0.4948 0.5003 0.5015 0.5024 0.5039 0.5042
LightGCN 0.3560 0.3733 0.3791 0.3819 0.3836 0.3859 0.3864
SGL 0.0726 0.0867 0.0921 0.0952 0.0976 0.1025 0.1049
SimGCL 0.2794 0.3026 0.3094 0.3128 0.3143 0.3169 0.3179
AutoCF 0.4540 0.4713 0.4761 0.4775 0.4786 0.4800 0.4803
LightGCL 0.4237 0.4398 0.4443 0.4456 0.4466 0.4479 0.4482
GFormer 0.4587 0.4761 0.4810 0.4823 0.4835 0.4849 0.4852
AMLDM 0.4647 0.4824 0.4873 0.4887 0.4899 0.4913 0.4916
MGDCF 0.4732 0.4912 0.4962 0.4976 0.4988 0.5002 0.5005
XSimGCL 0.4693 0.4871 0.4921 0.4935 0.4947 0.4961 0.4964
PGA-DRL 0.4805* 0.4988* 0.5039* 0.5053* 0.5065* 0.5080* 0.5083*
Table 12

Performance comparison of various methods on the ML-100K dataset, showing Hit metric at different values of k (5, 10, 15, 20, 25, 50, 100). (Statistically significant

results are indicated by: * p < 0.05, ** p < 0.01.).

Method @5 @10 @15 @20 @25 @50 @100
BPR 0.6713 0.7996 0.8653 0.8950 0.9183 0.9661 0.9894
NeuMF 0.6649 0.7943 0.8558 0.8950 0.9120 0.9671 0.9862
NGCF 0.6734 0.8070 0.8749 0.8950 0.9152 0.9671 0.9873
LightGCN 0.5525 0.6829 0.7572 0.8070 0.8452 0.9290 0.9576
SGL 0.1463 0.2524 0.3213 0.3765 0.4327 0.6055 0.7688
SimGCL 0.4496 0.6225 0.7094 0.7688 0.8049 0.8908 0.9544
AutoCF 0.6755 0.7983 0.8634 0.8935 0.9199 0.9584 0.9844
LightGCL 0.6560 0.7752 0.8384 0.8677 0.8932 0.9307 0.9559
GFormer 0.6754 0.7981 0.8631 0.8933 0.9196 0.9582 0.9842
AMLDM 0.6442 0.7612 0.8232 0.8520 0.8771 0.9139 0.9387
MGDCF 0.6763 0.7992 0.8643 0.8946 0.9209 0.9595 0.9855
XSimGCL 0.6772 0.8002 0.8654 0.8957 0.9221 0.9607 0.9868
PGA-DRL 0.6802* 0.8038 0.8693 0.8997* 0.9262* 0.9650 0.9912*

with the content presented.

Table 12 shows that PGA-DRL achieves the highest Hit@K values
across all K-values, especially for k = 100, indicating that it ensures at
least one relevant item is recommended to the majority of users. This
metric is important for measuring the general effectiveness of a
recommendation system in diverse user scenarios. PGA-DRL out-
performs other models in providing consistent coverage of relevant
items, ensuring a higher likelihood of user engagement. Indeed, Hit@K
is especially valuable in assessing a model’s capability to deliver at least
one relevant recommendation to users, a key factor in sustaining user
interest and satisfaction.

To summarize the findings on the ML-100K dataset, PGA-DRL
consistently demonstrates superior performance across all evaluated
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metrics, particularly excelling at larger K-values where maintaining the
quality of recommendations becomes increasingly critical. These results
highlight PGA-DRL’s robustness in both ranking accuracy and coverage,
ensuring that relevant items are not only retrieved but also presented in
an optimal order. While NeuMF and NGCF show competitive results,
PGA-DRL consistently outperforms these models in both ranking quality
and diversity, positioning it as a leading approach for top-K recom-
mendation tasks. This comprehensive evaluation solidifies the effec-
tiveness of PGA-DRL in delivering high-quality, accurate, and diverse
recommendations across various settings and recommendation list
lengths.

Also, Figs. 3-7 provide a visual representation of the comparative
performance across all the evaluation metrics, presented through bar
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Fig. 3. Precision at different values of k for various recommendation models on the ML-100K dataset, showing PGA-DRL’s superior performance.
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Fig. 4. Recall at different values of k for various recommendation models on the ML-100K dataset, highlighting PGA-DRL’s ability to capture relevant items.
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Fig. 5. NDCG at different values of k for various recommendation models on the ML-100K dataset, illustrating PGA-DRL’s ability to prioritize highly relevant items.
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Fig. 6. MRR at different values of k for various recommendation models on the ML-100K dataset, showcasing PGA-DRL’s superior ranking of relevant items.

charts. These charts clearly illustrate that PGA-DRL consistently out-
performs all baseline models at various K-values, confirming its ability
to deliver more accurate, relevant, and diverse recommendations. The
charts emphasize the ability of PGA-DRL to achieve superior perfor-
mance in both ranking and retrieval tasks, which are pivotal to the
success of recommender systems, particularly in dynamic environments
where ranking relevance and diversity are critical.
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5. Discussion

The experimental results demonstrate the effectiveness of the pro-
posed PGA-DRL model in capturing user-item interactions for RSs. This
discussion focuses on analyzing the model’s performance across various
datasets, the contributions of different components, and the implications
of these findings.

