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Recommender systems are a vital tool to guide the overwhelming amount of online information for users, which
has been successfully applied to online retail platforms, social networks, etc. Recently, contrastive learning
has revealed outstanding performance in recommendation by data augmentation strategies to handle highly
sparse data. Most existing work fails to leverage the original network’s topology to construct attention-aware
modules that identify user-item interaction importance for guiding node aggregation while preserving key
semantics and reducing noise in the reconstructed graph during data augmentation. In this paper, our work
proposes an Attention-aware Graph Contrastive Learning architecture with Topological Relationship (AteGCL)
for recommendation. In particular, our AteGCL proposes an attention-aware mechanism with topological
relationships to learn the importance between users and items for extracting the local graph dependency, which
identifies the importance between nodes by constructing an attention-aware matrix into graph convolutional
networks using a random walk with a restart strategy for generating node feature aggregation. We then employ
principal component analysis (PCA) for contrastive augmentation and utilize the attention-aware matrix to ease
noise from the reconstructed graph generated by PCA and to generate a new view with global collaborative
relationships and less noise. Comprehensive experiments on three real-world user-item networks reveal the
superiority of our AteGCL over diverse state-of-the-art recommendation approaches. Our code is available at
https://github.com/ZZHCodeZera/AteGCL.
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1. Introduction network by stacking numerous message passing layers. For example,
LightGCN [6] adopts a simplified GNN embedding layer to learn user
and item embeddings on user—item networks for improving efficiency.

DGSR [7] learns the interactive behavior of nodes with preferences

In recent years, various applications generates overwhelming in-
formation [1]. For example, online retail platforms [2] consistently

generate a lot of purchase and review information from users. The
overwhelming online information can easily cause the problem of
information overload, which makes it very difficult for users to obtain
target information. Recommender systems are a vital tool to guide
the overwhelming amount of online information for users, which can
enhance user experience by recommending items that users are inter-
ested in. It has been widely used in various applications, such as items
recommendation on online retail platforms [2], posts recommendation
on online social networks [3], and news recommendation on news
websites [4], etc.

Graph neural networks (GNNs) [5] have shown outstanding per-
formance in learning user and item representations for recommen-
dation, which can capture high-order relationship on the user-item
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using Dynamic GNNs for sequential recommendation. Nevertheless,
these approaches do not consider the different importance of user—
item interactions on user-item networks, i.e., ignoring the attention
mechanism [8] on the user—item network. Averagely aggregating fea-
ture information from all user-item interactions can easily lead to
inaccurate node representations, which negatively affects recommen-
dation performance. In addition, the multi-hop message passing layers
in GNNs can seriously worsen the effect [9].

Drawing on the human visual attention mechanism, attention-based
recommendation models [8,10] have emerged. The attention mech-
anism obtains the focus of the target area and then invests more
attention resources to this target area to obtain more detailed in-
formation about the target area [11], which can learn the different
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importance of user—item interactions and has been successfully applied
to the recommendation system. For example, RetaGNN [8] adopts
a relational attentive GNN to learn weight matrices on diverse re-
lationships for sequential recommendations. DRAN [10] utilizes an
attention architecture to embed the graph-based disentangled user rep-
resentations for the next point-of-interest recommendation. Recently,
TMFUN [12] utilizes an attention mechanism to identify the impact
of user-item interaction for multimodal recommendations. However,
these existing approaches mainly learn model parameters by adaptive
training attention weight [12], which fails to utilize the topology
of the original network to construct an attention-aware module into
GNNs to identify the importance of user—item interaction for guiding
node aggregation and leads to high time complexity [13]. In more
details, a traditional GNN-based model mainly employs the Laplacian
matrix [5] of the graph to aggregate node features and ignores building
an attention-aware module based on the original network topology
into the Laplacian matrix, which only reveals the link relationship
between nodes and cannot identify the different importance between
nodes. Although the GAT-based model [12] can identify the importance
between nodes, adaptive training attention weight mechanisms for
downstream tasks are not intuitively understandable [14] and has a
high time complexity as well [13]. How to utilize the topology of
the original network to construct an attention-aware module with
topological relationships into GNNs to identify the importance of user—
item interaction to improve efficiency and explanation remains as a
challenge.

