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Knowledge graphs (KGs) have demonstrated their effectiveness in providing high-quality recommendations
by incorporating rich semantic relationships between entities. However, existing KG-aware recommendation
methods face significant challenges in sufficiently exploiting both the structural and semantic information
while maintaining computational efficiency. We propose the Interdependent-path Recurrent Embedding (IPRE)
framework that addresses these limitations through novel interdependent path construction and attentive
encoding. The framework automatically generates interdependent paths connecting user-item pairs, preserving
both semantic relationships and topological dependencies with linear time complexity. A dedicated attentive
recurrent network then encodes these paths by learning relation-aware representations and adaptively weighting
different predecessors’ influence. Comprehensive experiments on three real-world datasets demonstrate IPRE’s
superiority, achieving average improvements of 8.79% in Hit ratio and 9.40% in NDCG over state-of-the-art
methods. The framework shows particular effectiveness in sparse data scenarios, while maintaining competitive
computational efficiency. These results validate IPRE’s capability to effectively transform KG information into
accurate recommendations through its innovative path modeling approach.
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1. Introduction

Knowledge graphs (KGs) serve as diverse information
sources and have been widely utilized to enhance recom-
mendation systems [1]. In this context, the connections
between users and items illustrate their fundamental re-
lationships.Recent KG-aware recommendation methods
model these connectivities in various ways, such as path-
based [2–4], propagation-based [5–7], and subgraph-based
methods [8]. However, these methods either fail to suffi-
ciently exploit the KGs for enhanced recommendations or
suffer from high computational complexity.

Figure 1 illustrates a sample knowledge graph within
the context of movies. To infer Jane’s preference towards
Titanic, path-based methods first extract several paths link-

ing Jane and Titanic from the KG (e.g., p1 - p4), and then
independently model their impacts on Jane’s taste for Ti-
tanic. Nevertheless, these separate paths (i.e., linear se-
quences) fail to capture the rich interdependencies among
paths, which are the links originally existing in the com-
plex graph [9]. For instance, the links ‘Jane → Ben’ and
‘Superman → Ben’ are ignored in p1, while they repre-
sent rich semantics and topology of the connectivity be-
tween Jane and Titanic. Due to the ignorance of such path
interdependencies, path-based methods fail to provide a
complete description of the user-item connectivities. In
contrast, propagation-based methods model the connec-
tivity between Jane and Titanic by iteratively propagating
information over the entire KG. The preference of Jane on
Titanic is learned by aggregating information from all of her
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Fig. 1. A representation of a KG in the film sector, demonstrating entities like users and movies, as well as the relations
between these entities, such as interactions and friendships.

neighbors (e.g., Snow White, Jaws, and Aliens). Neverthe-
less, such information may contain noise (e.g., Snow White,
Aliens, and Romance) that is irrelevant to this specific in-
teraction, which misleads the inference of Jane’s interest in
Titanic.

To ease these issues, subgraph-based methods assem-
ble the qualified paths connecting Jane and Titanic into
a subgraph, which is then encoded for estimating Jane’s
preference. By considering the path interdependencies, the
subgraph is more expressive for characterizing the connec-
tivity between Jane and Titanic. Nevertheless, constructing
and encoding such subgraphs for all user-item pairs is com-
putationally expensive in large-scale KGs. In particular, it
might be resource-wasting to employ subgraphs where the
dependencies among paths that connect user-item pairs are
extremely weak (i.e., independent paths). Due to the high
computational complexity, subgraph-based methods fail to
explore large-scale KGs efficiently.

Considering the limitations of existing methods, we
believe it is vital to sufficiently exploit KGs in an efficient
manner. Towards this end, we introduce an interdependent-
paths (I-paths) structure which benefits recommendation
in two aspects: (1) the I-paths capture both the semantics
and topology of KGs by considering the rich interdepen-
dencies among paths that connect user-item pairs; and (2)
the I-paths are more efficient than subgraphs, as they can
be constructed and encoded with less computational cost.
However, it is non-trivial to employ I-paths due to two
major challenges: (1) how to construct the I-paths connect-
ing user-item pairs in a large-scale KG; and (2) how to
effectively encode the I-paths for enhanced user preference
inference.

In this paper, we devise an Interdependent-paths Recurrent

Embedding (IPRE) framework, equipped with two designs
to address these challenges: (1) I-paths construction, which
generates the I-paths connecting user-item pairs by incor-
porating the interdependencies among paths; and (2) an
attentive recurrent network, which encodes the I-paths
via gated recurrent unit networks (GRUs) with an atten-
tion mechanism. Specifically, GRUs are employed to learn
enhanced entity embeddings by capturing the influence
between entities and the topology of I-paths, while the
attention mechanism discriminates the importance of en-
tity relations to retain salient semantics. To the best of our
knowledge, this is the first time that I-paths have been pro-
posed to characterize user-item connectivities for KG-aware
recommendation. Extensive experiments demonstrate the
superiority of IPRE over state-of-the-art methods and its
effectiveness in mitigating the data sparsity issue.

