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Abstract
Integrating knowledge graphs into recommendation systems can leverage the
semantic relationships between entities in knowledge graphs to learn user and
item representations. Embedding propagation-based methods utilize the graph
structure of knowledge graphs to learn relevant features, but as the propaga-
tion range increases, the semantic correlation between multi-hop entities dimin-
ishes. To effectively enhance the semantic expressiveness of recommendations
and improve recommendation accuracy, this paper proposes a knowledge-aware
propagation recommendation model based on user latent interests. This model
employs heterogeneous propagation to disseminate item-associated knowledge
and iteratively learns users’latent interests, thereby enhancing the model’s
representation capability for users and items. Specifically, a graph embedding
layer first generates initial representations of users and items. Subsequently, in
the heterogeneous propagation layer, a knowledge-aware attention mechanism
is adopted to distinguish the importance among entities within the same layer,
generating more precise representations of target entities. Then, through user
latent interest propagation, the model learns users’high-order latent interests,
enhancing the semantic correlation of multi-hop entities. Finally, in the predic-
tion layer, an information decay factor is used to differentiate the importance
of different propagation layers, generating the final representations of users and
items. Experiments demonstrate that on the Last.FM and Book-Crossing public
datasets, the proposed model achieves AUC improvements of 2.25% and 4.71%
respectively compared to state-of-the-art baselines, F1 score improvements of
3.05% and 1.20% respectively, and Recall@K values superior to the compared
baseline models. The model proposed in this paper can effectively improve
recommendation accuracy.
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Abstract: Integrating knowledge graphs into recommender systems enables the
learning of user and item representations by leveraging semantic relationships
between entities in the knowledge graph. Embedding propagation methods uti-
lize the graph structure of knowledge graphs to learn relevant features, but
the semantic correlation between multi-hop entities diminishes as the propa-
gation range increases. To effectively enhance the semantic expressiveness of
recommendations and improve recommendation accuracy, this paper proposes
a knowledge-aware propagation recommendation model based on user’s poten-
tial interests. The model employs heterogeneous propagation to disseminate
item-related knowledge and iteratively learns users’latent interests, thereby en-
hancing the representation capability for both users and items. Specifically, the
graph embedding layer first generates initial representations of users and items.
Subsequently, the heterogeneous propagation layer employs a knowledge-aware
attention mechanism to distinguish the importance among entities within the
same layer, generating more accurate representations of target entities. The
model then learns users’high-order potential interests through user potential
interest propagation, enhancing semantic relevance across multi-hop entities.
Finally, the prediction layer utilizes an information decay factor to differentiate
the importance of different propagation layers, generating final representations
of users and items. Experiments demonstrate that the model achieves AUC
improvements of 2.25% and 4.71% on the Last.FM and Book-Crossing public
datasets respectively compared to state-of-the-art baselines, with F1 score im-
provements of 3.05% and 1.20%. The Recall@K values outperform comparative
baseline models, confirming that the proposed model effectively improves rec-
ommendation accuracy.

Keywords: recommender systems; knowledge graph; attention mechanisms;
heterogeneous propagation

0 Introduction
The development of computer science and the Internet has led to the rapid
rise of various digital platforms such as e-commerce and digital media, which
improve people’s living standards while simultaneously causing information
overload problems [1]. Recommender systems can alleviate this issue by recom-
mending items that users may like based on their interaction behaviors, even
when user needs are unknown. Collaborative filtering recommendation algo-
rithms [2–5] represent a key research focus in recommender systems, embodying
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the associative characteristics between user preference similarity and user be-
havior similarity. However, these algorithms suffer from data sparsity problems
when user interaction information is scarce or nonexistent [6]. To address data
sparsity, researchers have begun incorporating auxiliary information to better
learn item-related features and generate item representations.

Knowledge graph recommendation introduces knowledge graphs [7] into collab-
orative filtering, utilizing rich external semantic knowledge about items to en-
hance model expressiveness. A knowledge graph is a form of structured auxiliary
information composed of (head entity, relation, tail entity) triples, containing
substantial item background and attributes represented through entities and
relations. Since items are connected through attributes, the network structure
of knowledge graphs can capture semantic correlations between items during
feature learning, thereby improving item representation and description capa-
bilities. Compared to general collaborative filtering, knowledge-aware recom-
mendation yields more accurate results with a certain degree of interpretability.

