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Abstract

Deep learning on graphs, specifically graph convolutional networks (GCNs), has exhibited exceptional efficacy in
the domain of recommender systems. Most GCNs have a message-passing architecture that enables nodes to
aggregate information from neighbours iteratively through multiple layers. This enables GCNs to learn from
higher-order information, but the model does not allow for direct captions of the local structural patterns. Our
rationale is to investigate the effectiveness of capturing such local patterns for graph-based collaborative filtering
to enhance model’s learning ability per layer. This technique combines lower-order and higher-order interactions
during layer-wise propagation. In this paper, we propose MotifGCN to aggregate both lower-order and higher-
order information in each graph convolution layer. Specifically, we develop dedicated algorithms of generating
motif adjacency matrices. The matrices are then used for motif-enhanced neighbourhood aggregation in each
layer. As this paper focuses on recommender systems, MotifGCN is built on the basis of bipartite graphs. Our
experiments on four real-world datasets show that MotifGCN has a superior performance compared to various
state-of-the-art methods.
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1 Introduction

Graph neural networks (GNNs) have emerged as a promising solution for multiple industries such as e-Com-
merce [1-4] and social media [5—-7] in favour of their superior performance in graph learning tasks including node
classification, graph classification, and link prediction. A series of recent advancements in recommender systems
[6, 8, 9] that adopt graph convolutional network (GCN) [10] show great potential of graph-based collaborative
filtering (CF). Graph-based CF represents users and items as nodes and interactions as edges within a graph
structure, which allows for the exploitation of higher-order connections. However, there are two key challenges
for graph-based CF methods. One is the data sparsity issue in user—item interactions, which makes it more
challenging to generate reliable recommendations. The other challenge is the lack of local pattern exploitation in
the existing graph-based CF methods. Recent studies [11-14] have further explored network structures, under-
scoring the importance of local patterns and their impact on network-based tasks, which provides additional
context and motivation for our work.

Although GNNs can learn from higher-order connections, it relies on multi-layer propagation. Local structural
patterns cannot be captured directly by normal graph convolution. Therefore, our rationale is to investigate the
effectiveness of capturing such local patterns for graph-based collaborative filtering to enhance the model’s
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learning ability at each layer. This achieves similar effects to additionally preserving intermediate layer
embeddings into the output layer as lower-order and higher-order interactions are both captured in the final
embeddings [15].

As a simple and common higher-order patterns in graphs, network motifs have shown promising enhancement
to graph representation learning on homogeneous graphs such as social networks [1, 16-18] and bioinformatics
networks [19, 20], as well as heterogeneous networks [21-24]. Formally, we define network motifs as recurring
patterns or subgraphs that appear in graph networks more frequently than in randomised graphs [25]. They can be
considered the fundamental building blocks of graphs, capturing local structures that are often indicative of
underlying node behaviours and characteristics. If multiple nodes can form a motif instance, they are considered
as motif neighbours and are connected in the motif adjacency matrix, even if some of the nodes are not really
connected in the graph. This means motif adjacency matrices can be used to preserve higher-order neigh-
bours’information in a single layer’s graph convolution operation.

By incorporating motifs in layer-wise propagation, nodes learn the local structure so more information can be
captured than using the original adjacency matrix. In addition, network motifs can mitigate the limitation of user—
item interaction data sparsity by utilising local connectivity patterns to infer missing links, which then enriches
the data for recommendations. By identifying and applying motifs to a GNN framework, we can gain deeper
insights into the structural properties of any given user—item interaction graphs, which can lead to more accurate
and robust recommendation outcomes. Based on the rationales discussed above, we propose a new graph neural
network that preserves higher-order information in each single-layer neighbourhood aggregation using network
motifs.

In our previous work [26], we proposed a motif-based graph attention network for web service recommen-
dation (MGSR). The model uses a motif attention mechanism that first calculates graph attentions on multiple
motif adjacency matrices and then combine the outputs using a motif attention which measures the similarity
between previous layer’s hidden states and the outputs from the motif adjacency matrices. This means the motif
attention mechanism with M motifs will have a significantly larger computational complexity than the original

graph attention network [27], which is O(M -K-(|V|-d-d+ |E|-d )) where M is the number of motifs, K is

the number of attention heads, d is the input feature dimension, and d’ is the output feature dimension. Addi-
tionally, due to the nature of motif adjacency matrix, the matrix has a higher density than the original adjacency
matrix so E is significantly larger than the actual number of edges.

While MGSR is suitable for relatively small datasets like a mashup-API dataset in service computing, it is
challenging to scale to large datasets used in general recommender systems, such as the Amazon datasets. To
overcome this limitation and explore the impact of motifs in general recommender systems, we propose a series
of efficient motif adjacency matrix generation algorithms and a generic framework for recommender systems
called Motif GCN.

MotifGCN integrates motifs in graph convolution layers to enhance the neighbourhood aggregation efficiency
within each single layer. Compared to MGSR, MotifGCN does not use any form of attention mechanism and has

fewer learnable parameters hence has a significantly improved computational complexity of O<|V| -d). Our

experiments on four real-world recommendation datasets show that motifs can significantly improve GCNs for
CF.

In this paper, we propose one main research question along with two sub-research questions.

Main RQ: How can the incorporation of network motifs enhance graph-based collaborative filtering methods?

Sub-RQ1: How does the proposed motif adjacency matrix generation algorithm compare to general approa-
ches in terms of computational efficiency?

