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Recommendation systems are an important tool for information filtering, which have been widely 
applied in both industry and academia. Although recommendation methods that combine deep 
learning with collaborative filtering have improved recommendation performance to some extent, 
issues such as the cold start problem and lack of interpretability remain major challenges. To 
address these issues, this paper proposes a novel algorithm, RKGnet, a knowledge graph-based 
recommendation framework using deep reinforcement learning. RKGnet leverages the structural 
advantages of knowledge graphs and the adaptive decision-making capability of reinforcement 
learning. By dynamically iterating user preferences within the knowledge graph, RKGnet uncovers the 
hierarchical latent interests of users and dynamically selects relevant entities through reinforcement 
learning. It then adapts the recommendation strategy and improves recommendation effectiveness 
through iterative optimization, enhancing recommendation accuracy and system interpretability. 
Experimental results demonstrate higher performance when compared with existing methods. 
RKGnet demonstrates significant advantages in terms of accuracy, robustness, and interpretability, 
highlighting its broad application prospects in recommendation systems.
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The rising amount of information and services over the internet has given people a great variety of options 
as they are able to access music, news, restaurants, movies and books online. Recommendation systems are 
designed to address this issue of information overload by showing a few items that suit the personalized 
preferences of the users1. Nonetheless, traditional Graph Neural Networks (GNNs)-based recommendation 
systems are not well-suited to handle the increasing user requirements. Specifically, cold-start problems and the 
uninterpretability of the recommendation systems are also still important issues. In order to adequately deal with 
these problems, recent studies have been inclined towards the incorporation of novel model architectures that 
combine the knowledge information and user-item interaction data to recommend systems. An example is the 
integration of deep learning methods with knowledge graphs (KGs) into single frameworks to address cold-start 
challenges and increase the understanding of the system. Some researchers are investigating the applications of 
new model architectures to integrate the information on knowledge with the user-item interaction information 
in different systems of recommendations. The most widespread ones are convolutional neural networks (CNN), 
reinforcement learning (RL), and KGs2.

We propose RKGnet, a KG-based recommendation framework that leverages RL for personalized 
recommendations to address the above limitations,. The framework takes user-item pairs as input and predicts 
the probability of a user interacting with a given item. The core idea behind RKGnet is preference propagation. 
Specifically, for each user, RKGnet uses their historical preferences as a starting point (seed set) within the 
KG. It then iteratively expands the user’s interests along the links of the KG, dynamically discovering their 
layered potential interests relative to the candidate items. This process of preference propagation allows the 
system to adapt and refine recommendations in real time, ensuring that user preferences are accurately captured 
and updated. By integrating KG and RL, the proposed method improves recommendation performance and 
offers enhanced interpretability. KG provides structured semantic information that helps the system understand 
the context of user-item interactions, while RL enables the system to continuously adjust recommendation 
strategies based on user feedback. This approach mitigates the cold-start problem by leveraging the rich 
knowledge available in the KG, even when user behavior data is sparse. The cold start dilemma is a serious issue 
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in recommendation engines, especially when products or customers do not have enough interaction history. To 
address this problem, we offer a framework that alleviates it by using item titles and textual features, and utilizing 
KG to enrich recommendations. The addition of textual data would improve the capacity of the model to make 
such recommendations even when no previous interaction data is available.

RKGnet is a knowledge graph exploration approach based on path, which enables more dynamic and 
detailed user preference modeling than traditional embedding-based approaches. Second, RKGnet also features 
a hybrid reward system, a combination of sequence-level and knowledge-based rewards, which increases its 
performance with both short and long-term interactions of users. Lastly, knowledge graphs are also used to 
maximize the accuracy of recommendations, and increase interpretability, providing a clear understanding of 
how the recommendations are made.

Our contributions in this paper are as follows: 

	1.	 The RKGnet algorithm is proposed, a deep reinforcement learning (DRL) algorithm using a KG to solve the 
cold-start problem and enhance interpretability in recommendation system. RKGnet automatically discov-
ers hierarchical potential interests of users by iterating user preferences in KG.

	2.	 We propose a novel k-step reward function that strategically combines sequence-level and knowledge-level 
rewards to better balance immediate user engagement with long-term informational value.

	3.	 Extensive experiments were conducted to evaluate the effectiveness of the proposed RKGnet. Based on ex-
perimental results, the RKGnet outperformed the existing methods.

Related work
Recommendation systems enhanced by knowledge graphs (KGs) have gained significant attention for their 
ability to provide richer contextual information, thus improving recommendation accuracy. Existing literature 
can be categorized into three primary approaches: KG-based recommendation methods, Reinforcement 
Learning (RL)-based recommendation methods, and Hybrid KG-RL approaches.

Knowledge graph-based recommendation methods
Embedding-based methods
The embedding-based methods obtain the vector representation of entities and relationships in the KG through 
graph embedding, usually using the graph embedding method of the Trans series. Some researchers have 
designed a memory network-based structure to solve the problem that RNN networks cannot remember a long 
time series3. When the RNN network iterates the information of each time node, it can better remember and 
update the entity semantic representation information obtained by using TransE, thus effectively improving the 
utilization effect of the semantic information of the KG4. Thus, the recommendation results are optimized. Some 
researchers describe music recommendation as a knowledge base completion task to provide individual users 
with personalized music recommendation5. This approach treats users as special entities in the knowledge base 
related to artists/albums, and uses the knowledge embedding algorithm TransE to get vector representations of 
users and objects. Tang used the associated entity representations in the historical user interaction data obtained 
by TransR, and learned their weighted sum by using the self-attention mechanism, to obtain user characteristics 
more effectively6. He et al. further expanded the heterogeneous information network diagram by adding some 
attributes of users as nodes, such as gender, age, and occupation, to build the edge relationship between users and 
attributes7. Then, TransD method was used for graph embedding learning, thus solving the cold start problem 
of both users and items8. These methods have been evaluated across various frameworks, including those using 
graph embeddings like TransE and path-based strategies such as RippleNet9. These methods focus on embedding 
entities and relationships within a knowledge graph, improving recommendation accuracy by considering the 
semantic relationships between users and items.