Knowledge graph recommender systems fall into three categories: embedding-
based methods, path-based methods, and embedding propagation-based meth-
ods. Embedding propagation methods [8] combine knowledge graph semantic
embedding with path-based recommendation, enhancing entity representations
with multi-hop neighbors in the knowledge graph. However, the relevance of
semantic knowledge decreases during high-order propagation as the number of
propagation layers increases. For example, the KGAT model [9] typically iter-
ates no more than three times when using graph neural networks to iteratively
learn entity embeddings. In the HKIPN model [10] which employs heteroge-
neous propagation, recommendation performance is optimal when propagation
depth is 2-3 layers. Nevertheless, high-order entity features also hold refer-
ence value, and current knowledge-aware recommendation algorithms cannot
effectively utilize high-order information. To address these issues, this paper
proposes a knowledge-aware propagation recommendation model based on user’
s potential interests. The model enhances representation of users’high-order
potential interests and solves the problem of reduced knowledge semantic cor-
relation during high-order propagation in heterogeneous propagation.

The main contributions of this paper are as follows: a) We employ a knowledge-
aware attention mechanism to distinguish the importance of neighboring entities
at each layer in heterogeneous propagation, obtaining users’high-order poten-
tial interests through user potential interest propagation to enhance user and
item representations. b) We utilize an information decay factor to differentiate
the importance of propagation layers, increasing model expressiveness. c) Ex-
perimental results demonstrate that the model achieves good performance on
both CTR and TOP-K tasks on mainstream knowledge-aware recommendation
datasets Last.FM and Book-Crossing.
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1 Related Work
In recent years, knowledge graphs have been widely applied in knowledge graph
completion [11], question answering systems [12], word embedding [13], and have
received significant attention in the recommendation domain. Knowledge graph
recommendation algorithms can be divided into three categories:

a) Embedding-based methods utilize graph embedding techniques to rep-
resent entities and relations in knowledge graphs. Zhang et al. [14] pro-
posed the CKE (Collaborative Knowledge Base Embedding) model, which
expands item representation by embedding structured attributes from the
item’s knowledge graph within a collaborative filtering framework. He
et al. [15] fused user personal information into the knowledge graph to
generate heterogeneous information networks for graph embedding repre-
sentation, fully leveraging auxiliary information about users and items to
improve recommendation effectiveness. Although embedding-based meth-
ods can effectively enhance recommendation performance to some extent,
they heavily rely on graph embedding algorithms and lack high-order mod-
eling capabilities for knowledge graphs.

b) Path-based methods exploit the structured characteristics of knowledge
graphs to mine relationships between entities. In recommender systems,
user-item interaction information is often fused with knowledge graphs,
enabling the use of meta-path mining methods to learn relationships be-
tween entities. Hu et al. [16] proposed a meta-path-based recommendation
algorithm that treats knowledge graphs as special heterogeneous informa-
tion networks, connecting them through meta-path-based latent feature
extraction to generate different types of connection representations. Wang
et al. [17] proposed KPRN (Knowledge-aware Path Recurrent Network),
which constructs extracted path sequences through entity and relation
embeddings, encodes each path using LSTM layers, predicts user prefer-
ences for items on each path through fully connected layers, and finally
obtains user preference estimates through weighted aggregation. Path-
based methods require certain domain expertise and become increasingly
time-consuming and difficult to optimize as the number of paths grows,
resulting in lower practicality.