Most GNNs-based recommendation models require adequate high-
quality labeled data for supervised model training. However, many
real-world recommendation scenarios suffer from data sparsity when
learning node representations from very limited interactive data [15].
Contrastive learning (CL) [16,17], a self-supervised learning paradigm
(SSL), solves the problem of label scarcity for data augmentation. In
detail, contrastive learning aims to enhance node representation by
agreement between the created contrastive views by contrasting the
defined positive pairs with negative instance counterparts to address
data sparsity [18]. For example, Yu et al. [19] add uniform noises
to construct contrastive views for recommendation. HCCF [20] gener-
ates a new self-supervised hypergraph-enhanced cross-view using local
and global collaborative relationships for recommendation. Recently,
CCFCRec [21] creates a content collaborative filtering (CF) view and
a co-occurrence CF view to generate node embedding for cold-start
item recommendation. However, above methods are mainly based
on heuristic contrastive view generators, which limits the generality
of the model [22]. CVAEs [16] present a disentangled conditional
variational autoencoder with a contrastive learning loss function for ex-
plainable recommendation. IDCL [23] constructs a disentangled graph
contrastive learning framework using intent-wise contrastive learning
for intent-aware recommendations. However, these approaches mainly
rely on graph augmentation with random perturbation, which may
lose useful structural information, thus affecting the quality of the
learned representations. To automatically augment data, AutoSSL [24]
adopts multiple pretext tasks for automatically augmenting data, while
AutoCF [25] executes data augmentation using a unified automated
collaborative filtering. Nevertheless, the above methods do not consider
the data noise of the reconstructed view. In real-life scenarios, due
to the over-recommendation of popular content, users often click on
irrelevant content, resulting in noise in the reconstructed view obtained
from the original graph by data augmentation. Specially, after the
graph convolution operations are performed on user—item graphs, all
representations of users and items are explicitly infused with this noise
information. As a result, the augmented contrastive views may be
contaminated by noise, leading to inaccurate self-supervised signals
and a deterioration in recommendation performance. Thus, it will limit
the applicability of contrastive learning [9]. More recently, SHT [26]
mines the global collaborative relation to augment user representations
to denoise user—item interactions using a self-supervised hypergraph
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transformer framework, while AdaGCL [9] utilizes two trainable view
generators for data augmentation to ease data sparsity and noise in
recommendation. Subsequently, GO-GCL [27] adopt a Graphormer-
based graph contrastive learning strategy to reduce the influence of
noise while retaining the inherent semantic structure. However, both
methods neglect to directly use original graph topological relation-
ships to ease noise from the reconstructed graph, which may add
extra computation and cannot accurately learn user interests, resulting
in inaccurate recommendations. In more detail, the original graph
topological relationships can directly reveal the intrinsic topological
structure of graphs and are easier to obtain. Thus, we can easily use
it to revise the topology of the reconstructed graph to reduce noise.