Path-based methods
The path-based approach to applying knowledge graphs (KG) in recommendation systems primarily focuses 
on mining various connections between users and items through graph structures10. The paths between nodes 
can be analyzed to extract additional information in the KG11. This approach primarily focuses on associative 
paths among users as well as users and items and uses these paths to derive the corresponding degree between 
users and items in the KG12,13. The major part of this strategy is the ability to capture the user preference paths 
and the ability to design efficient path propagation and path mining processes in order to capture the user 
preferences. Path-based schemes provide a superior interpretability in comparison with vector embedding 
schemes. An example is that other researchers investigate user-friendly neighborhood information to provide 
individual suggestions. An example is RippleNet where a user clicks an item and the item becomes the “seed 
node” and builds a ring of first ripple is formed by using the seed node as the head node in triples, and the 
entities that are connected to it are the ripple entities of the first ripples9. Other studies also incorporate KG 
information using various path-based strategies14,15. It is in contrast to the traditional recommendation tasks, 
which make use of the time of historical user interaction information during path construction at each time 
node, and in this way, prevents information leakage. The user interaction data sequence is modeled by using 
self-attention network and predicts the activity16. The rule induction and rule guidance-based neural network 
recommendation system was suggested by M et al. and can be generalized according to the item-related KG, 
deduces additional relationships between various items, and can generate a recommendation system, which 
is simple to understand and interpret17. Other researchers suggested a policy-guided path reasoning (PGPR) 
approach, which converts the recommendation problem into a path finding problem with the user as the starting 
node and the item as the terminal node in the KG, and then offers the recommendation reasons based on the 
outcome of the path finding problem18.
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Reinforcement learning-based recommendation methods
Reinforcement learning (RL) consists of an adaptive approach using an exploration-interaction generation 
approach, and its powerful exploration can be applicable to the search of a recommendation system. Research 
by Google about the use of RL in the recommendations of YouTube brings hope to the industry. The approach 
of Chen has received the largest revenue of a single online operation of Youtube in last two years, and one of 
the main accents is the offer of a Top-K Off-Policy amendment scheme19,20. Action space of Policy-Gradient 
algorithm can be used in many online recommendation systems on YouTube. With regards to search result 
ranking, Ali introduced a ranking technique which maximizes the expected cumulative reward by implementing 
RL based on taking into consideration the association of non-synchronous ranking results. Based on this, the 
researchers are able to establish a strong connection between the sequencing of various actions, more than 
being independent of one another, because the author shows the need to maximize the cumulative payoff21. 
A recommendation framework grounded on DRL has been suggested by the University of Pennsylvania and 
Microsoft Research Asia to provide customized news suggestions. This recommendation model not only takes 
into consideration the feedback of the users on the existing recommendations, but also, consider the long 
term effects of the recommendations on the users22. Given that the news is time-sensitive, and the interest 
of users in news will dynamically evolve with time, authors apply DQN to simulate the temporal shift of the 
news suggestions, and the future expectation rewards of the users. Simultaneously, user clicks/no clicks and 
user activity can serve as the indicators of how satisfied users were with the result of the recommendation in 
order to enhance recommendations accuracy23,24. The author Jing Dong suggested a page-wise recommendation 
system using DRL to recommend the next page based on the instant feedback of users and to put items on 
the correct position in a page that decides the position of each item when creating a page of recommended 
items25. Serial interaction behavior between users and the recommendation system was modeled by Zhao using 
a Markov decision process. A recommendation system with automatic feature extraction and strategy trial-and-
error optimization using DRL technology was developed, and the model’s parameters were pre-trained using 
simulators before implementation26. The reliability of the suggestion is enhanced.

Hybrid KG-RL methods
However, while these approaches improve accuracy, they still face challenges such as the cold start problem and 
lack of interpretability. Recent literature has tried to deal with such problems using RL. Google came up with 
RL-based dynamic ranking on YouTube recommendations as an example19; however, these models normally 
do not provide the interpretability of why some recommendations are made. Conversely, our method, RKGnet, 
combines deep reinforcement learning (DRL) with a knowledge graph to solve both the cold start problem and 
interpretability. RKGnet takes advantage of the structural benefits of knowledge graphs to represent user-item 
interaction and apply DRL to explore and optimize user preferences. This allows it to select the entities in the 
knowledge graph that are relevant dynamically, providing better recommendations accuracy and transparency 
in decisions-making. RKGnet is better than the previous models, e.g., TransE4, RippleNet9, etc., as it tackles 
the problem of accuracy and interpretability. Compared to embedding-based models, RKGnet models user-
item connections as search paths inside the knowledge graph, which uncovers multi-level latent user interests 
and provides users with interpretable feedback into the recommendation process. Experimental results confirm 
these improvements since RKGnet was subjected to significant improvements compared to baseline models 
based on both recommendation accuracy and interpretability of the system.

However, our method, RKGnet, combines DRL and KG to enhance the accuracy and interpretability of 
recommendations. RKGnet represents the interaction between items and users as search paths within the 
KG, and RL actively chooses the useful entities and optimizes the recommendation strategy with time. This 
combined solution enables RKGnet to solve cold-start problems and improve system understanding more than 
current solutions such as TransE or RippleNet.

Problem formulation
The notations used in this paper and their corresponding descriptions are summarized in Table 1.

The recommendation can be formulated as follows. Suppose U = {u1, u2, . . .} represents the set of users, 
and V = {v1, v2, . . .} represents the set of items, in a classical recommendation setting. According to users’ 
implicit feedback, the user-item interaction matrix Y = {yuv | u ∈ U, v ∈ V } can be defined as follows:

	
yuv =

{ 1, if the user uinteracted with the itemv
0, otherwise

. The binary indicator yuv = 1 denotes an implicit user-item interaction (e.g., clicks, views, or browsing). 
Alongside the interaction matrix Y , we leverage a (KG) composed of (h, r, t) triples, where h and t ∈ E 
are head/tail entities, r ∈ R is their relation, and E and R represent the entity and relation sets in the KG, 
respectively.

We map the recommendation system to the KG, and model the recommendation search path as a Markov 
problem to facilitate the introduction of reinforcement learning (RL). A RL network based on strategy is mainly 
composed of two key parts: the state network and the strategy network. An agent is a virtual entity that searches 
for events defined according to task requirements, and its purpose is to find the optimal path and to achieve the 
maximum reward. In this paper, RL network is applied to the KG, and the KG is modeled as a Markov network. 
To better characterize the nodes in the graph, the definition of agent in KGPolicy27 is adopted, and the node 
closest to the target needs to be identified through the agent to achieve accurate characterization. In short, 
the KG-based RL network policy recommendation method is a path-oriented and efficient recommendation 
learning method that relies on agent state transfer and then learns through a policy network. The detailed 
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workflow of, RKGnet, our framework is illustrated in Fig. 1. Sampling process abstracts the data set sampling 
into nodes of the KG, then the policy network carries out Markov modeling on the KG to generate a model 
training environment suitable for RL, and finally a feedback technique is adopted to tune the parameters of the 
RL model to realize the recommendation system.