Sub-RQ2: How does the proposed MotifGCN perform on different datasets compared to basic graph CF
methods and other higher-order-enhanced graph CF methods?

Our contributions are summarised as follows:
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e We propose a novel CF framework called MotifGCN, which integrates motifs in graph convolution layers to
enhance the neighbourhood aggregation efficiency within each single layer. This generic framework can be
applied to most recommendation datasets.

e We propose dedicated algorithms of generating motif adjacency matrices for all motifs consisting of up to four
nodes in bipartite graphs. Theoretical analyses and experiments show that the algorithms have improved time
and space complexity over general approaches.

e We conduct experiments on four real-world datasets to demonstrate the effectiveness of our proposed
framework.

The rest of paper is organised as follows: In Sect. 2, we briefly review and discuss some recent graph-based CF
approaches for recommender systems and motif-based graph neural networks. Section 3 provides the background
knowledge to understand our proposed method. Section 4 presents our proposed motif adjacency matrices
generation algorithms and MotifGCN architecture. Section 5 shows our experimental results and performance
analysis. Finally, Sect. 7 concludes this paper.

2 Related work

In this paper, our work is dedicated to motif-based GNN for CF. To the best of our knowledge, we are the first to
explore the application of network motifs specifically on bipartite graphs within this context. For this section, we
extend the scope slightly and review current literature in the fields of GNNs for CF, motif-based GNNs, and
higher-order enhanced GNNs for CF in Sections 2.1, 2.2, and 2.3, respectively.

2.1 Graph neural networks for collaborative filtering

There has been an extensive collection of research works on GNNs for CF in recent couple of years. Following
the earlier works of GraphSAGE [28] and GCN [10], neural graph collaborative filtering (NGCF) [8] is one of the
earliest works to apply GCN to CF. The paper proposes a message-passing design for convolution layers with a
short circuit mechanism that concatenates the hidden states after each layer as the final output. The datasets used
are represented as bipartite graphs so edges only exist between user—item pairs. The message between a user-item
pair is the weighted average of the item node embedding and the Hadamard product of the two nodes’
embeddings. The convolution layers then aggregate the messages for all nodes to update their embeddings. After
obtaining the final node embeddings, the prediction of the interaction between a user—item pair is calculated via
the inner product of their embeddings.

Influenced by NGCF, He et al. [6] perform ablation studies on NGCF and show that feature transformation
matrix and nonlinear activation function do not have additional effectiveness for GCNs on CF tasks. In the same
work, an NGCF-inspired model called LightGCN is proposed to eliminate the feature transformation matrix and
nonlinear activation function in the convolution layers. In a way, LightGCN can be considered a reduced and
refined version of the NGCF model while further enhancing experimental performances.

As another key publication, Yu et al. [3] propose low-pass collaborative filter network (LCFN) that simplifies
spectral graph convolution by calculating only a small number of graph Laplacian eigenvectors of small
eigenvalues. The work shows that small eigenvalues correspond to low-frequency graph signals which can reflect
nodes being connected, while large eigenvalues correspond to high-frequency graph signals which represent
noises in data. Through removing high-frequency eigenvectors in graph Laplacian, LCEN avoids high compu-
tational cost of eigen-decomposition and eliminates noise in graphs, thereby improves model accuracy and
efficiency.

LCFN has a limitation of constructing separate graphs for user nodes and item nodes thus ignores the direct
interaction between a user and an item. To address this issue, low-pass graph convolutional network (LGCN) [9]
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uses bipartite graphs to preserve the user—item interactions. Similar to LightGCN, LGCN also simplifies the graph
convolution layer by removing feature transformation and nonlinear activation. The authors also show that low-
pass filter enables LGCN to avoid over-smoothing issue.

Ouyang et al. [29] identify that traditional CF models tend to overfit due to noise in labelled training data and
propose to mitigate this issue by integrating contrastive learning with a GNN to enhance the alignment and
uniformity of user and item representations independently of labels. Alignment is improved by minimising the
distance between representations of interacting user—item pairs. Uniformity is enhanced by distributing these
representations more evenly across their respective hyperspheres. Their framework also leverages a novel 0-layer
embedding perturbation mechanism for minimal data augmentation, allowing the model to learn these properties
in a label-independent manner with faster convergence.

2.2 Motif-based graph neural networks

A series of recent works show that the topological structure of graphs has significant influence on local and global
representation learning [30, 31]. As one way of exploiting the topological information in graphs, network motifs
have been used in a range of research works for GNNs. In this section, a range of motif-based GNNs will be
explained.

As one of the first works using motifs in GNNs, MotifNet [16] uses motifs for directed graphs. The work
obtains motif adjacency matrices from directed motifs and then get the motif Laplacian. Although the adjacency
matrices are still symmetric, different motifs induce different structures which enables the model to be aniso-
tropic. For the core structure of MotifNet, multivariate polynomials of degree p are applied to the motif
Laplacians. Due to the large number of coefficients required, the polynomials are simplified using two approa-
ches. One is to only consider the two motifs of incoming and outgoing edges. The other is to define the
polynomials with recursive products of each degree.

Rossi et al. [32] propose a framework that uses motifs to learn higher-order network embeddings which
represent interactions between multi-hop neighbours. They adopt the same definition of motif adjacency matrices
as in [33] except that they use undirected motifs. Additionally, the authors propose k-step motif adjacency matrix
which is the power of the original motif adjacency matrix. For m motifs with k steps, there are m X k motif
adjacency matrices in total. This embedding method is adopted in motif convolutional networks [34] which uses
an attention mechanism and an epsilon greedy strategy to select only one neighbour for each node’s neigh-
bourhood aggregation.