2. Methods

In this section, we first review existing KG-aware recom-
mendation methods. We then formally define the recom-
mendation task and present the proposed IPRE framework.
Finally, we describe the core modules of IPRE and their
functionalities in detail.

2.1. Related works

Recent advances in KG-aware recommendation systems
can be broadly categorized based on their strategies for
modeling user-item connectivities, each exhibiting distinct
strengths and limitations.

Direct-relation based methods [10–14] learn embeddings
from immediately connected entities but generally fail
to capture multi-hop semantic information. The recent
CKNNS [15] addresses this limitation by effectively captur-
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ing high-order collaborative signals among items through
a gated aggregation mechanism. However, its dependence
on neighborhood information may restrict its effectiveness
in scenarios characterized by data sparsity or cold-start
users.

Path-based methods [4, 16–18] explicitly model connec-
tivity paths, evolving from manual meta-path design to
automated path exploration. Early works such as KPRN [2]
and RKGE [3] utilized recurrent neural networks (RNNs)
to encode independent paths, neglecting critical inter-path
dependencies. More recent approaches like KGIN [19]
incorporate path interaction modeling, while CPER [20] in-
tegrates counterfactual reasoning with reinforcement learn-
ing to enhance path evaluation robustness. Despite these
advances, effectively modeling cross-path dependencies
remains a significant challenge.

Propagation-based methods [21, 22] iteratively perform
propagation over the entire KG to assist in recommenda-
tio. KGAT [23] employs graph attention mechanisms, and
KGCL [24] applies contrastive learning to mitigate noise.
LightGODE [25] performs graph convolution post-training
to enhance efficiency, achieving substantial speedups with-
out compromising accuracy. Nevertheless, noise propa-
gation from distant neighbors in dense KGs continues to
adversely affect performance.

Subgraph-based methods explore local structures with
enhanced expressiveness. KGCL [24] employs contrastive
learning on augmented knowledge subgraphs to suppress
noise and distill robust item semantics, but its reliance on
global graph traversals introduces computational overhead.
More recent work HKSAR [8] encodes hierarchical sub-
graphs but suffers from expensive graph traversal, limiting
scalability.

These limitations motivate our proposed IPRE frame-
work, which addresses three critical gaps: (1) modeling
cross-path dependencies through hierarchical path encod-
ing; (2) adaptive noise reduction via relation-aware atten-
tion mechanisms; and (3) achieving linear time complexity
through optimized path sampling.

2.2. Task formulation and overview of IPRE

Notations. We denote the user and item sets as U =

{u1, u2, · · · , un} and I = {i1, i2, · · · , im}, respectively.
Each entry ru,i in the user-item feedback matrix R ∈ Rn×m

is defined as: ru,i = 1 if the interaction between user u and
item i is observed, and 0 otherwise. For generality, we use
"entity" to refer to objects (e.g., user, movie, and genre) that
can be mapped into a KG. The KG and the investigated
task in this paper are described below.

Knowledge Graph. Let E ,L denote the sets of entities

and links, respectively. A KG is defined as a directed
graph G = (E ,L) composed of entity-relation-entity triples
{(h, r, t)|h, t ∈ E , r ∈ L}; each triple describes a relation r
from the head entity h to the tail entity t. For convenience,
h is also denoted as the predecessor of t.

KG-aware Top-N Recommendation. Given the KG G, for
each user u ∈ U , our task is to generate a ranked list of N
items that will be of interest to user u.

Figure 2 presents the overall framework of IPRE, which
is composed of three modules: (1) I-paths Construction – it
constructs the I-paths that connect user-item pairs to repre-
sent their connectivities; (2) I-paths Encoding – the I-paths
are further encoded via an attentive recurrent network to
learn embeddings for users, items, and I-paths; and (3)
Multi-layer Perceptron (MLP) Prediction – by feeding the
embeddings of users, items, and I-paths as input, it uses
nonlinear layers to predict user preferences towards items.

2.3. I-paths construction

Given the KG G, we sample the paths connecting user-
item pairs and then construct the I-paths by adding the
interdependencies among the sampled paths.

Path Sampling. It is not feasible to extract all the paths be-
tween user-item pairs from KGs, since the number of paths
grows exponentially with the increasing path length [2].
Paths with a short length (no more than six) are sufficient
to model user-item connectivities, whereas long paths may
bring in remote neighbors with noise [3]. For efficiency,
we uniformly sample K paths connecting a user-item pair
with a length of up to six and denote the path set as Pu,i.
Note that we employ uniform path sampling for simplicity
and leave the exploration of non-uniform samplers (e.g.,
importance sampling [5]) as future work.