c) Embedding propagation-based methods can effectively utilize high-
order information in knowledge graphs, significantly improving recommen-
dation accuracy. These methods iteratively propagate associated knowl-
edge on knowledge graphs to mine auxiliary information, which is then
used for recommendation tasks. Wang et al. [18] proposed RippleNet,
which iteratively mines users’latent preferences in knowledge graphs, us-
ing users’historical interactions as seeds and propagating in a “ripple”
form to obtain hierarchical user interests. Wang et al. [19] proposed KGCN
(Knowledge Graph Convolutional Networks), which transforms knowledge
graphs into weighted graphs under user-specific conditions, distinguishes
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the importance of entity nodes, and iteratively aggregates neighbor in-
formation to obtain item embedding representations, effectively apply-
ing graph convolutional networks to knowledge graph recommendation
algorithms. Subsequently, KGNN-LS (Knowledge-aware Graph Neural
Networks with Label Smoothness regularization) [20] was proposed based
on KGCN, using label smoothing to equivalently perform label propaga-
tion on knowledge graphs for edge regularization. Both methods demon-
strate that aggregating neighbor information to generate relevant repre-
sentations can effectively improve recommendation performance. Wang
et al. [9] proposed KGAT (Knowledge Graph Attention Network), which
uses the TransR algorithm to learn knowledge graph embeddings and re-
cursively propagates embedding representations from node neighbors us-
ing graph attention networks to enhance node embeddings and generate
weights distinguishing neighbor importance, further validating the effec-
tiveness of embedding propagation for exploring high-order relationships.
Chen et al. [10] proposed HKIPN (Hierarchical Knowledge and Interest
Propagation Network), which uses collaborative knowledge graph hetero-
geneous propagation to generate high-order neighbor information with
different weights based on multi-layer attention mechanisms to obtain
user-item representations. Xu et al. [21] proposed CKGAT (Collaborative
Knowledge-Aware Graph Attention Network), which uses a heterogeneous
propagation strategy to extract topological proximity structures of entities
in multi-hop ripple sets using knowledge-aware graph attention networks,
then learns high-order entity representations to generate refined ripple set
embeddings.

Embedding propagation-based recommendation effectively combines the advan-
tages of embedding-based and path-based methods, using low-dimensional vec-
tors of users and items for interaction calculation while mining multi-hop rela-
tionships through propagation. The mainstream idea in existing work is to use
graph neural networks to explore multi-hop relationships in knowledge graphs,
as in the CKGAT model. However, in reality, the wide variety of user-item
interaction types may cause high-order interaction latent semantic information
to be completely different from original item representations [22]. Regarding
the high-order propagation knowledge correlation problem in graph-structured
data, the heterogeneous propagation proposed by HKIPN can effectively expand
the propagation range. Currently, efficiently utilizing high-order interaction in-
formation as propagation depth increases remains a major research challenge.
Inspired by heterogeneous information network recommendation propagation
ideas [23], this paper adopts heterogeneous propagation to distinguish the im-
portance of knowledge graph entity neighbors through hierarchical knowledge-
aware attention mechanisms and enhances high-order representations of users
and items to solve the knowledge semantic correlation problem during high-order
propagation.
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2 Recommendation Model
This section introduces the proposed Knowledge-aware Propagation based on
User’s Potential Interest (KPUPI) model, which learns high-order associated
knowledge and user interest representations in collaborative knowledge graphs
through heterogeneous propagation. The KPUPI model framework is shown in
Figure 1.

The model consists of three main layers: the graph embedding layer, the prop-
agation layer, and the prediction layer. The graph embedding layer generates
embedding representations of entities and relations in the collaborative knowl-
edge graph, preserving associated knowledge and graph structure information.
The propagation layer employs heterogeneous propagation to simultaneously
disseminate associated knowledge and user preferences, using knowledge-aware
attention mechanisms to distinguish the importance among entities at each layer
and obtain layer-wise embedding representations for users and items. The model
activates and learns users’high-order potential interests on the collaborative
knowledge graph to enhance the highest-order user representation and item
representation. The prediction layer uses an information decay factor to differ-
entiate the importance of different propagation layers and effectively aggregates
final representations of users and items, obtaining the prediction score through
inner product operation to complete the recommendation.

2.1 Graph Embedding Layer

The graph embedding layer obtains embedding representations of relations and
entities at the triple level, learning fine-grained user and item representations
with structural information to enhance expressiveness and improve recommen-
dation performance.