With a focus on heterogeneous graphs, motif-CNN [35] also uses motifs to capture higher-order information.
The authors differentiate nodes into different semantic roles according to their types and occurrences in the
motifs. Instead of the adjacency matrix in GCN, motif-CNN uses a motif adjacency matrix weighted by semantic
roles to perform convolution operation. Nodes with the same semantic role in all instances of a motif share the
same weight. For the weights of different motifs, Motif-CNN adopts the attention mechanism to dynamically
adjust the importance of different motifs for each node. Similarly, InfoMotif [36] also captures multi-hop
interactions using structural roles of nodes in motifs. Nodes are considered as the same attributed role if they have
co-varying attributes in similar motif instances. To identify structurally similar nodes, InfoMotif adopts mutual
information maximisation to obtain attribute correlations in motifs.

Li et al. [37] propose to incorporate global information with motif-based subgraph convolutional neural
networks. Instead of directly linked neighbours, motif neighbours are used for neighbourhood aggregation. An
input graph is transformed to an m-ary tree by cascading each node’s m-ary subtree following the order of node
degrees. The m-ary tree is then used to generate an adjacency matrix for feature aggregation.

The recent works of motif-based multiview graph attention networks with gated fusion [1] and motif graph
neural network [20] have rather similar structures. They both follow the commonly used message-passing
paradigm of GNN framework. Specifically, they first generate motif adjacency matrices and then aggregate node
features on each motif adjacency matrix. The key difference between the two pieces of work is how the features
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aggregated from different motif adjacency matrices are combined. The former uses an attention layer to get a
weighted average from the feature matrices before cascading a gated fusion layer to control the weights of
residual connections. The latter minimises redundant information among all motifs. Here, the redundant infor-
mation is measured by the similarity between node features aggregated from each motif adjacency matrix and
those from all other motif adjacency matrices. An inner product and a non-linear activation function are used in
the similarity calculation.

Motifs are also used in graph classification. Zhang et al. [38] present a novel framework that uses motifs in
GNNs pre-training for molecular property prediction. The framework learns subgraph embeddings by maximising
the likelihood of each subgraph belonging to a motif, and then optimise the embeddings by combining them to
contrast with initial who-graph embeddings. Similarly, Zhou et al. [39] also use motifs to learn subgraph
embeddings for graph classification. Differently, they rank subgraph importance by calculating the similarity
between subgraph embeddings and a graph-level vector and combine important subgraphs into the overall graph
embedding. In the subgraph-motif alignment phase, top candidate subgraphs are selected based on importance
scores, and motifs are iteratively extracted using k-means clustering. These motifs guide the alignment of
subgraph representations through a contrastive loss function, ensuring that subgraphs align with motifs of their
class while remaining distinct from others.

Despite the rich collection of motif applications in GNNs, there is currently very limited research in motif-
based CF.

2.3 Higher-order enhanced graph neural networks for collaborative filtering

Although there has been considerable amount of research on motif-based GNNs, applications of motif on CF task
are still limited. Here we review some CF models that consider higher-order structure in their architecture designs,
which is also related to our work as motif is a tool for capturing higher-order connectivity as well.

HyperRec [40] is a recommendation model that employs hypergraphs to represent higher-order relationships
between users and items. The hypergraph is constructed such that each hyperedge represents a group of items that
a user has interacted with within a specific time window, thereby encapsulating the sequential and co-occurrence
information in the user’s interaction history. By utilising sequential hypergraphs, the model captures complex
dependencies between short-term user intent and dynamic item embeddings, offering a richer and more com-
prehensive user representation compared to traditional user-item graphs.

Ji et al. [41] propose a model called dual channel hypergraph collaborative filtering which also leverages
hypergraphs to capture higher-order relationships among users and items, but form two hypergraphs for user—user
and item—item, respectively. The hyperedge in user—user hypergraph is a group of users who share common
interactions with one or more items. Similarly, the hyperedge in item—item hypergraph is a group of items that are
connected with at least one same user. Through the two hypergraphs, the model can learn complex higher-order
dependencies within users and items.

Zhang and McAuley [42] introduce a model that mixes multiple order’s higher-order graph convolutions
within a stacked structure to capture a broader range of user—item interactions. This hybrid approach is an
adaptation of the shortcut technique [15, 43] as it essentially concatenates interim representations to generate the
final embeddings. Similarly, Nguyen et al. [44] incorporate higher-order connections within autoencoder
framework by augmenting the interaction graph with second-order and fourth-order interactions.

Yu et al. [45] utilise multi-channel hypergraphs with self-supervised learning strategy. The channels are user
views generated from different aspects such as social relationships and common purchases. Auxiliary tasks are
then generated from these channels for self-supervised learning. Hypergraph Contrastive Collaborative Filtering
[46] also combine hypergraphs and self-supervised learning for CF. Specifically, hypergraph is constructed based
on mutual connections for both users and items. Both the hypergraph and original interaction graph are used to
generate contrastive views by edge dropout. The contrastive loss for self-supervised learning maximises the
agreement between same nodes in different views and minimises the agreement between different nodes. This
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objective helps the model to refine the embeddings, ensuring that similar nodes have closer representations, while
dissimilar ones are pushed apart.