Interdependencies Injection. By injecting the interdepen-
dencies among paths in Pu,i, we construct the I-paths Tu,i

for (u, i). In particular, we first traverse Pu,i and identify
all the entities that have multiple predecessors. Hereafter,
for each entity with multiple predecessors in a path, we
inject directed links from its predecessors in other paths as
the interdependencies. Take the path p1 in Figure 2(b) as an
example, we add links from Jane (in p2) and Superman (in
p3) to Ben as the interdependencies. After performing such
an operation for each path, we obtain the I-paths structure
Tu,i and further represent it by a topological sorting to pre-
serve the structural information, which is a linear ordering
of its entities such that for each directed link from entity ek

to el , ek comes before el in the ordering [26]. For instance,
the topological sorting of the I-paths between Jane and Ti-
tanic is shown in Figure 2(b). This ordering is then utilized
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Fig. 2. The overall framework of IPRE describing the case of a user-item pair, which consists of three modules: I-paths
Construction, I-paths Encoding, and MLP Prediction. Figure 2(c) presents three layers of Attentive Recurrent Network:

Entity Projection Layer, Recurrent Encoding Layer, and I-path Embedding Layer.

to guide the embedding learning process in the attentive
recurrent network, as introduced next.

2.4. I-paths encoding

The constructed I-paths are encoded via the attentive re-
current network, which is able to fully capture the interde-
pendencies among paths. This is achieved via three layers,
namely entity projection layer, recurrent encoding layer
with an attention mechanism, and I-paths encoding layer.

Entity Projection Layer. Given the I-paths Tu,i as input,
we first project the entity el (e.g., Jane) and entity type e′l
(e.g., user) into two low-dimensional vectors el ∈ Rd and
e′l ∈ Rd′ , where d and d′ are the respective embedding
sizes. Afterwards, we concatenate the entity embedding
(el) and the entity type embedding (e′l) as the feature vector
of el , given by:

xl = e′l ⊕ el , (1)

where ⊕ is the concatenation operation; and xl is the feature
vector of el , which is then fed into the recurrent encoding
layer as the input state of el to learn its embedding. In this
way, the heterogeneity of entity types is incorporated into
the learned entity embeddings, encoding more information
from KGs. Moreover, as parameter initialization is vital for
deep learning models [27], we initialize el with pre-trained
embeddings via TransR [28].

Recurrent Encoding Layer. To effectively encode Tu,i, we
take inspiration from the gated recurrent unit networks
(GRUs) which have superior capability on capturing se-
mantic dependencies between words [9]. Specifically, given
the input state xl , GRUs update the hidden state hl to help
capture the influence between entities along Tu,i. We addi-
tionally fuse the heterogeneous relations of KGs since an
entity may connect with multiple predecessors via various
relations (e.g., friendship, interaction), indicating different
semantics. Such rich semantics encoded in relations are
critical for understanding the diverse user intents [2].

In particular, for each predecessor entity ek, hk denotes

its hidden state vector at the previous time step in the GRU
computation. We represent the relation rk,l from the prede-
cessor ek to the target entity el as the embedding rk,l ∈ Rd′′ ,
where d′′ is the embedding size. The relation embedding
rk,l is used to enhance the hidden state of the predecessor
ek (i.e., hk) as follows:

ĥk = f (hk ⊕ rk,l) ∀ek ∈ Nl , (2)

where f =σ (Wx + b); Nl denotes the set of predecessors
of el ; and the output ĥk is the relation-enhanced hidden
state of ek, which condenses the information from both the
predecessor ek and the relation rk,l . Initially, for entities
without predecessors (i.e., leaf nodes in the path), hk is
initialized as a zero vector, following the standard practice
in RNNs and their variants such as GRUs and LSTMs [29].
For other entities, hk is computed recursively via GRU
updates along the path.

The relation-enhanced hidden states of predecessors are
then aggregated as follows:

hNl = ∑ek∈Nl
αk,l · ĥk ∀ek ∈ Nl , (3)

where αk,l is the attention weight of ek, which specifies
the influence of ek on el and will be introduced in detail
later; hNl is thus the attentive combination of predecessors’
hidden states for el , and utilized as the previous hidden
state of el to update its embedding via the GRUs:

hl = GRU
(
hNl , xl

)
, (4)

where hl , hNl are the current hidden state and previous
hidden state of el , respectively; and xl is the input state
of el . Once obtaining the embedding (i.e., current hidden
state) for each entity in Tu,i, we compute the embedding
for each path pj ∈ Tu,i by:

pj = fg({hl : el ∈ pj}), (5)

In Equation (5), we aggregate the embeddings of entities
in path pj to obtain the path embedding pj. Subsequently,
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the path embeddings pj are integrated to form a unified
representation for Tu,i through the I-paths encoding layer.

Attention Mechanism. Recognizing that various predeces-
sors can exert differing influences on the target entity el , we
employ an attention mechanism to effectively differentiate
their significance, expressed as follows:

α̃k,l = qT · tanh (W · ĥk + b), (6)

where α̃k,l is the attention score for predecessor ek; q is the
attention vector; tanh is the activation function; W is the
transformation matrix and b is the bias vector. In particular,
we first transform the relation-enhanced hidden state ĥk by
a nonlinear layer, and then measure α̃k,l as the similarity
between the transformed ĥk and q. We further normalize
α̃k,l across all predecessors of el via the softmax function:

αk,l =
exp(α̃k,l)

∑ej∈Nl
exp(α̃j,l)

(7)

where αk,l is the final attention weight of ek. By assigning
the informative predecessor a larger weight, the attention
mechanism effectively captures the prominent relations,
facilitating the learning of improved embeddings.