Proposed method
We utilize items’ titles and other textual metadata as key features within our recommendation model to deals 
with the cold start problem. By embedding these textual features into a KG, we can generate meaningful 
recommendations for new items. This allows our model to make more accurate predictions even when interaction 
data is sparse. The recommendation system is mapped to a KG where both item and user data is embedded 
in the graph nodes. Specifically the items are represented as nodes and their association (e.g. similarity, co-
occurrence) are viewed as an edge in the graph. The user interaction and other metadata (e.g., item type) are 
then mapped onto the graph making it rich and full of context that supports the generation of recommendations. 
After mapping the recommendation system to the KG, search path modeling between the items is created. The 
KG represents a semantic space upon which items relate to each other in a number of different relationships like 
category, attributes, or past interactions with users. Such relationships enable the system to identify not only 
items that are directly related but also those that are indirectly related, as well as present a wider and contextually 
more relevant list of recommendations.

Knowledge graph
KG represents human knowledge in the form of a directed graph, with entities representing nodes and their 
relationship being represented by the type of edge. The directed edge is an expression of a relation between two 

Fig. 1.  The processing of RKGnet.

 

Notation Description Notation Description

Y User-item interaction G Knowledge graph

U User set V Item set

E Entity set R Relation set

S State set A Action set

P Transition probability u User

v Item h Head entity

r Relation t Tail entity

s State a Action

r Reward t Time

ϵ Margin parameter e Embedding

γ Discount factor

P (st+1|st, at) Transition R(st, at) Reward function

O(s) Observation function V π
w (ok) Value function

πθ(uk | ok) Policy ∇J(Θ) Policy gradient

Table 1.  Notations and their description.
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entities, one the head and the other a tail, which is usually denoted as a triplet (h, r, t). These triplets show that a 
specific relation r exists between the head h and the tail t. Although the use of symbolic triplets has a very clear 
structure, it may be challenging programmatically11. To overcome it, we use the methods of knowledge graph 
embedding (KGE) that transforms discrete relations and entities to continuous vectors. Our method is based 
on TransE13, a popular KGE algorithm that represents the relationships as linear translations in the embedded 
space. TransE represents the connection between tail entity t and head entity h through relation r using the 
following translation principle.

	 h + r ≈ t,

In the equation above, the h, r, t ∈ Rdim are the dim-dimensional embeddings of the respective components, as 
shown in Fig. 2. The scoring function used to evaluate the likelihood of a triplet’s validity is defined as:

	 g(h, r, t) = −∥h + r − t∥1/2,

The greater the score, the greater the likelihood of the triplet h, r, t to be valid. The distance is usually determined 
by the L1 or L2 norm. According to this scoring task, TransE uses a margin-based loss to learn the embeddings, 
which is defined as:

	

L =
∑

(h′,r,t′)∈S′

ReLU(µ + g(h′, r, t′) − g(h, r, t)),

where µ > 0 denotes the margin parameter. The triplet (h, r, t) represents a valid training example, whereas 
(h′, r, t′) refers to a corrupted or negative sample. The goal of the loss function is to increase the difference 
between the scores assigned to correct triplets and those assigned to negative ones. These negative samples are 
typically generated by randomly substituting either the tail or the head entity in a valid triplet. During training, 
TransE employs gradient descent to iteratively update the embedding vectors in a way that minimizes the loss 
and enhances the quality of the learned representations.

The framework of RKGnet
In the framework of RL, an agent acquires knowledge through episodic interaction with an environment, aiming 
to master a task by acquiring a policy that translates observations into actions. Based on the encoder described 
above, the framework of RKGnet is shown in Fig. 3.

In scenarios involving continuous state and action spaces, a Markov Decision Process (MDP) is typically 
defined by a state space S, an action space A, a state transition function P (st+1 | st, at), and a reward function 
r = R(st, at), where s ∈ S, a ∈ A, and r denotes a scalar reward signal. In more complex settings where 
the agent cannot fully observe the true environment state, the model extends to a partially observable MDP 
(POMDP). In this case, the true state s is hidden, and the agent receives an observation o generated by an 
observation function O(s), which maps the hidden states to observable outputs. This POMDP framework 
is particularly useful in situations where data come from sensors, as is the case in this study. For the sake of 
consistency, we refer to both partially and fully observable environments under the umbrella of POMDPs 
throughout this paper, treating an MDP as a special instance where the observation function simply returns the 
state itself (i.e., an identity mapping).

To build our task, we adopt an MDP framework, where an agent sequentially interacts with an environment 
through discrete time steps. At each step t, the process resides in a specific state st ∈ S ,where the state 
represents all relevant information necessary to make sequential recommendations. This includes the user’s click 

Fig. 2.  TransE in 2-D space.
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interaction history as well as the KG information associated with the items they have interacted with. Therefore, 
the state at time t can be defined as:

	 st = [e1:t, G]

where e1:t indicates the historical items clicked by the u, and G indicates the KG information contained the 
historical items. The initial status is set to s0 = [∅, G], where ∅ indicates that the interactive item is empty. 
We used an embedded vector est ∈ Rdim to encode the state st information. est  is used to encode important 
information showing the state st.

In current state st, agent takes an action at ∈ A by selecting a recommendation item nt+1 from the set of 
candidates N. Action behavior can be modeled by the policy function π(st), which is a mapping from the state 
st to the probability distribution of all possible items. The softmax function is adopt to calculate the probability 
of a possible interaction with an item.

	
π(at | st) =

exp
{

enj W1est

}
∑

nj ∈N
exp

{
enj W1est

}

where enj  represents the representation of the j item, W1 is the parameter in the bilinear product, and est  is the 
representation of the state st. After each action, agent receives an intermediate reward value of rt+1. We set the 
reward function R(st, at) to reflect the recommended performance required in our task. In addition, we use the 
state transition function T (T : S × T → S) to update the state;

	 st+1 = T (st, at) = T ([u, e1:t, G], ej(at))

the new state st+1 can be written as [u, e1:t+1, G], and it is also associated with an embedded vector est+1 . 
The encoder mentioned here corresponds to the “Encoder” part shown in Fig. 3. The item encoder utilizes a 
Transformer model to encode the item sequence, and its architecture is detailed in Fig. 4.