In light of the challenges identified above, our work proposes an
effective augmentation method AteGCL (Attention-aware Graph Con-
trastive Learning Architecture with Topological Relationship) for rec-
ommendation. In particular, our AteGCL proposes an attention-aware
mechanism with topological relationships to learn the importance be-
tween users and items for extracting the local graph dependency, which
identifies the importance between nodes by constructing an attention-
aware matrix into graph convolutional networks for generating node
feature aggregation. In more detail, we count how many times a node
walks to another node using a random walk with a restart strategy [28]
as the similarity of these two nodes to construct the attention-aware
matrix. In this way, the attention-aware matrix preserves the weight
information between nodes and can generate weighted node aggrega-
tion. Compared with adaptive training attention weight mechanisms,
this mechanism can ease the time complexity, benefiting from not
requiring training model parameters. To differentiate it from the con-
ventional attention mechanism, we refer to our proposed approach
as the attention-aware mechanism. We then employ principal compo-
nent analysis (PCA) [29] for contrastive augmentation, which injects
a global collaborative context into the representational alignment of
contrast learning. In this way, it can preserve the key semantic of user—
item graph with global collaborative relationships. Further, because
the attention-aware matrix reveals the intrinsic topological structure
of graphs and are easier to obtain, we directly use it to ease noise from
the reconstructed graph generated by PCA and generate a more robust
view.

In summary, this paper makes the following contributions:

» We propose an effective augmentation method AteGCL for recom-
mendation, which introduces an attention-aware mechanism with
topological relationships to learn the importance between nodes
for extracting the local graph dependency.

We employ PCA for contrastive augmentation, which can preserve
the key semantic of user-item graph with global collaborative
relationships. Furthermore, we also utilize the attention-aware
matrix to ease noise from the reconstructed graph and generate a
more robust contrastive view.

Comprehensive experiments on three real-world user-item net-
works reveal the superiority of the AteGCL over diverse state-of-
the-art recommendation approaches.

2. Related work

GNN-based recommendations. Recently, GNN-based recommen-
dation approaches have shown superior performance in learning user
and item representations on user—item networks. NGCF [30] introduces
a new Neural Graph Collaborative Filtering architecture to explore
the graph topology for recommendations. DirectAU [31] demonstrates
that uniformity or alignment can contribute to higher recommenda-
tion performance by measure the representation quality using col-
laborative filtering methods. To deal with the cold start problem,
STGCN [32] utilizes a stack of GCNs encoder-decoders in recommender
systems. To improve efficiency, LightGCN [6] adopts a simple GNN
embedding layer to learn user and item embeddings on user-item
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networks. Some GNN-based recommendations for specific application
domains also emerge. PinSage [33] adopts random walks to construct
the convolutions to improve convergence for web-scale recommen-
dations. SSNet [34] presents a self-rescaling graph neural networks
to ease the scale distortion for friend recommendations. Recently,
DCCF [35] learns global disentangled user representations to distill
finer-grained latent factors based on GNNs collaborative filtering mod-
els. DGSR [7] learns the interactive behavior of nodes with preferences
using Dynamic GNNs for sequential recommendation. However, the
above approaches ignore the attention mechanism [8] on the user-item
network.

DRAN [10] utilizes an attention architecture to embed the graph-
based disentangled user representations for the next point-of-interest
recommendation. SOTA [36] uses a multi-head self-attention mech-
anism and a meta-path guided model for explainable session-based
recommendations. To deal with sequential recommendations, RetaGNN
[8] adopts a relational attentive GNNs to learn weight matrices on
diverse relationships, STOSA [37] designs a self-attention framework
to describe item-item position-wise connections, and PMAN [38] learns
the sparse pattern of attention using a probabilistic masked attention
network. Recently, TMFUN [12] utilizes an attention mechanism to
identify the impact of user-item interaction for multimodal recom-
mendations. MOJITO [39] applies attention mixtures strategies that
employs the temporal context and past actions to predict items for user.
However, these methods mainly learn model parameters by adaptive
training attention weight [12], which can lead to high time complex-
ity [13] and are not intuitively understandable explanations [14].