I-paths Encoding Layer. The Tu,i connecting the user u
and item i encapsulates the fundamental reasoning behind
their interaction. Nevertheless, previous research often
overlooks this essential information, focusing solely on
user and item embeddings to predict user preferences [30].

To fully exploit Tu,i for enhanced recommendation, we
thus generate a unified embedding for Tu,i by performing a
weighted pooling operation over all path embeddings (pj):

tu,i = max-pooling({pj · e−β×|pj |} : pj ∈ Tu,i) (8)

where |pj| is the length of path pj; The hyperparameter
β > 0 serves to balance the trade-off associated with path
length; and tu,i is the unified embedding of Tu,i, which
condenses the holistic semantics and topology of Tu,i.

2.5. MLP prediction

By employing the effectively trained embeddings for the
user (eu), the item (ei), and the I-paths that connect them
(tu,i), we predict the user preference as follows:

r̃u,i = MLP
(
eu ⊕ tu,i ⊕ ei

)
(9)

where r̃u,i is the predicted score for user u regarding item i.
In Equation (9), we input the concatenated embeddings of
u, Tu,i, and i into a multi-layer perceptron (MLP) to capture
the complex interactions between users and items. This
approach fully exploits the rich semantics and underlying
topology of I-paths for improved recommendation perfor-
mance.

2.6. Model training and optimization

Objective Function. Consistent with the approach in [27],
we frame the top-N recommendation problem as a binary
classification task, where a target value of 1 signifies an
observed user-item interaction, and 0 indicates its absence.
Specifically, we utilize the negative log-likelihood as our
objective function:

J = − ∑
(u,i)∈R+

log r̃u,i − ∑
(u,j)∈R−

log(1 − r̃u,j) (10)

where R+ and R− denote the sets of observed and un-
observed user-item interactions, respectively. For each
user, we uniformly sample negative items that have not
been interacted with, maintaining a sampling ratio of 4:1
in relation to the number of positive items. The param-
eters are optimized using backpropagation through time
(BPTT) [29] within the attentive recurrent network, while
standard backpropagation is employed in other compo-
nents.

Complexity Analysis. The primary time expenditure of
IPRE is attributed to two factors: (a) the construction of
I-paths and (b) the encoding of I-paths using the atten-
tive recurrent network. For (a), it takes O(K2P), where
K and P are the total number and average length of the
sampled paths, respectively. For (b), the computational
complexity for a user-item pair is O(KPp(d + d′)d), where
p is the average number of predecessors of an entity in Tu,i;
d and d′ are the embedding sizes of the entity and entity
type, respectively. The total training complexity is given
by O(|R|K2P + |R|KPpd2), where |R| is the number of ob-
served user-item interactions. In practice, K, P, p ≪ |R|.
Hence, the complexity of IPRE is linear with respect to |R|
and quadratic with respect to the embedding size d.

Practical Considerations on K and P. Although the num-
ber of sampled paths K and the path length P are generally
much smaller than |R|, it is important to note that overly
large values of K or P can substantially increase computa-
tional costs due to the O(K2P) term in path construction.
For instance, in sparse graphs such as social networks with
limited user interactions, a larger K may be necessary to
obtain a sufficient number of informative paths, which
can lead to increased runtime. Similarly, in hierarchical or
sequential data (e.g., dependency parsing in NLP), paths
may span multiple levels, resulting in longer P values that
not only amplify computational demands but may also
introduce noise.

To ensure computational feasibility, we recommend the
following guidelines: (a) typically, setting K within the
range of 10 to 50 achieves a reasonable balance between
efficiency and performance in most scenarios. In cases
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of extremely sparse graphs, K can be increased cautiously,
while carefully monitoring the quadratic increase in compu-
tational complexity; (b) restricting P to a moderate length
(e.g., P ≤ 6) helps mitigate noise from overly long paths
and reduces computational overhead [2]. Longer paths
should be considered only when supported by domain
knowledge indicating their relevance.

3. Results and discussion

We perform extensive experiments on three real-world
datasets to address the following research questions:
RQ1: Does IPRE demonstrate superior performance com-
pared to state-of-the-art methods regarding recommenda-
tion accuracy and time complexity? Additionally, can it
provide enhanced recommendation results across varying
levels of data sparsity?
RQ2: In what ways do the critical design elements of IPRE
influence its recommendation performance?
RQ3: How do different hyperparameter configurations
impact the performance of IPRE?

3.1. Experimental setup

Datasets. We utilize three datasets: (1) MovieLens-1M1,
a well-known dataset for movie recommendations that
includes user ratings on a scale from 1 to 5; (2) Last-FM2,
a music listening dataset sourced from the Last.fm online
music platform, where tracks are treated as items; and (3)
Yelp3, which contains user ratings for businesses, also on
a scale from 1 to 5. This dataset further includes social
relationships and business attributes such as category and
city.