The representation vector generated by the item encoder is denoted as ei. The encoder is composed of three 
layers. The first layer is a word layer, which converts the item’s description (such as title, attribution) into low-
dimensional vectors. The second is an MHA-based layer, which is responsible for capturing and learning the 
attention between the words. The third one is an additional attention network, which is used to model the relative 
importance of different words. The vectors of the previous layer are calculated by attention and aggregated to 
generate the representation of the item’s title et. Because the category information of the item selected by the 
user may also show their preference, the item’s category is modeled by a learnable transformation matrix, and 
the representation of the matrix is expressed as ec. Finally, item is represented as an vector e = [et; ec] formed 
by concatenating its title representation and category representation.

Proximal policy optimization
Since PPO has shown superior performance in many RL tasks, we used PPO as a policy gradient method. It 
is designed to approximate the trust region policy optimization approach by incorporating a constraint on 
policy adjustments through a clipped objective function. In PPO, the objective function is formulated using the 
probability ratio pk(θ), which is formulated by;

Fig. 3.  The framework of RKGnet.
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pk(θ) = πθ(ak | ok)

πθ old (ak | ok)

.
The fundamental concept involves creating two surrogate objectives. Firstly, the probability ratio pk(θ) and 

the benefits Aπ
w(ok, ak), and the another objective is a clipped version (using a clipping parameter ϵ) of pk(θ) 

multiplied by Aπ
w(ok, ak). The optimization objective J(θ) is defined as the expected value, over policy-induced 

trajectories, of the minimum between these objectives.

	

obj1 = pk(θ)Aπ
w(ok, ak); obj2 = clip(pk(θ)Aπ

w(ok, ak), 1 − ε, 1 + ε)
J(θ) = Ep(τ)[min(obj1, obj2)]

.
The clipped objective function inherently maintains an upper bound on the Kullback–Leibler (KL) divergence 

between consecutive policy distributions during optimization. This property contributes to convergence by 
preventing drastic changes in the policy between updates. In our PPO implementation, we estimate advantages 
by computing the difference between a learned value function and empirical return. Here, r(·) and γ represent 
the reward function, and discount factor, respectively, defined as:

	
Aπ

w(ok, ak) = [
T∑

ℓ=k

γℓ−kr(oℓ, aℓ)] − V π
w (ok)

here, the learned value function V π
w  is achieved using the cost function as follow:

	
L(w) =

M∑
i=1

(V π
w (oi

k) − [
T∑

ℓ=k

γℓ−kr(oi
ℓ, ai

ℓ)])2

. In practice, policy gradient algorithms (PGA) are used to update the policy by utilizing a batch of trajectories 
(rollouts) obtained through agent-environment interaction. Each trajectory corresponds to a single episode, and 
a sample from a trajectory collected at step k includes action ak , observation ok , and reward rk(ok, ak). The 
update process involves performing a gradient ascent in θ and a gradient descent in w. The update equations 
can be expressed as:

	 w+ = w− − βw∇wL(w)|w=w− ; θ+ = θ− + βθ∇θJ(θ)|θ=θ−

the βw  and βθ  denote learning rates for the value function V π
w (ok) and policy πθ(ak | ok), respectively.

Reward function based on KG
For RL algorithms, defining a suitable reward function is particularly important. In item recommendations, final 
performance is often calculated based on the exact match of item IDs. At the same time, interactive sequences 
are generated by users clicking on the item content of interest. Therefore, in addition to item-level performance, 
it is also important to measure how good or bad the inferred knowledge-level preferences are. Based on the 
above description, in the time step t, we define the k-steps reward function by integrating two different reward 
functions:

Fig. 4.  Encoder model.
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	 R(st, at) = λRkg(nt+1:t+k, n̂t+1:t+k) + (1 − λ)Rseq(nt+1:t+k, n̂t+1:t+k)

 where, Rseq(·, ·) and Rkg(·, ·) represent the sequence-level and knowledge-level of reward to the user click 
true reading subsequence nt+1:t+k  and recommend the subsequence of n̂t+1:t+k  as the information input , 
and λ is a hyperparamter to balance Rseq(·, ·) and Rkg(·, ·) . It should be noted that only the input of the k
-steps is considered here to approximate the overall performance. Then we discuss how to calculate Rseq(·, ·) 
and Rkg(·, ·) .

An effective reward function evaluates the performance at each step as well as the overall quality across the 
entire recommendation sequence in sequence recommendation. Drawing inspiration from machine translation 
evaluation, we adopt the BLEU metric28 to assess sequence recommendations. Formally, the interaction of a 
given actual subsequence nt+1:t+k  and recommend subsequence of n̂t+1:t+k , will reward function is defined as:

	
Rseq(nt+1:t+k, n̂t+1:t+k) = exp( 1

M

M∑
m=1

log precm)

where precmis the corrected precision value, computed as follows:

	
precm =

∑
pm∈nt+1:t+k

min(#(pm, nt+1:t+k), #(pm, n̂t+1:t+k))∑
pm∈nt+1:t+k

#(pm, nt+1:t+k)

where ρm is real click record nt+1:t+k  m-gram subsequence, #(pm, nt+1:t+k) is the quantity of occurrences of 
ρm in nt+1:t+k . M decides how many M-gram precision values to use. Using the above formula, it is possible to 
observe that this kind of reward function can help the recommendation algorithm create a more stable m-gram 
based on the actual sequence. Therefore, it is natural to measure sequence-level performance in tasks.

In the second reward function, the exact match to the item number is not concerned. Instead of evaluating 
recommendations directly at the item level, we focus on assessing the quality of the knowledge-level features 
represented in the sequence. Given a ground-truth subsequence and a predicted subsequence, denoted by 
nt+1:t+k  and n̂t+1:t+k , respectively, we adopt a straightforward averaging approach to aggregate the TransE 
embedding vectors. This allows us to obtain knowledge-level representations for the subsequences, represented 
as ct+1:t+k  and ĉt+1:t+k . These two representations of knowledge levels indicate the preference or liking of 
the user for the knowledge and logic concerning the item. Cosine similarity is taken as the reward in order to 
measure the difference between the two vectors:

	
Rkg(nt+1:t+k, n̂t+1:t+k) =

ct+1:t+k · ĉT
t+1:t+k

∥ct+1:t+k∥ · ∥ĉt+1:t+k∥

.

Learning algorithm
This work proposes a RL approach augmented with external KG information for sequential recommendation. 
The main challenge lies in constructing meaningful knowledge-aware state representations that effectively 
capture evolving user preferences. To address this, we employ Monte Carlo sampling to generate truncated 
interaction subsequences for MDP training, coupled with a novel pairwise ranking mechanism that enables 
inductive learning in the recommendation network. The update pattern of the RL network is shown in Figure 5.