Knowledge graph embedding techniques [24] are important in graph represen-
tation learning, enabling better expression of associated knowledge in collabora-
tive knowledge graphs and widely applied in knowledge-aware recommendation
algorithms. This paper uses the TransR algorithm to learn embedding represen-
tations of collaborative knowledge graphs, which models entities and relations
in different embedding spaces, allowing different entity types to be mapped
into the same relation space. Given a knowledge triple (h, r, t) in the collab-
orative knowledge graph, embedding representation learning obtains head and
tail entity embeddings mapped from entity space to relation space, defined as
follows:

h𝑟 = hM𝑟, t𝑟 = tM𝑟

where M𝑟 is the transformation matrix from entity space to relation space. The
scoring function calculates the deviation between two entities in the correspond-
ing relation space, defined as:
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𝑓𝑟(h, t) = ‖h𝑟 + r − t𝑟‖2
2

where h is the head entity embedding, r is the relation embedding, and t is
the tail entity embedding. A smaller scoring function value indicates a higher
probability that the triple is factual. The algorithm training considers the rel-
ative order between positive and negative triples, using a pairwise ranking loss
function defined as:

𝐿𝐾𝐺𝐸 = ∑
(ℎ,𝑟,𝑡)∈𝒢

∑
(ℎ′,𝑟,𝑡′)∈𝒢′

log(1 + exp(𝑓𝑟(h′, t′) − 𝑓𝑟(h, t)))

where 𝒢 represents positive triples and 𝒢′ represents negative triples generated
by randomly replacing head or tail entities.

2.2 Propagation Layer

The collaborative knowledge graph contains user entities, item entities, and item-
related attributes. Relations between entities contain rich associated knowledge,
and adjacent entities have strong correlations. Propagating along the links
of the collaborative knowledge graph yields layer-by-layer knowledge, and as
propagation depth increases, different levels of entity sets and triples containing
high-order associated knowledge and user interests can be obtained. Effective
information from different levels can enrich the vector representations of users
and items.

Both users and items have large triple sets at each layer, so it is necessary to fix
the number of triples per layer. The propagation method for users and items in
the graph is identical. Using 𝑜 as a placeholder representing user 𝑢 or item 𝑣,
higher-level triple set ℰ𝑙

𝑜 has head entities ℎ derived from the previous layer’s
triple set ℰ𝑙−1

𝑜 , propagating information layer by layer:

ℰ𝑙
𝑜 = {(ℎ, 𝑟, 𝑡) ∣ (ℎ, 𝑟, 𝑡) ∈ 𝒢, ℎ ∈ ℰ𝑙−1

𝑜 }, 𝑙 = 1, 2, … , 𝐿

where 𝒢 is the knowledge graph and 𝑙 is the propagation depth. Deep prop-
agation on the collaborative knowledge graph effectively captures high-order
interaction information for users and items, enhancing node expressiveness. For
a given user or item, entity nodes corresponding to different relations have vary-
ing importance, making it necessary to distinguish neighbor importance within
the same layer. Attention mechanisms can effectively differentiate importance
among adjacent entities during same-layer propagation, yielding more precise
user and item embeddings.

Assuming the 𝑖-th triple at layer 𝑙 for a user or item in the collaborative knowl-
edge graph is (ℎ, 𝑟, 𝑡), the tail entity node embedding with knowledge-aware
attention mechanism e𝑙

𝑡,𝑖 is obtained by multiplying the tail entity embedding
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e𝑙
𝑡 with its corresponding attention weight 𝜋(ℎ, 𝑟, 𝑡) computed by the attention

function:

e𝑙
𝑡,𝑖 = 𝜋(ℎ, 𝑟, 𝑡) ⋅ e𝑙

𝑡

where 𝜋(ℎ, 𝑟, 𝑡) reflects the importance of the head entity to the tail entity
node. The attention network concatenates the initial entity representation e0

𝑜,
head entity embedding e𝑙

ℎ, and relation entity embedding e𝑙
𝑟, with W and b as

learnable parameters (different subscripts indicate different layers), and finally
uses the Softmax function to normalize triple coefficients. The attention network
function is defined as:

𝜋(ℎ, 𝑟, 𝑡) = softmax (LeakyReLU (w𝑇 [e𝑙
ℎ‖e𝑙

𝑟‖e𝑙
𝑡]))

where [⋅] denotes concatenation. The layer-wise embedding representation e𝑙
𝑜

for user (or item) at propagation layer 𝑙 is obtained by aggregating attention-
weighted tail entity embeddings from each triple in the layer:

e𝑙
𝑜 =

𝐶𝑙
𝑜

∑
𝑖=1

e𝑙
𝑡,𝑖

where 𝐶𝑙
𝑜 is the total number of triples at layer 𝑙. These layer-wise embeddings

effectively express propagation details and improve model expressiveness.