The datasets are processed in accordance with the
methodology outlined in [31]: if a user rates an item, it
is recorded as an observed interaction with a value of 1;
otherwise, it is assigned a value of 0. Besides user-item
interactions, we merge more information into KGs for each
dataset. We combine MovieLens-1M with IMDb4 as MI-1M
by linking the titles and release dates of movies, to obtain
side information about movies, such as genres, actors, and
directors. For Last-FM, we map tracks into objects in the
database called Freebase via title matching to get attributes
of tracks, such as artists, engineers, producers, versions,
types, contained_songs, etc. For Yelp, we extract knowl-
edge from the social network and business information
network (e.g., category, city).

Evaluation Protocols. We employ the leave-one-out strategy,
which has been extensively utilized in prior studies [2, 27],

1https://grouplens.org/datasets/movielens/
2https://grouplens.org/datasets/hetrec-2011/
3http://www.yelp.com/dataset-challenge
4https://www.imdb.com/.

Table 1. Statistics of the datasets.

MI-1M Last-FM Yelp

User-Item
Interactions

#Users 6,040 23,566 37,940
#Items 3,382 48,123 11,516
#Interactions 756,684 3,034,796 229,178
Data Density 3.704% 0.268% 0.052%

Knowledge
Graph

#Entities 18,920 138,362 46,606
#Relation Types 10 10 6
#Links 968,038 2,007,423 302,937
Graph Density 0.270% 0.011% 0.014%

to assess recommendation performance. For each user, the
most recent interaction is set aside as the test set, while the
remaining interactions are used to form the training set.
Consistent with the approaches in [2, 27, 30], during the
testing phase, we randomly select 100 items that the user
has not previously interacted with, and then rank the test
item among these 101 items to streamline the testing pro-
cess. In line with [2, 27], we utilize Hit@Nand NDCG@N as
our evaluation metrics, calculating both for each test user
and reporting the average scores. Generally, higher values
for these metrics signify improved ranking accuracy.

Comparison Methods. We compare IPRE with five types
of baseline methods.

• Plain Collaborative Filtering (CF) recommenders: (a)
BPRMF [32] - a classic algorithm that minimizes a ma-
trix factorization (MF) model using pairwise ranking
loss; (b) NeuMF [27] - a state-of-the-art deep learning
based method that combines MF with an MLP model;
(c) LightGCN++ [33] - a GNN-based model that incor-
porates flexible embedding norm scaling and adaptive
neighbor weighting to enhance recommendation accu-
racy.

• Direct-relation based models: (d) CKE [34] - a notable
method that enhances MF by utilizing embeddings gen-
erated from the TransR model [28].

• Path-based models: (e) MCRec [30] - it extracts meta-
paths between user-item pairs to represent their con-
nectivities and encodes these paths using convolutional
neural networks; (f) KPRN [2] - it incorporates entity
types into the learning of path embeddings and performs
weighted pooling across these embeddings to predict
user preferences; (g) S4Rec [18] - it fuses semantic meta-
paths and structural information via a hybrid graph-SVD
framework.

• Propagation-based models: (h) KGAT [23] - it utilizes
GNNs to disseminate information across the entire KG,
generating user and item embeddings, and employs
their inner products to approximate user preferences;
(i) DiffKG [35] - it leverages generative diffusion and
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collaborative signals to refine item embeddings for accu-
rate recommendation.

• Subgraph-based method with KGs:(j) KGCL [24] - it
utilizes augmented knowledge subgraphs to suppress
noise and extract robust item semantics; (k) HKSAR [8]
- it extracts subgraphs that connect user-item pairs to
characterize their connectivities, which are then encoded
using GNNs to predict user preferences.

Hyper-parameter Settings. The optimal hyper-parameter
settings for all comparison methods are achieved by either
empirical study or following suggestions in original papers.
For the IPRE model, we utilize the Adam optimizer [36] and
conduct a grid search over the set {0.001, 0.002, 0.01, 0.02}
to determine the optimal learning rate γ. The best value for
the L2 regularization coefficient λ is explored within the
range {10−5, 10−4, 10−3, 10−2}. The optimal configurations
for the remaining hyperparameters are as follows: a batch
size of 256; embedding dimensions for entity, entity type,
and relation set to d = 128, d′ = d′′ = 32; a hidden state
size of 128; a multi-layer perceptron (MLP) with 3 layers;
the number of sampled paths K for each user-item pair
is set to 20, 30, and 30 for the MI-1M, Last-FM, and Yelp
datasets, respectively; and a trade-off parameter β fixed at
0.1 across all three datasets.

3.2. Performance comparison (RQ1)

Overall Performance Comparison. Table 2 presents the
performance comparison results on three datasets for N =

5 and N = 10. The key observations are summarized as
follows.

First, most KG-aware methods outperform traditional
CF-based approaches, demonstrating the advantages of in-
tegrating KGs to enhance recommendation quality. Among
CF-based methods, NeuMF surpasses the classic BPRMF by
leveraging deep neural networks to capture complex non-
linear user-item interactions more effectively. Moreover,
LightGCN++, a recent advancement in graph-based recom-
mendation, further improves upon NeuMF, underscoring
the benefits of optimized graph convolutional networks in
boosting recommendation accuracy.