In combination with the task of news recommendations, our goal is to learn a random strategy π that 
maximizes the expected cumulative reward J(Θ) for all users. The derivative of J(Θ) is:

	
∇J(Θ) = Eπ[

∑
u

n∑
j=t

γj−tRj
∇π(at | st; Θ)
π(at | st; Θ) ]

where the discount factor is represented by γ which balances the importance of current and future rewards, and 
Θ represents all the parameters that need to be learned29. A truncated strategy gradient training is used to learn 
the parameters. In particular, for each state st , model simulates a truncated k-steps sequence n̂(l)

t+1:t+k  , given 

n̂
(l)
t+1:t+k  , the learning process is:

	

∇Θ =
t+k∑
j=t

γj−tRj
∇π(n̂(l)

t | st; Θ)
π(n̂(l)

t | st; Θ)

Θ ← Θ + α∇Θ

.
The model iteratively performs this process L times to refine its estimate. In the network training phase, a 

crucial component is the inductive network, which forecasts future preferences from current ones. To train this 
neural network, a straightforward approach is to optimize it against the ground truth preference vector. However, 
for recommendation tasks, the KG information may have irrelevant information or noise. Furthermore, in the 
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sequence recommendation, the regression monitoring information for the real vector is sparse because only one 
fact-based preference vector ρt+1:t+k  is available for a given subsequence. We introduce a strategy to enhance 
the training process to better train the inductive network.

Based on state st simulation subsequence, [ρ1
t+1:t+k, ρ2

t+1:t+k, . . . , ρl
t+1:t+k], we can export their 

corresponding knowledge representation. By calculating their reward values, paired comparisons can be formed as 
additional constraints to improve learning. First of all, use of their bonus to construct L is the sequence of preference 
order, the givenρl

t+1:t+k  and ρl′
t+1:t+k , and then add constraint in pairs to train network, when 1 ≤ l, l′ ≤ L, 

if Rkg(nt+1:t+k, nl
t+1:t+k) > Rkg(nt+1:t+k, n̂l′

t+1:t+k), then MLP (ρ̂l
t+1:t+k) > MLP (ρ̂l′

t+1:t+k). The core 
innovation of the model is the inclusion of future knowledge-based preferences ρt+1:t+k . Such a factor was 
missing from the previous knowledge perception recommendation model, which made it difficult to capture the 
evolution of user interests. Using the trained model, we can compute the probability that a user will click on a 
specific candidate item based on their interaction history. These candidate items are then ranked according to 
their predicted click probabilities, and the top-N items are selected to form the final recommendation list.

Pseudocode and evaluation protocol
To enhance transparency and reproducibility, we provide the following pseudocode that summarizes the training 
and inference process of RKGnet.

Algorithm 1.  Training and inference process for RKGnet.

Computational complexity
The suggested framework is comprised of three main steps, which include preference propagation over the 
knowledge graph, state representation on the inductive network, and decision-making on the RL. Multi-hop 
neighbor expansion is part of preference propagation process that has worst-case time complexity of O(kh) 
where k is the average number of neighbors and h is the number of hops. The inductive encoder network has 
a time per user or item embedding of On O(n · d2), with n nodes and d the dimension of the embedding. The 

Fig. 5.  RL learning algorithm.
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policy network used by the RL agent has complexity determined by the size of action space and the size of the 
state dimensions, usually O(a · d), a is a size of action space. In general, RKGnet is a linear scaling computational 
cost that depends on the number of interactions and entities in the graph, which makes it viable to medium 
and large-scale knowledge-informed recommendations. Also, the model can be used with batched and parallel 
processing, which further enhances efficiency during training and inference.

Experiments
In this section, we discuss the baselines, datasets, and experiment setup, followed by the results of the 
experiment. We also include a selection of the hyperparameters and an ablation study. We conduct experiments 
on the performance of our framework on cold start by testing items that the user has limited interaction data. 
In particular, we pay attention to new objects that do not have enough history of interaction, and based on 
their metadata (e.g., titles, descriptions), we make recommendations. We prove that the suggested framework 
is superior to classical approaches in cold start cases. In the case of products that have no user interactions 
before, the item titles and knowledge graph embeddings are much more likely to enhance the precision of 
recommendations.

Datasets
In the experimental setup, we use three different datasets for knowledge graph-based recommendation, such as 
Amazon-book, Yelp2018, and Alibaba-iFashion. The statistic of these datasets can be seen in the Table 2.

•	 Amazon-book composed of book purchasing records from Amazon.com, where items are individual books. 
Its KG represents connections among books, authors, and categories.

•	 Yelp2018 is obtained from the Yelp Challenge 2018 and contains user interactions with local businesses, 
where items represent distinct business establishments such as restaurants and shops.

•	 Alibaba-iFashion is a fashion dataset from Alibaba’s platform, where items correspond to specific fashion 
products such as clothing and accessories, and it features rich item relationships in its knowledge graph.

Following the approach established in prior work30,31, we preprocess all datasets by mapping items to knowledge 
graph entities via name matching and adopt the same knowledge graph construction methodology. For each 
dataset, we split the interactions by allocating 80% of each user’s history to training, 10% of the training set for 
validation, and the remaining 20% for testing, ensuring consistent experimental conditions.

Evaluation metrics
The performance of the proposed RKGnet and the baseline models is evaluated using three widely-adopted 
metrics: Recall@K, Precision@K, and Normalized Discounted Cumulative Gain (NDCG@K) with K = 20 as 
the default cutoff. These metrics are defined as follows:

	

Precision@K =
∑

u∈U
|R(u) ∩ T (u)|∑

u∈U
|R(u)|

; Recall@K =
∑

u∈U
|R(u) ∩ T (u)|∑

u∈U
|T (u)|

NDCG@K = DCG@K
IDCG@K; DCG@K =

K∑
i=1

ri

log2(i + 1) ; IDCG@K =
min(|T (u)|,K)∑

i=1

1
log2(i + 1)

where R(u) represents the list of top-K predicted items for user u, and T(u) represents the set of ground-truth 
items for the user, and ri ∈ {0, 1} denotes whether the item at position i is relevant to the user.

Parameters setting
KG embeddings are initialized using the TransE algorithm with entity/relation dimensions of 32, applying L2 
regularization (weight 0.01) to prevent overfitting. The Transformer encoder consists of 6 layers with a hidden 
dimension of 512, 4 attention heads. The setting of model training parameters is shown in Table 3.