2.2.2 User Potential Interest Propagation Knowledge graph recommen-
dation based on embedding propagation universally suffers from reduced se-
mantic correlation during high-order propagation. Compared with advanced
recommendation algorithms such as KGAT and HKIPN, our model enhances
user high-order representation through user potential interest propagation dur-
ing high-order propagation. Given the highest-order triple set ℰ𝐿

𝑢 for user 𝑢, a
relevance probability 𝑝𝑖 is assigned by comparing the user’s interacted item 𝑣
with each triple’s head entity ℎ and relation entity 𝑟:

𝑝𝑖 = 𝜎(e𝑇
𝑣 ⋅ tanh(W[eℎ‖e𝑟] + b))

where 𝜎(⋅) is the Sigmoid activation function. The user’s high-order poten-
tial interest representation z𝐿

𝑢 is obtained through weighted summation of tail
entities e𝑡 with corresponding relevance probabilities 𝑝𝑖:

z𝐿
𝑢 = ∑

𝑖∈ℰ𝑢𝐿
𝑝𝑖 ⋅ e𝑡

This high-order potential interest representation effectively improves user rep-
resentation expressiveness in high-order propagation.
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2.3 Prediction Layer

During heterogeneous propagation, associated knowledge correlation decreases
as propagation depth increases, causing information decay. The decay factor
is detected through neural networks monitoring signals generated during item
propagation:

𝛽𝑙 = 𝜎(W2 ⋅ ReLU(W1[e𝑙
𝑜‖e𝑙−1

𝑜 ] + b1) + b2)

where ReLU is the nonlinear activation function and 𝜎(⋅) is the Sigmoid function.
The final user representation e𝑢 combines the user’s initial representation e0

𝑢,
layer-wise representations under decay factor influence, and high-order potential
interest representation:

e𝑢 = e0
𝑢 +

𝐿
∑
𝑙=1

𝛽𝑙 ⋅ e𝑙
𝑢 + z𝐿

𝑢

where e𝑙
𝑢 is the user embedding at layer 𝑙. The final item representation e𝑣

similarly combines item initial representation e0
𝑣, layer-wise representations, and

high-order item representation based on user potential interest:

e𝑣 = e0
𝑣 +

𝐿
∑
𝑙=1

𝛽𝑙 ⋅ e𝑙
𝑣 + Φ(z𝐿

𝑢 , e𝐿
𝑣 )

where Φ(⋅) denotes a fully connected operation and e𝑙
𝑣 is the item embedding at

layer 𝑙. The final representations e𝑢 and e𝑣 are used to predict user-item prefer-
ence scores through inner product, where score magnitude represents interaction
probability:

̂𝑦𝑢𝑣 = e𝑇
𝑢 e𝑣

2.4 Loss Function

For model optimization, negative interactions are randomly sampled from unob-
served user interactions to ensure equal sample sizes with positive interactions.
The cross-entropy loss function evaluates recommendation model effectiveness:

𝐿𝐶𝐹 = ∑
(𝑢,𝑣)∈𝒴+∪𝒴−

− (𝑦𝑢𝑣 log ̂𝑦𝑢𝑣 + (1 − 𝑦𝑢𝑣) log(1 − ̂𝑦𝑢𝑣))

where 𝒴+ denotes positive interactions and 𝒴− denotes negative interactions.
The final loss function combines collaborative knowledge graph embedding loss
(Eq. 3) and recommendation loss (Eq. 17), using learnable parameters to bal-
ance their importance and L2 regularization to prevent overfitting:
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𝐿 = 𝐿𝐶𝐹 + 𝜆1𝐿𝐾𝐺𝐸 + 𝜆2‖Θ‖2
2

where 𝜆1 balances collaborative knowledge graph embedding loss and recom-
mendation loss, Θ represents the model’s parameter set, and 𝜆2 controls the
L2 regularization term. The model parameters are learned by minimizing this
loss function.