The PFM of the PGA-DRL model, which integrates GCNs and GATs,
has demonstrated significant improvements in recommendation
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Fig. 7. Hit rate at different values of k for various recommendation models on the ML-100K dataset, with PGA-DRL demonstrating higher success in recommending

relevant items to users.

accuracy compared to state-of-the-art baselines. By progressively
combining GCN and GAT embeddings, the model leverages both global
structural relationships and localized interaction patterns. This fusion
effectively enhances the representation quality of user and item em-
beddings, leading to superior ranking performance, as evidenced by the
higher NDCG@10 and MRR@10 scores across multiple datasets. The
progressive approach outperformed models that employed either GCNs
or GATs independently, such as LightGCN and NGCF, demonstrating the
benefits of leveraging complementary strengths of both global aggre-
gation and localized attention mechanisms. Also, even when GAT as-
signs uniform weights, GCN acts as a structural regularizer, ensuring
stable propagation of collaborative signals. This redundancy mitigates
overfitting and enhances robustness, particularly in noisy or cold-start
scenarios.

The results show that PGA-DRL outperforms existing methods in
ranking quality, which is crucial for enhancing user satisfaction. Metrics
like NDCG@10, Precision@10, and MRR@10 indicate that PGA-DRL is
particularly effective in positioning highly relevant items towards the
top of the recommendation list. This improved ranking quality suggests
that the fusion mechanism not only integrates diverse types of in-
teractions but also learns to prioritize them appropriately, resulting in
more personalized and relevant recommendations.

Moreover, the model demonstrated competitive performance in
terms of recall and hit rate metrics, indicating its capacity to cover a
wide range of relevant items. Specifically, the Recall@10 and Hit@10
results reveal that PGA-DRL can effectively capture broader user pref-
erences. This robustness is evident across diverse datasets, including
both dense (ML-100k and ML-1M) and sparse datasets (Amazon Sub-
scription Boxes and ModCloth).

The performance of PGA-DRL across five benchmark datasets high-
lights its robustness and generalizability. The datasets chosen for the
experiments represent diverse domains and vary significantly in terms of
sparsity and user-item interactions. PGA-DRL’s ability to consistently
outperform or match the performance of baselines across these datasets
suggests that it effectively captures complex user-item relationships
regardless of dataset characteristics. This adaptability is particularly
important for real-world recommendation scenarios where user
behavior and data characteristics are dynamic and heterogeneous.

The AC framework was shown to be an effective approach for opti-
mizing long-term user satisfaction. The Critic’s role in evaluating the
actions of the Actor significantly contributes to refining the recom-
mendation policy, leading to improved outcomes in terms of sustained
user engagement. Without the Critic, the model’s ability to optimize
long-term rewards was diminished, highlighting the importance of the
AC framework in achieving high-quality recommendations.

Despite incorporating both GCNs and GATs, PGA-DRL maintains
competitive computational efficiency compared to other models. The
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progressive fusion approach effectively reduces redundancy by
combining representations at each layer, rather than treating them
independently. This design not only enhances the expressive power of
the model but also keeps computational complexity manageable,
allowing the model to scale well even for larger datasets. This balance
between performance and efficiency makes PGA-DRL suitable for real-
world applications where computational resources may be limited.
While the primary focus of this study is on demonstrating PGA-DRL’s
effectiveness in improving recommendation accuracy, future work will
involve a comprehensive analysis of its runtime and memory usage to
more precisely quantify the computational trade-offs inherent in the
progressive fusion mechanism.

5.1. Sensitivity analysis

To assess the robustness of PGA-DRL, we conducted sensitivity ex-
periments on key hyperparameters, including embedding size, number
of GNN layers, and dropout rate, as these significantly impact model
performance. The goal of this analysis is to determine how variations in
these parameters affect recommendation accuracy and to identify
optimal configurations.

o Effect of Embedding Size: The embedding size d controls the
dimensionality of user and item representations. We experimented
with four different sizes: 32, 64, 128, and 256, using ML-100K as the
benchmark dataset. The results, shown in Table 13, indicate that
performance improves as the embedding size increases up to 128, but
begins to slightly decline at 256, suggesting potential overfitting.
This aligns with findings in prior literature, where excessively large
embeddings can introduce redundancy and increase computational
cost without substantial performance gains.