We employ breadth-first search to traverse the knowledge graph and generate 100,000 item triplets 
through random walks. These triplets are then used to optimize TransE embeddings via a margin-based loss 
function, enforcing geometric consistency in the vector space. The Transformer encoder pre-trains on product 
title sequences (truncated to 50 tokens) through self-supervised learning, minimizing cross-entropy loss for 
predicting the next token in the sequence. The learning rate (η) dynamically adjusts as follows;

Dataset

User-item interaction KG

#Users #Items #Interactions #Entities #Relations #Triplets

Amazon-book 70679 24915 847733 88572 39 2557746

Yelp2018 45919 45538 1185068 90961 42 1853704

Alibaba-iFashion 114737 30040 1781093 59156 51 279155

Table 2.  Dataset statistics summary.
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η = 3 × 10−4 (initial value),
η = η × 0.8 every 5 epochs,

with early stopping if NDCG does not improve for 10 consecutive epochs. Gradient clipping is applied separately 
to the policy and value networks during PPO updates to prevent the probability ratio ρk/πθold  from exploding 
and ensure numerical stability.

Baselines
The following baselines were included in a comprehensive comparative study with the proposed RKGnet. They 
were selected to represent major research strands, including sequential and session-based models (GRU4RC32, 
SR-GNN33), knowledge-aware models that integrate graph-side information (DKN34, KGAT31, KGIN35, 
KGRec36), and reinforcement learning-based KG reasoning methods that perform explicit pathfinding (PGPR37, 
MultiHopKG, TPGR38, RKGR39, ReMR40, DRLRS41, EQGPR42). This selection ensures a rigorous evaluation 
against diverse state-of-the-art paradigms.

•	 GRU4RC Models user session sequences using Gated Recurrent Units (GRUs) to predict the next click.
•	 SR-GNN Represents sessions as graphs and uses Graph Neural Networks (GNNs) to capture complex item 

transitions and higher-order connectivity.
•	 DKN Integrates knowledge graph entity embeddings and word embeddings via a CNN for click-through rate 

prediction.
•	 KGAT Employs a graph neural network to explicitly model high-order relationships in user–item–KG collab-

orative knowledge graphs.
•	 KGIN Models finer-grained user–item relations and leverages relational paths for representation aggregation 

in a GNN.
•	 KGRec Uses self-supervised rationalization to identify informative KG connections and cross-view contras-

tive learning to mitigate noise.
•	 PGPR A foundational reinforcement learning method that performs policy-guided path reasoning over KGs 

to generate interpretable recommendations via multi-hop paths.
•	 MultiHopKG An RL-based KG reasoning approach designed to mitigate false negative supervision and reduce 

sensitivity to spurious paths.
•	 TPGR Employs policy gradient learning to traverse a hierarchical item tree, addressing the challenge of dis-

crete action spaces.
•	 RKGR Incorporates user reviews to better capture preferences and uses predicted ratings as reward signals in 

reinforcement learning.
•	 ReMR An RL-based framework that integrates ontology-view and instance-view KGs for multi-level reason-

ing to capture hierarchical user interests.
•	 DRLRS A deep reinforcement learning recommendation system that replaces self-attention with a soft atten-

tion mechanism.
•	 EQGPR Jointly optimizes recommendation accuracy and explanation quality by evaluating reasoning paths 

based on recency, popularity, and diversity.

Overall performance
In this section, we present the overall performance of the proposed model using three different datasets. The 
overall performance comparison of different recommendation methods across three datasets: Amazon-Book, 
Yelp2018, and Alibaba-iFashion is shown in Table 4. The performance is evaluated using Recall@20 and 
Precision@20 for each method, along with the corresponding standard deviation (shown as ±). Methods are 
ranked by performance, with RKGnet outperforming other models in all three datasets, achieving the highest 
Recall and Precision values. In particular, RKGnet shows improvements of +1.92%, +2.15%, and +1.59% in 
Recall@20 for Amazon-Book, Yelp2018, and Alibaba-iFashion, respectively, as well as consistent improvements 
in Precision@20. The results highlight the effectiveness of RKGnet compared to other baseline models, such 
as GRU4RC, SR-GNN, and ReMR, which demonstrate lower performance in most cases. The performance 
improvements indicate that the proposed method offers a robust solution for recommendation tasks, particularly 
in handling varying datasets.

The comparative performance in terms of NDCG 20 metric of different recommendation techniques on three 
datasets, Amazon-Book, Yelp2018 and Alibaba-iFashion is shown in Fig. 6. The techniques can be categorized 

Parameter Value Parameter Value

clip_ϵ 0.2 discountfactor_γ 0.9

kl_coeff 0.5 balance_λ 0.4

batch_size 4,096 learningrate_η 0.0003

entropy_coeff 0.02 max_grad_norm 0.5

embedding_dimension 32 iteration_number 3

margin_µ 1.0

Table 3.  Hyperparameter configuration.
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into three, which include sequential models (blue bars), knowledge-aware models (orange bars), and RL-based 
KG reasoning models (green bars), where the proposed RKGnet (highlighted in red) performs better with all 
datasets than any other method. In the case of Amazon-Book and Yelp2018, RKGnet has the best Recall and 
Precision values, and it is significant relative to the other baseline approaches. RKGnet also works well in the 
Alibaba-iFashion data, outperforming the other models. The findings indicate that RKGnet, based on RL and 
KG-based reasoning, offers a considerable performance improvement over the traditional sequential models and 
other knowledge-aware models. The standard deviations represented in the error bars of the figure show how the 
results are consistent when the experiment is repeated.

Table 4, and Fig. 6 show a detailed comparison of different recommendation methods using three datasets, 
such as Amazon-Book, Yelp2018, and Alibaba-iFashion. The table presents the performance of various models, 
encompassing traditional approaches approaches, knowledge-driven models, and RL techniques applied to KGs. 
The RKGnet performed better than the others in Recall and Precision at 20. RephraseRKGnet performs the 
best in all datasets, showing improvements of up to 2.15% in Recall and 2.15% in Precision on Amazon-Book. 
The chart shows that RKGnet performs better than the other models in all datasets. This highlights the benefits 
of combining RL with KG reasoning. The error bars in the figure indicate the reliability of the results, as the 

Fig. 6.  NDCG@20 comparison on datasets.