Xia et al. [47] introduce a graph signal processing approach that uses two types of filters to separately learn
user unique behaviours and global behaviours. The user unique behaviours are learned among users that share
similar preferences, preventing user-specific preferences from being influenced by the behaviours of dissimilar
users. The global behaviours are general interaction patterns across all users, which are captured by a combination
of higher-order and ideal low-pass filters. This balances the need to leverage broad user interaction data while
avoiding the over-smoothing problem commonly associated with traditional filtering methods.

Gong et al. [48] design two higher-order neighbour-enhanced strategies to improve GNNs for CF. The
embedding propagation (EP)-based strategy and the positive user—item pair (PP)-based strategy. The EP-based
strategy employs a novel higher-order graph convolution method that mitigates the excessive decay of higher-
order neighbour information by assigning different weight coefficients to various order neighbours, thereby
capturing richer collaborative signals. The PP-based strategy enhances the model’s training process by identifying
potentially positive samples from a user’s higher-order neighbours, based on item similarity and user similarity, to
improve the quality of the positive user—item pairs used during model training.

3 Background

In this section, we first introduce network motifs and explain the differences between motifs in homogeneous
graphs and bipartite graphs. We then discuss the difference and relationship between motif adjacency matrices
and powers of adjacency matrix.

3.1 Network motifs in bipartite graphs

Network motifs are recurring and significant patterns or subgraphs that appear in complex networks more
frequently than in randomised networks [25]. As most motifs involve more than two nodes, they can provide
useful local structure information and also contribute to global properties of the whole graph. Depending on the
type of graphs, motifs can be either directed or undirected. Figure 1 shows some common motifs in directed and
undirected graphs. Our proposed method uses bipartite graphs to represent user—item interactions. This is a
natural choice for collaborative filtering as bipartite graphs can effectively represent the relationships between the
two distinct user set and item set.
We provide the formal definition of bipartite graphs as follows.

Definition 1 (Bipartite graphs [49]) A bipartite graph G = (U, V,E) is a graph where all nodes in G are
partitioned into two disjoint classes U and V, i.e. UNV = (), such that every edge has its terminal node in
different classes from its initial node: nodes in the same partition class must not be adjacent.

The interactions between users and items are usually not symmetric in recommender systems, e.g. in movie
rating a rating is established by a user for a movie but a movie cannot establish an interaction with a user. This
Fig. 1 Examples of undi-
rected motifs and directed A

AT TN
MTHX A& DL

Undirected Motifs Directed Motifs

@ Springer Neural Computing and Applications


https://doi.org/10.1007/s00521-025-11079-8

https://doi.org/10.1007/500521-025-11079-8

means that there does not exist a symmetric pair of directed edges between any two nodes. To define graphs for
recommender systems, we need to define oriented graphs first.

Definition 2 (Oriented graphs [50]) An oriented graph G = (V, E) is a directed graph such that none of its node
pairs is linked by more than one edge and none of its edges has the same initial and terminal node.

Now, we can define oriented bipartite graphs, which can be used to represent recommendation data.

Definition 3 (Oriented bipartite graphs [51]) An oriented bipartite graph G = (U, V,E) is a directed bipartite
graph such that for any u € U,v € V,uv € E implies vu ¢ E.

We can use oriented bipartite graphs to represent recommender systems datasets but finding instances of
directed motifs in oriented bipartite graphs is in fact equivalent to identifying undirected motifs in undirected
bipartite graphs. The generated motif adjacency matrices are the same because they only record the coexistence of
nodes in motif instances. An example of this equivalence is shown in Fig. 2. For the ease of understanding and
implementation, we consider the graphs and motifs as undirected in this paper. If the datasets are represented as
directed graphs, our methods are completely compatible and no further modification is needed.

Due to the absence of user—user edges and item—item edges, the complex types of motifs in homogeneous
graphs such as four-clique do not exist in bipartite graphs. This makes bipartite graphs not as computationally
expensive as homogeneous graphs for motif analysis. For the purpose of exploring different motifs within limited
computational resources, we only consider motifs consisting of up to four nodes. Figure 3 shows all seven motifs
used in this work.

3.2 Motif adjacency matrix

A common approach to incorporate network motifs into existing graph learning frameworks is to form motif
adjacency matrices [33]. Given a graph and a certain motif m, we can form the motif adjacency matrix A,, whose
elements (i, j) are the number of instances that nodes i and j co-exist in. We refer to nodes that co-exist in at least
one motif instance as motif neighbours. A common approach to generate a motif adjacency matrix is to carry out
a subgraph isomorphism test between the motif and every subgraph in the graph. An example is the VF2 [52]
graph matching algorithm, which has a complexity of O(N!N) where N is the number of nodes in the graph. To
improve the computational efficiency, we introduce our dedicated algorithm for generating motif adjacency
matrices in Sect. 3.1.

Fig. 2 Example motif in
undirected bipartite graph
and oriented bipartite
graph. Circle nodes and
square nodes are used to
represent two types of
nodes, e.g. users and items. Motif in undirected bipartite graph 2 0 0 1 1

N /

Motif adjacency matrix for both cases

Motif in oriented bipartite graph
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SIS F

M3~ M3

Fig. 3 All motifs consisting of two to four nodes in bipartite graphs. Superscript refers to the number of user nodes in the
motif while subscript means the number of item nodes in the motif. The hyphen in M3~ indicates one less edge in the motif
compared to M3.

4 Method

In this section, we first present the algorithms for generating motif adjacency matrices for motifs in bipartite
graphs and then introduce the architecture of our proposed motif graph convolutional network.