Within path-based methods, KPRN and S4Rec show
substantial improvements over earlier approaches such
as MCRec, which heavily depend on the quality of meta-
paths to model user-item relationships. This indicates that
more sophisticated path encoding and fusion techniques
can better exploit the semantic structure of KGs.

The propagation-based model DiffKG achieves compet-
itive results by refining item embeddings via generative
diffusion processes combined with collaborative signals.

However, it is generally outperformed by the subgraph-
based method HKSAR, which extracts and encodes user-
item connecting subgraphs to obtain more robust repre-
sentations of connectivity. Despite HKSAR’s strong perfor-
mance, it suffers from relatively high computational costs
(as shown in Table 3).

In summary, the proposed IPRE consistently outper-
forms all baseline methods across the three datasets. No-
tably, it achieves an average improvement of 8.79% and
9.40% over the second-best baseline in terms of Hit@ N and
NDCG@N, respectively. These enhancements are statisti-
cally significant, as validated by a standard paired t-test
conducted over 20 rounds of results [37], yielding a p-value
of less than 0.05. This evidence supports the effectiveness of
IPRE in delivering personalized recommendations by lever-
aging the intricate I-paths within KGs, thereby enhancing
the user experience in recommendation systems.

Fig. 3. Performance comparison based on varying levels of
data sparsity. The histograms in the background represent
the interaction density for each user group, while the lines

illustrate the performance metrics for Hit@10 and
NDCG@10.

Performance Comparison w.r.t. Data Sparsity Levels. We
investigate whether leveraging I-paths in KGs can mitigate
data sparsity, a key challenge limiting recommender sys-
tems’ effectiveness. To this end, we conduct experiments
on user groups defined by varying levels of interaction
sparsity. Following established methods [23, 37], test users
are divided into four groups based on their number of
training interactions, while keeping the total number of
interactions constant across groups. The density of each
group is defined as:#total interactions/(# users × # items).
The resulting densities are 1.5%, 5.1%, 9.6%, and 18.9%
for MI-1M; 0.05%, 0.17%, 0.35%, and 0.91% for Last-FM;
and 0.02%, 0.16%, 0.43%, and 1.19% for Yelp, indicating
progressively decreasing sparsity from the first to the last
group.

Figure 3 shows Hit@10 and NDCG@10 results across
these groups on all datasets, with consistent trends ob-



538 Xiao Sha et al.

Table 2. Performance comparison results.‘Improve’ refers to the advancements made by the IPRE model in comparison to
the second-best baseline, indicated by ‘*’.

Methods
MI-1M Last-FM Yelp

Hit@N NDCG@N Hit@N NDCG@N Hit@N NDCG@N
N=5 N=10 N=5 N=10 N=5 N=10 N=5 N=10 N=5 N=10 N=5 N=10

BPRMF 0.421 0.538 0.317 0.383 0.327 0.431 0.251 0.323 0.278 0.369 0.239 0.298
NeuMF 0.582 0.681 0.407 0.483 0.427 0.562 0.347 0.425 0.368 0.481 0.317 0.407

LightGCN++ 0.642 0.752 0.498 0.582 0.523 0.658 0.452 0.528 0.487 0.602 0.428 0.512
CKE 0.568 0.659 0.392 0.487 0.438 0.567 0.378 0.431 0.386 0.512 0.329 0.418

MCRec 0.492 0.617 0.391 0.432 0.434 0.568 0.352 0.428 0.369 0.482 0.317 0.403
KPRN 0.667 0.737 0.545 0.613 0.530 0.673 0.452 0.536 0.517 0.640 0.435 0.516
S4Rec 0.603 0.712 0.487 0.562 0.518 0.673 0.463 0.538 0.502 0.628 0.442 0.521
KGAT 0.696 0.761 0.574 0.643 0.581 0.712 0.538 0.608 0.532 0.656 0.484 0.550
DiffKG 0.735 0.792 0.638 0.682 0.662 0.792 0.596 0.639 0.623* 0.735* 0.531* 0.576*
KGCL 0.712 0.776 0.602 0.642 0.628 0.745 0.587 0.631 0.598 0.713 0.511 0.530

HKSAR 0.751* 0.844* 0.638* 0.693* 0.674* 0.798* 0.601* 0.642* 0.612 0.723 0.522 0.556
IPRE 0.817 0.892 0.698 0.746 0.734 0.859 0.668 0.702 0.687 0.782 0.594 0.635

Improve 8.79% 5.69% 9.40% 7.65% 8.90% 7.64% 11.15% 9.35% 10.27% 6.39% 11.86% 10.24%

Table 3. Training Time Comparisons relative to representative baselines.