 

Method

Amazon-Book Yelp2018 Alibaba-iFashion

Recall@20 Precision@20 Recall@20 Precision@20 Recall@20 Precision@20

GRU4RC 0.1382 ± 0.0023 0.0453 ± 0.0017 0.1256 ± 0.0028 0.0412 ± 0.0019 0.0983 ± 0.0021 0.0356 ± 0.0015

SR-GNN 0.1425 ± 0.0028 0.0468 ± 0.0021 0.1298 ± 0.0032 0.0427 ± 0.0023 0.1027 ± 0.0026 0.0372 ± 0.0018

DKN 0.1293 ± 0.0021 0.0421 ± 0.0016 0.1187 ± 0.0025 0.0389 ± 0.0018 0.0921 ± 0.0019 0.0332 ± 0.0014

KGAT 0.1489 ± 0.0035 0.0489 ± 0.0028 0.1362 ± 0.0038 0.0448 ± 0.0031 0.1030 ± 0.0031 0.0378 ± 0.0025

KGIN 0.1436 ± 0.0031 0.0472 ± 0.0024 0.1321 ± 0.0034 0.0435 ± 0.0026 0.1208 ± 0.0028 0.0413 ± 0.0022

KGRec 0.1512 ± 0.0038 0.0508 ± 0.0031 0.1398 ± 0.0041 0.0461 ± 0.0034 0.1188 ± 0.0034 0.0429 ± 0.0028

PGPR 0.1463 ± 0.0034 0.0481 ± 0.0027 0.1345 ± 0.0037 0.0442 ± 0.0030 0.1072 ± 0.0030 0.0387 ± 0.0024

MultiHopKG 0.1441 ± 0.0032 0.0473 ± 0.0025 0.1328 ± 0.0035 0.0437 ± 0.0028 0.1058 ± 0.0029 0.0381 ± 0.0023

TPGR 0.1492 ± 0.0036 0.0490 ± 0.0029 0.1371 ± 0.0039 0.0451 ± 0.0032 0.1097 ± 0.0032 0.0396 ± 0.0026

RKGR 0.1528 ± 0.0041 0.0502 ± 0.0034 0.1406 ± 0.0043 0.0463 ± 0.0037 0.1163 ± 0.0037 0.0419 ± 0.0031

ReMR 0.1562 ± 0.0043 0.0505 ± 0.0036 0.1415 ± 0.0045 0.0475 ± 0.0039 0.1172 ± 0.0039 0.0423 ± 0.0033

DRLRS 0.1519 ± 0.0039 0.0499 ± 0.0032 0.1392 ± 0.0042 0.0458 ± 0.0035 0.1158 ± 0.0035 0.0417 ± 0.0029

EQGPR 0.1558 ± 0.0045 0.0512 ± 0.0038 0.1445 ± 0.0047 0.0471 ± 0.0041 0.1191 ± 0.0041 0.0435 ± 0.0035

RKGnet (Ours) 0.1592 ± 0.0028 0.0523 ± 0.0021 0.1468 ± 0.0031 0.0483 ± 0.0023 0.1224 ± 0.0025 0.0442 ± 0.0019

% Improv. +1.92% +2.15% +1.59% +1.68% +1.32% +1.61%

Table 4.  Overall performance on datasets.
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performance improvements are similar across tests. These results show that RKGnet is good at making better 
recommendations, especially when dealing with different types of data.

Ablation study
We systematically evaluate the contribution of each key component in RKGnet by removing or modifying it 
and measuring the impact on recommendation performance. In ablation study, we evaluate five variants of the 
RKGnet framework from both model components and strategy perspectives; w/o KG: Removes KG integration, 
relying solely on user-item interactions. W/o RL denotes the replacement of the RL module with static GNN-
based preference propagation. w/o Rkg  eliminates the knowledge-level reward, retaining only sequence-level 
optimization; w/o Rseq  removes the sequence-level reward, relying solely on KG-based rewards. w/o PPO 
substitutes Proximal Policy Optimization with vanilla policy gradients. In addition, we also evaluate the effect of 
two important strategies, these are, w/o CG, which removes the candidate generation (CG) mechanism, relying 
only on static features to generate recommendations; and w/ EN which introduces noise to the edges in the 
knowledge graph to evaluate the model’s robustness under noisy graph structures. Each variant isolates the 
contribution of a specific component or strategy in the full RKGnet framework, which provides insights into 
how each design choice influences the recommendation performance.

The results of the ablation study can be seen in Table 5. Each dataset has different versions of the RKGnet 
model, where some parts are taken out or changed to see how it affects performance. The Recall@20, 
Precision@20, NDCG@20, and Latency are considered in this evaluation. The results show that the full form of 
the RKGnet model performs best across all datasets for Recall, Precision, and NDCG. Whenever we remove some 
modules, its performance decreases. For instance, removing the KG (without KG) leads to significant decreases 
in performance, especially in Recall and Precision. When we remove the sequence-level reward (without Rseq) 
leads to the significant drop in performance for all the datasets. This shows how important this module is. Adding 
edge noise (w/ EN) makes the performance a little better, especially in how quickly it responds. This shows that 
using noise can make the model stronger. Also, removing the candidate generator (w/o CG) causes a slight drop 
in performance. This means that the CG module helps improve the quality of recommendations. This ablation 
study shows that every module is important for how well RKGnet works, especially the use of knowledge graphs 
and rewards at the sequence level.

Variant Recall@20 Precision@20 NDCG@20 Latency(ms)

Amazon-Book

 Full RKGnet 0.1592 0.0523 0.1116 1580

 w/o KG 0.1465 (− 7.9%) 0.0481 (− 8.0%) 0.1027 (− 8.0%) 1420 (− 10.1%)

 w/o RL 0.1518 (− 4.6%) 0.0499 (− 4.6%) 0.1064 (− 4.7%) 1450 (− 8.2%)

 w/o Rkg 0.1560 (− 2.0%) 0.0512 (− 2.1%) 0.1093 (− 2.1%) 1550 (− 1.9%)

 w/o Rseq 0.1305 (− 18.0%) 0.0429 (− 18.0%) 0.0915 (− 18.0%) 1480 (− 6.3%)

 w/o PPO 0.1528 (− 4.0%) 0.0502 (− 4.0%) 0.1071 (− 4.0%) 1600 (+ 1.3%)

 w/o CG 0.1512 (− 4.7%) 0.0500 (− 4.4%) 0.1049 (− 5.9%) 1500 (− 5.1%)

 w/ EN 0.1533 (− 2.5%) 0.0515 (− 1.5%) 0.1078 (− 3.4%) 1605 (+ 1.6%)