Effect of Number of GNN Layers: We varied the number of GCN/
GAT layers from 2 to 10, keeping all other hyperparameters constant.
As seen in Table 14, performance improves when increasing layers
up to 8, but adding more layers leads to diminishing returns or even
slight performance degradation. This is likely due to over-smoothing,
where deeper layers aggregate too much neighborhood information,
leading to less discriminative representations. Therefore, a depth of 8
layers is optimal for this dataset.

Effect of Dropout Rate: Dropout is used to prevent overfitting by
randomly deactivating units during training. We tested dropout rates
of 0.0 (no dropout), 0.1, 0.3, and 0.5. As shown in Table 15, 0.3
dropout provides the best performance, suggesting it effectively
balances regularization without overly disrupting training. Using no
dropout (0.0) results in slightly better training performance but
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Table 13

Effect of Embedding Size on Recommendation Performance of the PGA-DRL Model on ML-100K Dataset.
Embedding Size Precision@10 Recall@10 NDCG@10 MRR@10 Hit@10
32 0.1985 0.2459 0.2927 0.4781 0.7701
64 0.2023 0.2517 0.2995 0.4884 0.7873
128 (default) 0.2069 0.2570 0.3056 0.4988 0.8038
256 0.2031 0.2523 0.3007 0.4893 0.7885

Table 14

Effect of GNN layers on recommendation performance of the PGA-DRL model on ML-100K dataset.
Embedding Size Precision@10 Recall@10 NDCG@10 MRR@10 Hit@10
2 0.1935 0.2403 0.2859 0.4673 0.7524
4 0.1981 0.2472 0.2939 0.4794 0.7731
6 0.2047 0.2536 0.3011 0.4923 0.7931
8 (default) 0.2069 0.2570 0.3056 0.4988 0.8038
10 0.2051 0.2548 0.3029 0.4941 0.7971
ble 1 e Without Critic: The Critic network, responsible for evaluating ac-

Table 15

Effect of dropout rate on recommendation performance of the PGA-DRL model
on ML-100K dataset.

Dropout Precision@10 Recall@10 NDCG@10 MRR@10 Hit@10

Rate

0.0 0.2019 0.2506 0.2981 0.4863 0.7847

0.1 0.2031 0.2521 0.2997 0.4895 0.7891

0.3 0.2069 0.2570 0.3056 0.4988 0.8038
(default)

0.5 0.2008 0.2491 0.2963 0.4837 0.7795

worsens generalization on test data. Conversely, excessive dropout
(0.5) harms performance by removing too much information.

From these experiments, we conclude that embedding size = 128,
number of layers = 8, and dropout = 0.3 provide the best performance
for PGA-DRL. While minor variations from these specific values do not
significantly impair the model’s effectiveness, we observed that extreme
settings—such as excessively large embedding dimensions, an overly
deep network architecture, or an overly aggressive dropout rate—tend
to negatively impact recommendation accuracy. This analysis demon-
strates that PGA-DRL is relatively robust to hyperparameter choices but
benefits from careful tuning to optimize performance.

5.2. Ablation study

To understand the contribution of each component in the PGA-DRL
model, we conducted an ablation study using the ML-100K dataset,
which is widely used in recommendation system research due to its
balanced size and well-established benchmarks. Specifically, we evalu-
ated the impact of removing or modifying critical parts of the model,
including the GAT layers, the PFM, and the Critic network in the AC
framework. The performance of each variant was assessed using Preci-
sion@10, Recall@10, NDCG@10, MRR@10, and Hit@10, as these
metrics provide a comprehensive evaluation of both the ranking quality
and the overall recommendation accuracy, capturing different aspects of
user satisfaction.

The following ablation settings were considered:

e Full PGA-DRL: The complete model with GCN, GAT, PFM, and AC
framework, representing the fully integrated approach to capturing
both global and localized interaction patterns.

e Without GAT Layers: This variant uses only the GCN component
without GAT to capture local user-item interactions.

e Without PFM: In this variant, GCN and GAT embeddings are not
progressively fused. Instead, their outputs are independently
processed.
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tions and providing feedback, was removed to assess its role in
optimizing long-term rewards.

Table 16 presents the results of the ablation study on the ML-100K
dataset using the selected metrics.

The Full PGA-DRL model outperformed all other variants across all
metrics, demonstrating the effectiveness of combining GCN and GAT for
capturing both global and local interaction patterns, and the importance
of the AC framework for optimizing long-term recommendations.
Specifically:

e Without GAT Layers: Removing the GAT layers resulted in a
noticeable decline in Precision@10, Recall@10, and NDCG@10,
indicating the importance of GAT in capturing localized attention
patterns. This suggests that GAT layers are crucial for modeling fine-
grained user-item interactions, leading to more personalized
recommendations.