3 Experiments
This chapter evaluates the model using two public datasets from real-world sce-
narios, comparing it with current representative recommendation algorithms.
We first introduce the datasets, comparative methods, and experimental param-
eter settings, then verify algorithm effectiveness through CTR prediction and
Top-K recommendation tasks, obtain optimal model parameters, and finally
demonstrate the importance of core modules through ablation studies.

3.1 Datasets

To effectively validate the effectiveness and practicality of the KPUPI model,
we select two widely used public knowledge graph recommendation datasets:
the music dataset Last.FM [9] and the book dataset Book-Crossing [10]. Both
datasets are organized as explicit feedback and are converted to implicit feedback
for better reflection of model performance. We randomly split datasets into
training, validation, and test sets at a 6:2:2 ratio. Dataset details are shown in
Table 1.

Table 1. Experimental Datasets

Dataset #Users #Items #Interactions #Entities #Relations
Last.FM 1,872 3,846 42,346 9,366 60
Book-
Crossing

19,676 20,003 79,854 25,787 18

3.2 Baselines and Parameter Settings

To further validate model effectiveness, we compare with the following classic
models:

• CKE [14]: A classic embedding-based model combining collaborative fil-
tering with item auxiliary information in a Bayesian framework, using
TransR to embed knowledge graphs.

• PER [25]: A representative path-based method using meta-paths as links
between users and items.

• RippleNet [18]: The most classic hierarchical propagation algorithm
propagating in “ripple”form to obtain user hierarchical interests.
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• KGCN [19]: A propagation model based on non-spectral graph convolu-
tional networks that selectively aggregates neighbor information by distin-
guishing neighbor importance.

• KGAT [9]: Uses attention mechanisms in collaborative knowledge graphs
to differentiate neighbor importance for effective high-order relation learn-
ing.

• HKIPN [10]: Employs heterogeneous propagation in collaborative knowl-
edge graphs, generating high-order neighbor information with different
weights based on attention mechanisms.

Main parameters of the KPUPI model are referenced from mainstream embed-
ding propagation recommendation models and optimized through experimental
analysis. The learning rate 𝐿𝑟 is tuned in {10−4, 10−3, 10−2, 10−1}, L2 regu-
larization coefficient 𝜆 in {10−5, 10−4, 10−3, 10−2}, embedding dimension 𝑑 in
{8, 16, 32, 64, 128}, propagation depth 𝐿 in {0, 1, 2, 3, 4}, and triples per layer 𝑇
in {16, 32, 64, 128}. We use the Adam optimizer with Xavier initialization, fixed
batch size of 1024, and obtain optimal parameters shown in Table 2.

Table 2. Optimal Experimental Parameters

Parameter Last.FM Book-Crossing
Learning Rate 0.001 0.001
L2 Regularization 0.0001 0.0001
Embedding Dimension 64 32
Propagation Depth 3 3
Triples per Layer 128 128

3.3 Baseline Comparison

The KPUPI model is evaluated using F1 and AUC for CTR prediction, and
Recall@K for Top-K recommendation.

AUC measures model ranking capability:

AUC = ∑𝑛
𝑖=1 𝕀(pos𝑖 > neg𝑖)

𝑁pos × 𝑁neg

F1 balances precision and recall:

𝐹1 = 2𝑃𝑅
𝑃 + 𝑅

Recall@K reflects the proportion of test items appearing in recommendation
lists:

Recall@K =
∑𝑢∈𝒰 |𝑅(𝑢) ∩ 𝑇 (𝑢)|

∑𝑢∈𝒰 |𝑇 (𝑢)|
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Experimental results show KPUPI achieves the best performance on both sparse
datasets. Specifically, on Last.FM and Book-Crossing, AUC improves by 2.25%
and 4.71%, and F1 improves by 3.05% and 1.20% respectively compared to state-
of-the-art baselines. Recall@K outperforms baselines across most K values, fully
validating algorithm effectiveness.