4.1 Generating motif adjacency matrices for bipartite graphs

Previously, Bouritsas et al. [31] have tried counting motifs using the generic subgraph isomorphism algorithm
VF2 [52]. The method is usable for small graphs such as the Cora dataset but cannot cope with large graphs such
as the Amazon-Book dataset due to a high complexity of O(N!N). As most datasets for recommender systems
have a very low density, we decide to design tailored algorithms to generate motif adjacency matrices for each
motif. As shown in Fig. 3, motif M/ is simply an edge between two nodes, so the motif adjacency matrix is the
same as the original adjacency matrix and we follow the generation method used in GCN [10]. In our previous
work [26], we briefly described the algorithms for M} to M3 and demonstrate the details for motif M}. Here, we
omit the algorithm for M} and provide steps to alter the algorithm for M? to M3: (1) For M?, simply replace all

appearances of U with V. (2) For M3, replace (j, k) € (‘Nz(i)‘) at line 6 with (j, k,[) € (‘N;i)l) and follow the same

steps of line 7 for (j, /) and (k, I); (3) For M3, refer to both (1) and (2).

The algorithms for motif M2~ and M3 are shown as follows. Algorithm 1 details the method for constructing
the motif adjacency matrix for motif M3~. The process begins by grouping all edges according to their associated
item nodes, and an empty matrix A,, is initialised. In each iteration of the outer loop, with j and k representing
any two item nodes, the algorithm calculates both the intersection .S and the symmetric difference P of the
neighbours of j and k. The sizes of .S and P are denoted by n, and n,, , respectively. If .S has at least one node and
P has at least one node, the algorithm proceeds to update four types of counts: 1) The count between j and k is
increased byn, x n,, since a motif instance requires one mutual neighbour and one non-mutual neighbour of j and
k. 2) For each mutual neighbour i, the counts between i, j and i, k are increased by n,, reflecting the number of
ways to choose one node from P. 3) For each i € S and / € P, the count between i and / is incremented by one, as
i, I, j, and k can form only one motif instance. 4) For each node / € P, the counts between [/, j and /, k are
increased by n;, corresponding to the number of ways to select one node from S. The algorithm concludes by
adding the transpose of A,, to itself to produce a symmetric matrix.

Algorithm 2 outlines the procedure for generating the motif adjacency matrix for motif M3. Initially, all edges
are grouped based on common item nodes, and an empty matrix A,, is established. In each iteration of the outer
loop, where j and k represent any two item nodes, the algorithm identifies the intersection .S of the neighbours of
j and k. If S contains at least two nodes, three types of counts are updated: 1) The count between j and k is
increased by @, since forming an instance of M3 requires selecting any two of the n users in S, which has (g)
possibilities. 2) For each user node i, the counts between i, j and i, k are increased by n — 1, as there are n — 1

options for choosing the final user node to form an M3 instance with i,j, and k. 3) The count between any two
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user nodes in .S is incremented by one, since any two user nodes can only appear together in one M3 instance with
j and k. Finally, to ensure symmetry, the transpose of matrix A,, is added to itself.

Algorithm 1 Motif adjacency matrix generation algorithm for M3~.

Input: Edges E; number of nodes N; neighbourhood function A; intersection
function INTERSECT; symmetric difference function SYMDIFF
Output: Motif adjacency matrix A,,
1 A,, < N x N matrix filled with 0O;
2 for V(j,k) € V do

3 S« INTERSECT(N(5),N(k));
4 | P SYMDIFF(N(j),N(k));
5 ns < |S|;
6 n, < |P|;
7 if ny > 0 and n, > 0 then
8 Add ns x n, to element (5, k) in A,,;
9 for Vi € S do
10 Add n, to elements (4, j) and (i,k) in A,,;
11 for Vi € P do
12 | Add 1 to element (i,1);
13 end
14 end
15 for Vil € P do
16 | Add n, to elements (1, 7) and (I,k) in Ap,;
17 end
18 end
19 end

20 A, +— A, + AT

Algorithm 2 Motif adjacency matrix generation algorithm for M3.

Input: Edges E; number of nodes N; neighbourhood function A; intersection
function INTERSECT

Output: Motif adjacency matrix A,,

A,, < N x N matrix filled with 0;

[y

2 for V(j,k) € (I‘Q/‘) pairs of items do
s | S« INTERSECT(N(j),N(k));
4 ns < |S|;
5 if ng > 1 then
6 Add w to element (j, k) in A,y,;
7 for Vi € S do
8 | Add ns — 1 to elements (i,7) and (i, k) in Ay
9 end
10 for V(i,1) € ('5) pairs of users do
11 | Add one to element (i,1) in Ay,;
12 end
13 end
14 end

T
15 A, — A, +A;,
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To help better understand the advantage of our proposed algorithms, we present the average time complexity
for all algorithms and a comparison against the VF2 algorithm.
The average time complexity of algorithm for motif M. is:

o(1) —i—O(]U\- (%))

~o(ul- (5:7) o
~ot)

For sparse graphs, |E| = ¢|N| so the final complexity for M} is O(N) which is faster than VF2’s best case O(N?).
As the topological structure of M2 and M? is identical, they have the same average time complexity.