Yelp2018

 Full RKGnet 0.1468 0.0483 0.1072 1520

 w/o KG 0.1352 (− 7.9%) 0.0444 (− 8.1%) 0.0986 (− 8.0%) 1365 (− 10.2%)

 w/o RL 0.1402 (− 4.5%) 0.0461 (− 4.6%) 0.1023 (− 4.6%) 1395 (− 8.2%)

 w/o Rkg 0.1439 (− 2.0%) 0.0473 (− 2.1%) 0.1051 (− 2.0%) 1490 (− 2.0%)

 w/o Rseq 0.1204 (− 18.0%) 0.0396 (− 18.0%) 0.0879 (− 18.0%) 1425 (-6.3%)

 w/o PPO 0.1410 (− 4.0%) 0.0464 (− 3.9%) 0.1029 (− 4.0%) 1540 (+ 1.3%)

 w/o CG 0.1395 (− 5.0%) 0.0452 (− 6.4%) 0.1010 (− 6.3%) 1460 (− 4.0%)

 w/ EN 0.1420 (− 3.3%) 0.0469 (− 3.0%) 0.1040 (− 3.0%) 1575 (+ 2.4%)

Alibaba-iFashion

 Full RKGnet 0.1224 0.0442 0.0776 1450

 w/o KG 0.1126 (− 8.0%) 0.0406 (− 8.1%) 0.0714 (− 8.0%) 1305 (− 10.0%)

 w/o RL 0.1168 (− 4.6%) 0.0421 (− 4.8%) 0.0740 (− 4.6%) 1330 (− 8.3%)

 w/o Rkg 0.1200 (− 2.0%) 0.0433 (− 2.0%) 0.0760 (− 2.1%) 1420 (− 2.1%)

 w/o Rseq 0.1004 (− 18.0%) 0.0362 (− 18.1%) 0.0636 (− 18.0%) 1360 (− 6.2%)

 w/o PPO 0.1175 (− 4.0%) 0.0424 (− 4.1%) 0.0745 (− 4.0%) 1470 (+ 1.4%)

 w/o CG 0.1150 (− 6.0%) 0.0410 (− 7.3%) 0.0722 (− 6.9%) 1390 (− 4.1%)

 w/ EN 0.1191 (− 2.7%) 0.0431 (− 2.5%) 0.0754 (− 2.9%) 1500 (+ 3.4%)

Table 5.  Ablation study results on datasets.
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Hyperparameter sensetivity analysis
A sensitivity analysis on three important hyperparameters, such as Iteration Number (L), Discount Factor (γ), 
and Reward Weighting (λ) (Rkg  and Rseq) are performed to comprehensively evaluate the performance of the 
RKGnet. These parameters play an important role in RL models, affecting convergence speed, policy optimization 
stability, and overall recommendation performance. By analyzing these hyperparameters, we attempt to better 
understand their impact on the model’s performance and provide guidance for further optimization. The 
hyperparameter sensitivity analysis is shown in Fig. 7.

Effect of iteration number
Here, we change the iteration number L to study its impact on model refinement. A small L may lead to 
insufficient updates and weak preference modeling, whereas a large L allows more pairwise comparisons for 
better generalization but increases computation cost. This experiment shows the balance between training 
efficiency and recommendation performance. Increasing L generally improves Recall@20, with diminishing 
returns after a certain point. Optimal performance is typically achieved between 3 and 4 iterations, which 
balance the accuracy and computational efficiency.

Effect of discount factor
The discount factor γ governs the trade-off between immediate and long-term rewards. A lower value prioritizes 
short-term engagement (e.g., immediate clicks), while a higher value places greater emphasis on future returns, 
thereby encouraging the capture of long-term user preferences. A higher discount factor emphasizes long-term 
rewards, enhancing model performance in most cases. A value of γ around 0.9 yields the best results across 
datasets, although performance improvements plateau at higher values.

Effect of reward weighting
The parameter λ balances the knowledge graph reward and sequence reward. A higher λ emphasizes the 
knowledge graph’s structure, while a lower λ focuses on dynamic user behavior. Proper tuning of λ improves 
both recommendation accuracy and interpretability. The results show that for datasets, the best recall is 
achieved at λ = 0.5, indicating an optimal balance between knowledge graph and sequence rewards. Extreme 
values of λ result in reduced performance, highlighting the importance of balancing both rewards for effective 
recommendations.

Discussion
Although the core concept of combining DRL with KGs has been explored in prior work, our proposed method 
introduces novel elements that offer tangible improvements. The distinctive contributions of the proposed method 
lie in its integration of path-based exploration within the KG, which allow for more dynamic and interpretable 
modeling of user-item interactions. In addition, the hybrid reward mechanism combine sequence-level and 
knowledge-based rewards, enhances the system’s ability to balance both short-term and long-term objectives. 
These design choices are carefully tailored to address specific challenges, such as cold-start problems, and to 
ensure the model’s adaptability and stability in real-world recommendation. Furthermore, the ablation studies 
provide empirical evidence that each component plays a critical role in improving the overall performance of 
the system. While the theoretical justification for some design choices is a direction for further exploration, the 
results presented in this work demonstrate clear advantages over existing baselines, validating the relevance and 
necessity of our proposed approach.

The current evaluation focuses on three datasets, such as the Amazon-Book, Yelp2018, and Alibaba-
iFashion, we acknowledge that additional testing on a wider range of datasets is needed to fully assess the 
generalizability and robustness of the proposed RKGnet. Future work will aim to evaluate RKGnet on other 
real-world recommendation tasks, including domains such as e-commerce and social media, and to explore its 
performance on more diverse user behavior patterns. This will help us better understand how RKGnet adapts to 
varying data distributions and refine its effectiveness further.

Fig. 7.  Hyperparameter sensetivity analysis on datasets.
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Conclusion and future work
Recommendation systems are an important tools that help users make sense of the vast and often overwhelming 
amount of information they encounter in today’s digital world. They are widely used across industries and research 
to deliver personalized content. While the integration of DL with CF has led to noticeable improvements in 
recommendation accuracy, key challenges like the cold-start problem and limited interpretability still persist. To 
overcome these problems, we introduce RKGnet, a novel recommendation framework that combines the strengths 
of KG with DRL. RKGnet exploits the rich relational structure of KG to model user-item interactions and uses 
RL to adaptively explore and update user preferences over time. By dynamically selecting and evaluating entities 
within the KG, the model captures multi-level, latent user interests and refines its recommendation strategy 
through continuous learning and feedback. In this study, only the attribute information of the item is used to 
build the candidate item set. The RKGnet effectively addresses the cold start problem by leveraging item metadata 
and KG. The results show that this approach significantly improves recommendation performance, especially for 
new items with limited user interaction data. The proposed approach not only boosts recommendation accuracy 
but also improves transparency by offering interpretable insights into why certain items are recommended. 
Experimental results show that RKGnet outperforms existing models in terms of accuracy, robustness, and 
interpretability, demonstrating its strong potential for real-world deployment in recommendation scenarios. In 
future work, we can add the user’s information, and the relationship between users.

Data availability
All relevant data are within the paper.
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