MI-1M Last-FM Yelp
Average Total Average Total Average Total

BPRMF 59.4s 1.4h 78.6s 1.9h 10.7s 0.2h
NeuMF 65.2s 1.7h 197.4s 5.2h 13.2s 0.4h

LightGCN++ 72.8s 1.9h 156.3s 4.1h 15.9s 0.5h
CKE 68.2s 1.8h 132.4s 3.7h 14.8s 0.5h

MCRec 89.5s 2.3h 178.2s 4.8h 18.3s 0.6h
KPRN 1.7h 20.2h 4.2h 46.8h 0.9h 8.3h
S4Rec 1.2h 14.5h 3.1h 34.2h 0.7h 6.8h
KGAT 108.2s 2.9h 242.6s 6.7h 22.7s 0.7h
DiffKG 224.7s 5.8h 321.5s 8.9h 45.3s 1.3h
KGCL 198.4s 5.1h 298.7s 8.2h 38.2s 1.0h

HKSAR 245.6s 6.7h 364.1s 9.8h 62.5s 1.7h
IPRE 237.5s 6.5h 345.2s 9.6h 50.9s 1.42h

served for other N values. LightGCN++ performs well in
denser groups by effectively scaling norms, but its perfor-
mance deteriorates sharply in sparser groups due to limited
capacity to model high-order dependencies without KG
auxiliary information. DiffKG excels in moderate-density
groups (e.g., 9.6% in MI-1M) but suffers in sparse settings
because diffusion amplifies noise. HKSAR captures hierar-
chical subgraph structures effectively in moderately dense
groups, outperforming propagation-based methods; how-
ever, it struggles in very sparse groups due to dependence
on subgraph connectivity, resulting in performance drops.
KGCL achieves competitive results in dense groups (e.g.,
18.9% in MI-1M) but underperforms in sparse scenarios, as
contrastive learning requires ample positive samples.

Our proposed IPRE consistently surpasses all baselines
across all sparsity levels, with average improvements of
9.2% on Hit@10 and 10.1% on NDCG@10 over the near-
est competitor. Notably, gains increase as sparsity rises,
peaking in the sparsest groups (e.g., 0.02% density in Yelp),
where IPRE outperforms DiffKG by 12.3% on Hit@10 and
13.8% on NDCG@10. These results demonstrate IPRE’s

robustness to sparse data and highlight the advantage of
exploiting I-paths to enrich user-item embeddings with
complex semantics and higher-order topological informa-
tion from KGs, particularly benefiting inactive users.

Performance Comparison Regarding Running Time. We
evaluate the efficiency of IPRE by analyzing its training
duration in comparison to several state-of-the-art recom-
mendation systems. All experiments were conducted on
a single NVIDIA GeForce GTX 1080 Ti GPU. The results
are presented in Table 3. Path-based methods, such as
KPRN and S4Rec, incur significantly higher training costs
due to their reliance on exhaustive meta-path enumeration
or diffusion processes. In contrast, IPRE demonstrates a
complexity level comparable to that of GNN-based recom-
menders, such as DiffKG and HKSAR, while exhibiting
greater efficiency than the path-based approaches. Overall,
IPRE offers a favorable trade-off between performance and
computational cost, particularly in scenarios that require
complex path-based reasoning.
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3.3. Model components analysis (RQ2)

In this subsection, we conduct an ablation analysis to in-
vestigate the efficacy of the key designs of IPRE, including
(1) entity type and relation; (2) attention mechanism; (3)
aggregation function fp; and (4) I-paths embedding.

Impact of Entity Type and Relation. IPRE utilizes both en-
tity types and relations to enhance entity embeddings. To
assess their individual impacts, we examine two variants:
IPRE-t, which excludes entity type embeddings in Eq.(1),
and IPRE-r, which omits relation embeddings in Eq.(2). As
shown in Table 4, both variants underperform compared
to IPRE. This indicates that integrating diverse entity types
and relations significantly improves recommendation per-
formance by enriching the semantic context for better entity
embedding learning.

Impact of Attention Mechanism. IPRE incorporates an
attention mechanism to differentiate the importance of pre-
decessors during the entity embedding learning process.
To study its impact, contrast IPRE with its variant, IPRE-
a, which removes the attention mechanism in Eq. (3) and
aggregates entity embeddings using the mean-pooling op-
eration instead. As illustrated in Table 4, the performance
of IPRE-a significantly deteriorates across all three datasets,
with an average decline of 4.84%. This might because treat-
ing all predecessors equally introduces noise and misleads
the embedding learning process. This also verifies the ef-
fectiveness of the attention mechanism in enhancing user
preference inference by specifying the varying importance
of different predecessors.

Impact of Aggregation Function. In the IPRE model, the
function fp is utilized to aggregate entity embeddings into
a path embedding, as defined in Eq.(5). Within this model,
fp is implemented using a max-pooling operation. To ex-
plore the effectiveness of alternative aggregation methods,
we introduced two variants: IPREmean and IPREatt, which
employ mean-pooling and a vanilla attention mechanism
for fp, respectively. The performance analysis presented in
Table 4 demonstrates that IPRE consistently outperforms
the variants. This suggests that the max-pooling opera-
tion successfully identifies the most critical dimensional
features, which aids in the effective learning of path em-
beddings.