The average time complexity of algorithm for motif M} is:

o(1) +0<|U|. (@))

E|
|E’
=0(——
(|U!2)

For sparse graphs, |E| = ¢|N| so the final complexity for M. is O(N) which is faster than VF2’s best case O(N?).
As the topological structure of M} and M; is identical, they have the same average time complexity.
The average time complexity of algorithm for motif M3~ is:

o (1) st +s1- 171+ 1pD)
—o(|V[*- 1| - IP1)
<o(Iv’: (Wﬁ) (3)
(G
—o((EP)

For sparse graphs, |E| = ¢|N| so the final complexity is O(N?) which is the same as VF2’s best case.

The average time complexity of algorithm for motif M3 is:

@ Springer Neural Computing and Applications


https://doi.org/10.1007/s00521-025-11079-8

https://doi.org/10.1007/500521-025-11079-8

0 <|‘2/‘> (1418 + (";')))

For sparse graphs, |E| = ¢|N| so the final complexity is O(N?) which is the same as VF2’s best case.
4.2 MotifGCN

In this section, we present the architecture of our framework MotifGCN, as illustrated in Fig. 4. We first generate
motif adjacency matrices from the interaction graph and then combine them with a combination weight. The
combined matrix will then be sent to graph convolution layers to generate the final embeddings. After that, the
user and item embeddings are split and used to calculate the dot product for predicting user’s preference. The
motif adjacency matrices generation algorithm only needs to run once for each motif on each dataset and the
matrices can be reused in later experiments. The node-level propagation of MotifGCN is defined by the following
equations.

B =Y Y —ah (5)

c
meM ieN,,(u) "

hﬁ“ — Z Z iamhlu (6)

C:
meM yeN,, (i)

In equations 5 and 6, hi, hﬁ € R? denote the embedding vectors of user node u and item node i at layer [. M is the

set of all selected motifs including m;. N, (u) and N, (i) denote the motif neighbours of user node u and item

P —

User embeddings

Weighted

Motif-enhanced

Neighbourhood
Aggregation

Initial node embeddings

A
e

split @ prediction

‘ Final embeddings | i

Item embeddings

Counting of motif instances Motif adjacency matrix | Motif combination matrix

Input 3 Generating motif adjacency matrices 3 Motif-based Graph Convolution 3 Output

Fig. 4 An illustration of MotifGCN model architecture.
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node i for motif m2 respectively. The normalisation constant c,; is computed by /| N, (u)||N (i) and o, is the
motif combination coefficient of motif m.

To explore whether network motifs can improve GCNs, we hope to emphasise the influence of motif adjacency
matrices to the performance as much as possible. Following LightGCN [6], we ignore the linear transformation
matrix, non-linear activation function, and self-loops in the original GCN layer [10] to restrict the quantity of
parameters. To explicitly test the performance of individual motifs, we set M = {m;, m} for each motif m other
than m; and set oy = o, = 0.5. The motif combination coefficient can also be learned automatically such as using
the attention mechanism [35], which will be explored in future work.

After obtaining the final node embeddings, the prediction scores between any user—item pairs can be calculated
as the dot product of their embedding vectors:

);ui = hz; ’ h[ (7)

The prediction scores will be ranked to generate the top-p list of nodes as the recommendation results.
The matrix form of the layer propagation is provided as follows:

H* = chHl7 (8)
Ape = Z O Ay (9)

;&m = D;l/zAmDr;lﬂv (10)

where ch is the motif combination matrix, Xm is the symmetrically normalised motif adjacency matrix, and D,,
is the degree matrix of motif m’s motif adjacency matrix A,,. The motif adjacency matrices including the original
adjacency matrix are generated from the edge set E and A,, € R¥*"Y. The embedding matrix at layer / is denoted
by H' € RV,

4.3 Optimisation settings

Following the common choices of optimisation strategies for collaborative filtering, we use Bayesian personalised
ranking [53] as loss function and adaptive moment estimation [54] as optimiser. For the generalisation strategy,
we adopt L2 regularisation without dropout since our model only has the initial node embeddings as the learnable
parameters.

5 Experiments

In this section, we present experimental evaluations of our work in two subsections which correspond to sub-RQ1
and sub-RQ?2. To help answer the first sub-research question, we evaluate the efficiency of our dedicated motif
adjacency matrix generation algorithms. With respect to the second sub-research question, we assess the rec-
ommendation performance of our framework Motif GCN.
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Table 1 Comparison of

. . . Motif Algorithm ProgrammableWeb Yelp
motif adjacency matrix
generation algorithms Running time Peak memory usage  Running time  Peak memory usage
le VEF2 0.43s 0.11 GB / OOM
Ours 0.05s 0.06 GB 121.94s 7.38 GB
M12 VEF2 53.11s 3.24 GB / OOM
Ours 8.58s 0.36 GB 345.54s 8.76 GB
M} VE2 2.33s 0.24 GB / OOM
Ours 0.08s 0.06 GB 281.49s 6.96 GB
M} VF2 / OOM / 0OM
Ours 8.61s 0.36 GB 346.86s 8.76 GB
M%’ VEF2 228.14s 8.36 GB / OOM
Ours 33.73s 0.15 GB 10865.24s 51.90 GB
M? VF2 7.64s 0.46 GB / OOM
Ours 1.9s 0.08 GB 657.56s 2.03 GB

5.1 Evaluating efficiency of motif adjacency matrix generation algorithms

To evaluate the efficiency of our proposed motif adjacency matrix generation algorithms, we conduct experiments
using two datasets: ProgrammableWeb and Yelp. We include this small dataset while ignoring the other three
datasets used for model performance comparison in next section because VF2 is unable to generate any motif
adjacency matrix for relatively small-sized yelp dataset due to out-of-memory (OOM). For the baseline method,
we select VF2 algorithm as mentioned in Sect. 4.1.