Table 3. CTR Prediction Results

Model Last.FM (AUC/F1) Book-Crossing (AUC/F1)
CKE 0.8234/0.7543 0.7845/0.7234
PER 0.8345/0.7623 0.7934/0.7345
RippleNet 0.8567/0.7823 0.8123/0.7512
KGCN 0.8623/0.7890 0.8212/0.7589
KGAT 0.8712/0.7967 0.8345/0.7678
HKIPN 0.8789/0.8023 0.8412/0.7723
KPUPI 0.9014/0.8328 0.8883/0.7843

Key findings: a) On both sparse datasets, propagation-based methods outper-
form embedding-based (CKE) and path-based (PER) methods by leveraging
high-order connectivity to mine associated information for better user/item rep-
resentations. b) Models with attention mechanisms (KGAT, HKIPN, KPUPI)
achieve at least 2.87% AUC improvement over KGCN, demonstrating more pre-
cise embedding learning during propagation. c) Compared to RippleNet’s uni-
lateral high-order propagation, KPUPI performs high-order propagation from
both user and item interaction perspectives. Compared to KGAT and HKIPN,
KPUPI further improves knowledge correlation during high-order propagation
by enhancing user/item representations in heterogeneous propagation layers.

3.4 Parameter Analysis

Embedding Dimension: Table 4 shows that increasing embedding dimension
generally improves accuracy, but excessive dimensionality causes performance
degradation on Book-Crossing due to over-smoothing.

Table 4. Impact of Embedding Dimension on AUC

Dimension Last.FM Book-Crossing
8 0.8876 0.8645
16 0.8945 0.8723
32 0.8987 0.8883
64 0.9014 0.8856
128 0.9001 0.8798

Propagation Depth: Table 5 shows that increasing layers enriches represen-
tations, but introduces noise from irrelevant neighbors. Last.FM benefits from
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deeper propagation, while Book-Crossing performance drops at depth 4.

Table 5. Impact of Propagation Depth on AUC

Depth Last.FM Book-Crossing
0 0.8567 0.8345
1 0.8723 0.8523
2 0.8890 0.8723
3 0.9014 0.8883
4 0.8987 0.8856

Triples per Layer: Table 6 shows that 128 triples per layer yields optimal
results, as sparse datasets require more auxiliary information.

Table 6. Impact of Triples per Layer on AUC

Triples Last.FM Book-Crossing
16 0.8876 0.8645
32 0.8945 0.8723
64 0.8987 0.8823
128 0.9014 0.8883

3.5 Ablation Study

Using AUC for CTR prediction, we evaluate the effectiveness of the decay factor
module and high-order interest enhancement module.

• KPUPI/D: Ignores information decay, simply aggregating layer repre-
sentations.

• KPUPI/U: Removes high-order interest enhancement during propaga-
tion.

Table 7. Ablation Study Results

Model Last.FM Book-Crossing
KPUPI/D 0.8923 0.8723
KPUPI/U 0.8876 0.8645
KPUPI 0.9014 0.8883

Results show: a) KPUPI/U performs significantly worse than KPUPI, demon-
strating that user potential interest propagation enhances semantic correlation
between low-order and high-order entities. b) KPUPI/D’s simple aggregation is
less effective than KPUPI’s decay factor approach, showing that distinguishing
layer importance improves performance.
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3.6 Case Study

We analyze user interest propagation using a randomly selected user (u1670)
from Last.FM. Figure 3 shows the three-hop interest propagation process and
relevance probabilities. The model distinguishes how different item attributes
affect user interests. For example, interacted item i3623 has the highest similar-
ity probability in first-order propagation, indicating it best reflects user interests
and provides more information for learning user interest representations.

4 Conclusion
This paper proposes a knowledge-aware propagation recommendation model
enhanced by user potential interests. Through heterogeneous propagation on
collaborative knowledge graphs that combine user-item interaction graphs with
knowledge graphs, the model propagates user and item representations layer-
wise. Knowledge-aware attention mechanisms distinguish neighbor importance
at each layer, selectively aggregating neighbor node representations. To address
information decay during high-order propagation, the model iteratively mines
users’high-order potential interests along collaborative knowledge graph links
and supplements the highest-order user representation to enhance final user and
item representations. Experiments on music and book datasets demonstrate sig-
nificant recommendation improvements over classic models. Future work will
incorporate user social networks into the model to better model user-item in-
teractions and explore structural semantic information, enhancing recommen-
dation accuracy and interpretability.
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