CL-based recommendations. Recent studies have introduced con-
trastive learning (CL) into graph-based recommendation systems to
solve the label sparsity problem with self-supervised signals. SGL [40]
enhances GCN using self-supervised learning on user—item networks for
recommendations. HCCF [20] generates a new self-supervised
hypergraph-enhanced cross-view using local and global collaborative
relationships for recommendation. Yu et al. [19] add uniform noises to
construct contrastive views for recommendation. To deal with bundle
recommendations, CrossCBR [41] aligns the two views to model the
cooperative association using cross-view contrastive learning. Recently,
Wang et al. [42] apply self-supervised learning to display unique data
poisoning vulnerabilities in recommender systems. CCFCRec [21] cre-
ates a content collaborative filtering (CF) view and a co-occurrence CF
view to generate node embedding for cold-start item recommendation.
However, above methods are mainly based on heuristic contrastive
view generators, which have a limited ability to adapt to different
recommendation tasks.

NCL [43] combines neighbors of a node with graph structure
and semantic space into contrastive pairs. AutoSSL [24] automati-
cally augments data using multiple pretext tasks, while AutoCF [25]
executes data augmentation using a unified automated collaborative
filtering for recommendation. Some CL-based recommendations for spe-
cific application domains emerge. CVAEs [16] present a disentangled
conditional variational autoencoder with a contrastive learning loss
function for explainable recommendation, while IDCL [23] constructs
a disentangled graph contrastive learning framework using intent-
wise contrastive learning for intent-aware recommendations. Recently,
DCRec [44] adopts adaptive conformity-aware augmentation using a
debiased contrastive learning for recommendations, while VGCL [45]
adopts variational graph reconstruction to yield multiple contrastive
views for recommendations. Subsequently, LightGCL [22] uses singular
value decomposition to generate a more robust recommendation model
for graph contrastive learning. More Recently, GO-GCL [27] reduces
the influence while retaining the inherent semantic structure using a
Graphormer-based graph contrastive learning method. Nevertheless,
these above methods either rely on graph augmentation with random
perturbation or ignore data noise in reconstructed views, which may
perform limited recommended performance.
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3. Problem definition

A user-item interaction graph can be represented as a heteroge-
neous graph G = (U,V,Y), where U = {uy, ..., u;,...,u;} with (JU| = 1)
defines the set of users and V' = {vy,...,v;,...,v;} with ([V]| = J)
defines the set of items, respectively. I and J represent the number
of users and items. Y defines the user-item interaction matrix, and
Y =[y;;1ixs € {0,1} indicates the interaction between user #; and item
v;. If y;; = 1, it means there exists an interaction between user u; and
item v}, and y;; = 0 otherwise.

As discussed in Section 1, it remains a challenge to apply the topol-
ogy of the original network to construct an attention-aware module into
GNNs to identify the importance of user-item interaction to improve
efficiency and explanation in recommender systems. Furthermore, how
to design data augmentation methods to preserve the key semantic of
user—item graph and ease noise from the reconstructed graph to gener-
ate a more robust view is also a challenge. Hence, the recommendation
problem is formally defined as follows in this paper:

Give a user—item interaction graph G = (U, V,Y), we first construct
an attention-aware module with topological relationships .S into GNNs
to identify the importance of user-item interaction, where .S can be
obtained by counting the number of times that node u; walks to
node v; and node v; walks to node u; using the random walk with
a restart strategy. Then, PCA-guided augmentation generates a new
view and original topologies-guided denoising generates a more robust
contrastive view for learning user and item representations. Finally, the
goal of our recommendation task is to predict the unobserved user-item
interactions y;; with the encoded corresponding representations.

4. Methodology

We introduce our proposed AteGCL model in this section. AteGCL is
a graph contrastive learning paradigm with an attention-aware mech-
anism with topological relationships, as shown in Fig. 1. We first
introduce an attention-aware mechanism with topological relationships
to learn the importance between users and items for extracting the
local graph dependency. Then, PCA-guided augmentation generates a
new view with global collaborative relationships. The attention-aware
matrix is utilized to ease noise from the reconstructed graph generated
by PCA.