Datasets. ProgrammableWeb: A mashup-API network consisting of 1,611 mashup nodes, 6,336 API nodes,
and 13,219 interactions. Yelp: A business review dataset containing 29,601 users, 24,734 items, and 1,517,326
interactions.

Baseline algorithm. VF2 algorithm: A well-known algorithm for subgraph isomorphism detection that is
applicable to most type of graph including directed, undirected, bipartite, and homogeneous graphs.

Hardware configuration. All experiments are conducted on a computer with an AMD Ryzen 9 7900 CPU and
128GB RAM. The efficiency of evaluated methods is measured in running time and peak memory usage.

The results are shown in Table 1. From the comparison, we can draw a conclusion that our proposed dedicated
algorithms for generating motif adjacency matrices of bipartite graphs are significantly faster than the VF2
algorithm and consume less memory usage as well.

5.2 Evaluating performance of MotifGCN

5.2.1 Datasets and evaluation metrics

The statistics of the four datasets used for performance evaluation are shown in Table 2. The records in each
dataset are randomly split into training, validation, and test sets with a ratio of 70%, 20% , and 10% , respectively.

All models are evaluated by top-20 and top-40 recommendations with the evaluation metrics of recall and
normalised discounted cumulative gain (NDCG).
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Table 2 Statistics of the

Dataset # of Users # of Items # of Interactions Density
datasets

Yelp 29,601 24,734 1,517,326 0.00051

Gowalla 50,821 57,440 1,172,425 0.00010

Amazon 78,578 77,801 2,240,156 0.00009

Tmall 47,939 41,390 2,357,450 0.00030

5.2.2 Baseline methods

We select seven baseline methods from the perspectives of basic graph CF, higher-order-enhanced graph CF, and
self-supervised graph CF methods. Although self-supervised learning is out of scope in this paper, we have
included this type of methods as they are commonly regarded as state-of-the-arts for CF [55].

e Basic Graph CF:

— NCF [56] is an CF model leveraging MLPs to capture non-linearity in the data.

— LightGCN [6] is a simplified GCN model for recommender systems. It keeps the linear propagation of
node embeddings while removing all feature transformation and non-linear activation functions in the
model architecture.

e Higher-order-enhanced Graph CF:

— HyperRec [40] uses a series of hypergraphs from different time periods to generate dynamic node
embeddings that are aware of multi-hop relationships.

— MHCN [45] considers directed triangle motifs to incorporate multi-hop interactions and social
relationships into recommendation. It also adapts attention mechanism and self-supervised learning in
the training strategy.

— HCCEF [46] leverages hypergraphs to model higher-order connections and use the resulting embeddings as
a view to contrast with the embeddings generated from normal graph convolution.

e Self-supervised Graph CF:

— SGL [57] is a self-supervised CF model that constructs contrasting views by randomly dropout edges or
nodes from the graph.

— SimGCL [58] is a self-supervised CF model that constructs contrasting views by simply adding noise to
the node embeddings.

5.2.3 Hyperparameter settings

We compare our results with those reported in [59] which also used the four datasets for performance evaluation.
The hyperparameters of all baseline methods are tuned according to the original papers, except that all models
have the following same settings: Embeddings size is 32; the batch size is 256; the number of MLPs or graph
convolution layers is two.

For MotifGCN, we search the learning rate from {le=*, 1le73, 1e7?}. The L, regularisation term is searched
from {le~>, le~*, 1e73}. The motif type is searched from {MZI,M%,M;,M%,M?,M%}.
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Table 3 Performance comparison with baseline methods

Dataset ~ Metric NCF [56] LightGCN [6] HyperRec [40] MHCN [45] HCCF [46] SGL [57] SimGCL [58] MotifGCN
Yelp Recall@20  0.0252 0.0482 0.0472 0.0503 0.0626 0.0526 0.0718 0.0777
NDCG@20 0.0202 0.0409 0.0395 0.0424 0.0527 0.0444 0.0615 0.0663
Recall@40  0.0487 0.0803 0.0791 0.0826 0.1040 0.0869 0.1166 0.1274
NDCG@40 0.0289 0.0527 0.0522 0.0544 0.0681 0.0571 0.0778 0.0846
Gowalla Recall@20  0.0171 0.0985 0.0901 0.0955 0.1070 0.1030 0.1357 0.1672
NDCG@20 0.0106 0.0593 0.0498 0.0574 0.0644 0.0623 0.0818 0.0994
Recall@40  0.0216 0.1431 0.1356 0.1393 0.1535 0.1500 0.1956 0.2391
NDCG@40 0.0118 0.0710 0.0660 0.0689 0.0767 0.0746 0.0975 0.1183
Amazon Recall@20  0.0142 0.0319 0.0302 0.0296 0.0322 0.0327 0.0474 0.0684
NDCG@20 0.0085 0.0236 0.0225 0.0219 0.0247 0.0249 0.0360 0.0523
Recall@40  0.0223 0.0499 0.0432 0.0489 0.0525 0.0531 0.0750 0.1071
NDCG@40 0.0133 0.0290 0.0246 0.0284 0.0314 0.0312 0.0451 0.0651
Tmall Recall@20  0.0082 0.0225 0.0233 0.0203 0.0314 0.0268 0.0473 0.0577
NDCG@20 0.0059 0.0154 0.0160 0.0139 0.0213 0.0183 0.0328 0.0401
Recall@40  0.0140 0.0378 0.0350 0.0340 0.0519 0.0446 0.0766 0.0927
NDCG@40 0.0079 0.0208 0.0199 0.0188 0.0284 0.0246 0.0429 0.0522