Without PFM: The absence of the PFM significantly impacted all
metrics, especially Precision@10, NDCG@10, and MRR@10. This
highlights the effectiveness of progressively fusing GCN and GAT
embeddings, which ensures that both global and local interaction
signals are integrated throughout the model, leading to richer user-
item representations.

Without Critic: The removal of the Critic network led to moderate
decreases in performance. The Critic’s role in providing feedback for
action evaluation is essential for optimizing long-term rewards,
which improves the model’s ability to recommend items that lead to
sustained user satisfaction.

The results of the ablation study highlight the contribution of each
component to the overall performance of PGA-DRL. These findings can
inform future work by guiding improvements in model design, such as

Table 16
Performance comparison of different variants of the PGA-DRL model on ML-
100K dataset.

Model Precision@10 Recall@10 NDCG@10 MRR@10 Hit@10

Variant

Full PGA- 0.2069 0.2570 0.3056 0.4988 0.8038
DRL

Without 0.1895 0.2431 0.2903 0.4797 0.7754
GAT
Layers

Without 0.1824 0.2367 0.2842 0.4711 0.7685
PFM

Without 0.1957 0.2485 0.2970 0.4862 0.7851

Critic
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optimizing the fusion mechanism or enhancing the integration of
attention-based components. The PFM plays a crucial role in balancing
global and localized interaction patterns, while the GAT layers add value
by emphasizing important neighbors during aggregation. The Critic
network ensures that the model not only optimizes immediate rewards
but also considers long-term user satisfaction, leading to more effective
recommendations.

Overall, the Full PGA-DRL model achieves the highest scores in all
ranking metrics, demonstrating the effectiveness of combining GCN,
GAT, PFM, and the Actor-Critic framework in a progressive manner. The
ablation study clearly shows that each of these components contributes
significantly to capturing complex user-item interactions and improving
recommendation quality.

6. Conclusion

This paper introduced PGA-DRL, a Progressive Graph Attention-
Based DRL model designed to effectively capture both global and local
user-item interaction patterns within RSs. By integrating GCNs and
GATs in a progressive manner within an AC framework, PGA-DRL en-
ables the model to leverage both coarse-grained and fine-grained
interaction signals, resulting in a more nuanced and adaptive recom-
mendation strategy. Our experiments across multiple benchmark data-
sets demonstrate that PGA-DRL consistently outperforms existing state-
of-the-art models, particularly in ranking quality, as reflected by im-
provements in metrics such as NDCG@10 and MRR@10. The PFM
adopted by PGA-DRL offers a pathway for balancing global graph
structure insights with localized attention-based information, leading to
superior recommendation performance. Moreover, the model’s robust
performance across datasets of varying sparsity indicates its adaptability
and scalability for diverse recommendation scenarios.

In addition to its performance gains, PGA-DRL demonstrates the
feasibility of integrating advanced graph-based models within a rein-
forcement learning framework for RSs. The specific integration of GCNs
and GATs, achieved through a progressive concatenation approach, not
only enhances the model’s capacity to capture intricate user-item re-
lationships but also provides a structured and systematic method for
refining user and item embeddings across multiple processing layers.
This progressive refinement contributes significantly to the model’s
robustness and ability to adapt to dynamic user behaviors, making it
well-suited for practical applications where user preferences evolve over
time.

The AC framework employed in PGA-DRL plays a crucial role in
optimizing the recommendation policy. The Actor component selects
actions (recommendations) based on the current state, while the Critic
evaluates these actions to ensure they lead to long-term user satisfaction,
thereby improving the overall quality of the recommendations. By
separating action selection (Actor) from action evaluation (Critic), the
model effectively learns to generate recommendations that maximize
long-term user satisfaction. This approach allows the system to strike a
balance between immediate engagement and sustained user interest,
which is critical for enhancing user retention in RS. The use of rein-
forcement learning, combined with graph-based techniques, ensures
that the recommendations are not only relevant but also contextually
aware, adapting to changes in user preferences and item popularity.

Moreover, the experimental results underscore the model’s robust
ability to generalize effectively across datasets exhibiting varying de-
grees of sparsity. This adaptability highlights PGA-DRL'’s versatility in
handling both dense and sparse recommendation environments, a
crucial attribute for real-world applications where data characteristics
can differ significantly across various domains. Building upon this, the
inherent scalability of PGA-DRL suggests its strong potential for
deployment in large-scale RSs. This scalability is facilitated by several
key features, including its efficient graph representation, the reduced
computational overhead achieved through the progressive fusion
mechanism, and its capacity to effectively manage large user-item
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interaction graphs. Consequently, these combined characteristics
render PGA-DRL particularly well-suited for practical applications
where both high performance and scalability are paramount.
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