4.1. Attention-aware graph learning module

In this section, we follow the common collaborative filtering
paradigm with attention-aware mechanism to embed user and item
nodes into a d-dimensional latent space. In general, the common
collaborative filtering method embeds user #; and item v; as embedding
vectors ¢; and e; with dimension R?. The embedding matrices for
users and items are usually defined as E® € R'*¢ and E® e R/,
respectively. Thus, we construct a local graph embedding propagation
layer with attention-aware mechanism to embed users and items as in
Formula (1):

2 =o(p(L;) - B, 28 =o(p(L, ;) EY)), @
where z, and zj.”l denote embedding of user #; and item v; in the /th
layer. o(-) defines the LeakyReLU [22] with a negative slope of 0.5,
and p(-) represents edge dropouts to mitigate the overfitting. L is a
Laplacian matrix with attention-aware, which can be constructed by
Formula (2):

1 1

L=D A+ (A0eSND ], 2
where A represents the adjacency matrix of the user—item interaction
graph, and D, and D, represent the diagonal degree matrice for users
and items. S is an attention-aware matrix with topological relationships
to define the similarity on user-item interaction, which can be con-
structed by Formula (3). © represents the element-wise product. We
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Fig. 1. Overall architecture of AteGCL.

utilize A © €S to eliminate the noisy edges in S. Besides, we employ ¢
to control the contribution of the attention-aware matrix.

S(u,v) = [Wiyy g = 0)| + [Wiy g(v = u)| 3)

In Formula (3), S(u, v) represents the number of times that node u walks
to node v and node v walks to node u using the random walk with a
restart strategy [28]. M represents the length of the sampled paths and
R represents the number of sampled paths. |W), r(u — v)| represents
the number of times that from a starting node u walks to the node v
through M R steps and |W), p(v — u)| represents the number of times
that from a starting node v walks to the node u through MR steps.
Thus, the S(u, v) preserves the sum of the number of mutual times that
from a starting node u (v) walks to the node v (u). To preserve the
original node information, we adopt the residual connections, which
can be constructed by Formula (4):
e?f‘/) = zl(.f;) + eEj‘l)_ " e;")[) = Z;U[) + ej,ljl)_l 4)
We sum the embeddings of a node across all layers to get the
final embedding. We then adopt the inner product between the final
embedding of a user #; and an item v; to predict u;’s preference towards
v;, as shown in Formula (5).

L L
() _ () ) _ (©)]
€ —Zei,/’ €j _Zej,/’

1= =

©

4.2. Contrastive learning module

As discussed in Section 1, most existing graph contrastive learning
approaches either utilize the heuristic-based augmentation techniques
or perform stochastic augmentation on the user-item network to gener-
ate contrastive views, which cannot well preserve the intrinsic semantic
information and are easily biased by noise perturbation. PCA-guided
augmentation injects a global collaborative context utilizing Laplacian
matrix decomposition operations, which can preserve the intrinsic
semantic information and improve the generality and robustness of
CL-based recommenders.

In detail, PCA aims to reduce dimensionality while minimizing
information loss. Specifically, PCA maps the n-dimensional global fea-
tures to the k-dimension (k < n) orthogonal features, which is called the
principal component corresponding to the intrinsic semantic informa-
tion of networks. It should be emphasized that the new k-dimensional
orthogonal features contains as much information as possible from the
global n-dimensional features. Hence, we adopt the PCA to extract
important global collaborative information for graph augmentation.
For the Laplacian matrix with attention-aware L, we perform the de-
averaging operation and calculate its covariance matrix L, similar to
Ref. [29]. Then, we employ SVD [46] to compute the eigenvalues and

eigenvectors of the covariance matrix L, which can be constructed by
Formula (6):

L=UxV", (6)

where U is an I x I orthonormal matrix and V' is a J x J orthonormal
matrix. X stores the singular values of L and is a diagonal matrix with
dimension I x J. The principal components of the matrix ¥ usually
correspond to the largest singular values. We preserve the largest
k value by truncating the list of singular values to reconstruct the
matrix L, which can be constructed by Formula (7) (see below). Due
to the high cost of performing SVD on large matrices L., we use the
randomized SVD algorithm [47] to approximate the range of the input
matrix with a low-rank orthonormal matrix, which can improve the
efficiency.