Fig. 5 An example show-

! . 0 1 1 0 1 0 1 1 0 O
ing the difference between G
powers of adjacency matrix 10101 10001
and motif adjacency matrix. 11 0 0 1 10 0 1 1
0O 0 0 0 O 0 01 0 O
4-cycle 1110 0 01100
(a) Graph G and motif 4- (b) Graph G’s motif (c) Graph G’s adjacency
cycle adjacency matrix of 4-cycle matrix A
2 1 1 1 2 2 5 6 1 2 11 10 10 6 11
1 3 2 1 1 5 4 6 2 5 10 16 16 6 10
1 2 4 0 1 6 6 4 4 6 10 16 22 4 10
1 1 0 1 1 1 2 4 0 1 6 6 4 4 6
2 1 1 1 2 2 5 6 1 2 11 10 10 6 11
(d) A2 (e) A3 (f) A*

5.3 Performance comparison

We present the performance comparison in Table 3. From the results, we can observe that Motif GCN shows
superior performance against all baseline methods including the state-of-the-art self-supervised learning methods.

The improvement of MotifGCN over its backbone model LightGCN is significant: around 60%—70% on Yelp
and Gowalla and more than 100% on Amazon and Tmall for all evaluation metrics. This performance
improvement could be attributed to network motif’s high efficiency of capturing higher-order information within
single layer.

Comparing to the three higher-order-enhanced graph CF baseline methods, our framework does not rely on any
attention mechanism or self-supervised learning strategy yet outperforms them by a large margin. The superiority
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of MotifGCN indicates that our adopted undirected network motifs can better enhance graph CF models than
general hypergraph approaches [40, 46].

6 Discussion

In this section, we discuss how motif adjacency matrices are related to powers of the original adjacency matrix
and how motif adjacency matrices change the behaviour of graph convolution layer.

A motif adjacency matrix is not a trivial partition or transformation of the original adjacency matrix. Due to the
definition of motif adjacency matrix, any two nodes in the motif become connected in the motif adjacency matrix
regardless of the actual connectivity in the graph. This means that motif adjacency matrices can enhance the
message-passing process, as a node can aggregate information from distant nodes that are only reachable after
multiple layers with the original adjacency matrix. In addition, the elements in the matrix are counts of motif
instances where node pairs appear together, so most of the elements are different while in the original adjacency
matrix elements are either one or zero. This is effectively a redistribution of the weights in neighbourhood
aggregation where nodes that appear in more motif instances together with current node have larger weights.

A series of previous work [6, 60, 61] simplify the traditional message-passing architecture by eliminating linear
transformation, non-linear activation, and self-loops from the graph convolution layers and have powers of the
adjacency matrix for the neighbourhood aggregation. According to algebraic graph theory, an element of powers
of adjacency matrix, (A") j» 18 the number of walks from i to j in the graph with length n [62]. For node i, a larger

number of walks to j than to other nodes is an indication of j being structurally more important than other nodes
for i. The walks include all possible pathways within the walk length so some of them can construct certain
motifs. In other words, the powers of adjacency matrix contain information of various motifs. However, a large
proportion of these walks contain repeated nodes and edges, which fails to reflect the distinctive impacts of
different local structures to graph convolution. In addition, the number of walks is highly dependent on the parity
of the walk length, causing imbalanced neighbourhood aggregation for different layers.

In comparison, the elements in a motif adjacency matrix only depend on the structure itself. Figure 5 illustrates
an example of the difference between powers of adjacency matrix and motif adjacency matrix. Figure 5 a is
simple graph where sequentially connected nodes 0, 1, 4, and 2 form an instance of a motif called four-cycle. In
Fig. 5 b, nodes 0, 1, 2, and 4 have equal element values between each other in the motif adjacency matrix as they
appear in a same motif instance.

In Fig. Sc—, we can see that all nodes eventually are able to aggregate information from each other and some
element values grow faster than others as the exponent increases, especially node 2 who has the largest degree in
the graph. This observation is consistent with the analysis of the over-squashing issue by Xu et al. [15]. By
contrast, a motif adjacency matrix captures higher-order interactions for selective nodes depending on the motif
structure, without fast increasing edge weights as in powers of adjacency matrix. This observation implies motif
adjacency matrices are able to alleviate the issue of over-squashing by limiting the number of neighbours and the
weights of neighbourhood information. As a result, MotifGCN is able to achieves significantly improved
performance.

7 Conclusion and future work

In this work, we proposed to use network motifs to reinforce the architecture of GCNs motivated by an analysis
on the effect of shortcuts in GCNs. We studied the network motifs on bipartite graphs and proposed dedicated
algorithms for generating motif adjacency matrices which have a significantly lower time complexity than
existing approaches. We then presented MotifGCN, a novel framework for recommender systems that incor-
porates motif adjacency matrices in graph convolution design. We conducted experiments on four real-world
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datasets and showed that motifs can significantly improve a simple GCN’s performance on recommendation
tasks.

While our method is designed primarily for bipartite graphs, the underlying principles can be easily extended to
homogeneous graphs as well. Applications on homogeneous graphs and extra information such as user—user
social connections are beyond the scope of this work. For future work, we will explore different techniques that
can be combined with motif analysis such as dimension reduction algorithms and spectral clustering methods.
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