Impact of I-paths Embedding. IPRE incorporates the
learned I-path embeddings into user preference predictions
as shown in Eq. (9). To evaluate their effect, we compare
IPRE with the variant IPRE-ip, which excludes I-path em-
beddings and relies only on user and item embeddings
for predictions. As indicated in Table 4, IPRE-ip consis-
tently shows inferior performance across all metrics in the

three datasets. This demonstrates that including I-path
embeddings in user preference predictions significantly im-
proves recommendation performance by offering essential
complementary information to user-item interactions.

3.4. Parameter sensitivity (RQ3)

We finally study how different settings of hyper-parameters
affect the performance of IPRE.

Number of Sampled Paths. To investigate the impact of
varying the number of sampled paths (K) on model perfor-
mance, we integrated different sets of paths into the IPRE
model, with K values of {5, 10, 20, 30, 40, 50, 60}. As shown
in Figure 4(a)(d), optimal performance is achieved with
K = 20 for the MI-1M dataset and K = 30 for the Last-FM
and Yelp datasets. This enhancement is due to the increased
number of paths (i.e., entities and relations), which allows
for the encoding of more comprehensive knowledge from
the KGs. However, excessive integration of paths may in-
troduce additional noise, which can detract from model
accuracy.

Fig. 4. Hyper-parameter sensitivity on the three datasets.

Trade-off Parameter. Figure 4(b)(e) demonstrates the ef-
fects of the trade-off parameter β. Achieving optimal per-
formance with β = 0.1 across three datasets highlights the
critical role of selecting an appropriate β value to effectively
penalize the path length.

Embedding Sizes. We assess the impact of embedding
size d on IPRE by varying d within the range {16, 32, 64,
128, 256}. Figure 4(c)(f) indicates that the performance of
DSR initially increases with the increment in d, peaks at
d = 128 across the datasets, and subsequently declines as d
increases further (e.g., d = 256). This suggests that while
larger embedding sizes enhance encoding capabilities, they
may also negatively affect the model’s generalization, po-
tentially leading to overfitting [27].

4. Conclusions

We propose an Interdependent-paths Recurrent Embed-
ding framework to effectively exploit the heterogeneity
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Table 4. Ablation study results.‘Decrease’ refers to the relative performance drop of the respective variants in comparison to
IPRE.

MI-1M Last-FM Yelp
Hit Decrease NDCG Decrease Hit Decrease NDCG Decrease Hit Decrease NDCG Decrease

IPRE 0.892 – 0.746 – 0.859 – 0.702 – 0.782 – 0.635 –
IPRE-t 0.879 -1.46% 0.734 -1.61% 0.842 -1.98% 0.689 -1.85% 0.771 -1.41% 0.627 -1.26%
IPRE-r 0.873 -2.13% 0.731 -2.01% 0.840 -2.21% 0.685 -2.42% 0.765 -2.18% 0.621 -2.20%
IPRE-a 0.847 -5.04% 0.706 -5.36% 0.822 -4.31% 0.668 -4.84% 0.746 -4.60% 0.604 -4.88%
IPRE-ip 0.824 -7.62% 0.687 -7.91% 0.794 -7.57% 0.651 -6.26% 0.722 -7.67% 0.585 -7.87%
IPREmean 0.858 -3.81% 0.718 -3.75% 0.834 -2.91% 0.679 -3.28% 0.754 -3.58% 0.610 -3.94%
IPREatt 0.862 -3.36% 0.723 -3.08% 0.839 -2.33% 0.683 -2.71% 0.761 -2.68% 0.616 -2.99%

of KGs for personalized recommendation. The I-paths
construction method autonomously identifies interrelated
paths connecting user-item pairs, while the attentive re-
current network enhances embedding learning by jointly
capturing the semantic and structural information of KGs.
Extensive experimental results demonstrate that IPRE con-
sistently outperforms existing methods, particularly in mit-
igating the effects of data sparsity.

Despite these strengths, IPRE requires careful hyperpa-
rameter tuning, including parameters such as the number
of sampled paths K, path length P, and the trade-off pa-
rameter β that modulates the influence of path length in
the embedding process. Although grid search was em-
ployed to find optimal values, performance can vary sub-
stantially with different settings, and manual tuning is
time-consuming and may not generalize well across di-
verse datasets. Future research will explore automated
machine learning (AutoML) frameworks [38] to automate
hyperparameter optimization.

Furthermore, noise and missing information in real-
world KGs, such as incorrect triples or incomplete relations,
can adversely affect the quality of I-path construction and
embedding, thereby reducing recommendation effective-
ness. To address this, future work will investigate adver-
sarial training techniques to enhance noise robustness [39].
For example, incorporating adversarial regularization dur-
ing I-path encoding could simulate noisy triples, thereby
enhancing the model’s resilience.

Finally, although β = 0.1 demonstrates strong empirical
performance across the datasets studied, its optimal value
is likely sensitive to varying KG structural properties such
as density, relational complexity, and hierarchy. To address
this limitation, future work will explore the application
of causal intervention [40] to disentangle the direct and
indirect effects of short and long paths on recommendation
outcomes. This approach will enable tuning of β based on
causal contributions rather than mere correlations, thereby
enhancing robustness against noise in KGs.
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