L =05V ~ Approxsv DL, k) = U, 5,7, @)

In Formula (7), U; is an I X k orthonormal matrix and V; is a J x k
orthonormal matrix. X stores the k largest singular values of L and
is a diagonal matrix with dimension k x k. U, %, and V, are the
approximated versions of U,, %, and V. L is a low-rank approximation
reconstructed matrix of the matrix L, which indicates the principal
components of the graph and preserve the global collaborative informa-
tion by considering user—item interactions. As discussed in Section 1,
reconstructed view obtained from the original graph by data augmen-
tation are always noisy. Thus, we directly explore the attention-aware
matrix S to ease noise from the reconstructed graph L, which can be
constructed by Formula (8)

LD = L © Random(S), (€)]

where O represents the element-wise product and LD is the de-noised
Laplacian matrix. The straightforward idea to ease noisy edges with
the least assumptions about LD is to penalize the number of non-zero
entries in S. In detail, the S(u,v) preserves the importance between
users and items. Therefore, when the zero entries in .S is inconsistent
with the zero entries in L at the corresponding position, the correspond-
ing position in L is intuitively a noise edge. Hence, we use Random(-)
to randomly select a zero entries in S from each row to penalize
the corresponding term in the matrix L. Thus, we construct a graph
embedding propagation layer on the reconstructed user—item relation
graph to embed users and items as defined in Formula (9).

R, =o(pALD;.) - ). Y, =o(pLD, ) E") ©

Time complexity analysis: Let M denote for the route length of
the random walk, R for the number of the random walk, I and J for
the number of users and items, respectively. The time complexity to
calculate S(u, v) is O(R- M - (I +J)). Although AteGCL needs to calculate
S, this computational cost is lower than in model training stages since
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it only requires to be performed once. Our AteGCL model avoids the
repetitive updating of parameters in the training process and improves
the efficiency of the model compared with adaptive training attention
weight mechanisms.

GCL models often suffer from a high computational cost due to the
construction of extra views and the convolution operations performed
on them during training. However, the low-rank nature of the PCA-
reconstructed graph enables the training of our AteGCL to be highly
efficient. Let k be the rank of PCA, E be the number of the interactions,
the time complexity of performing PCA is O(k- E). Although the AteGCL
needs to perform PCA, the computational cost is negligible compared
to model training stages since it only requires to be performed once.
Our AteGCL models avoid the repetitive graph augmentation during
training, which improves model efficiency.

Interpretability analysis: Intuitively, the more times between node
u and node v, the more similar they are. The attention-aware matrix §
uses the topology of the original network to construct the attention-
aware module to generate attention-aware node feature aggregation,
which preserves the importance between users and items. Compared
with adaptive training attention weight mechanisms, this mechanism
can ease the time complexity and increase the interpretability of the
model. In more detail, the graph embedding propagation layer ag-
gregates information from the node and its neighboring nodes, and
attention-aware matrix S clarify the graph embedding propagation
layer on node level with the contributions of each neighboring node.
Thus, the interpretability of the model is improved.

4.3. Model optimization

To train the model parameters, we directly adopt InfoNCE loss [48]
to contrast PCA-augmented view embeddings with main-view embed-
dings:

L exp(s(z*,, A", /7))
L = 3 3 o
; Y=o exp(s(z, h /7))

T
i=0 1=0

where 7 and s(-) represent the temperature and the cosine similarity

respectively. We define item InfoNCE loss Lﬁ”) in the same way. We

jointly optimize the contrastive loss with main objective function for

the recommendation, which can be constructed by Formula (11):

(10

L=L,+6,(LY+LY)+0,- 6|2, 11

where 0, and 0, are hyper-parameter for control contribution and ©
are the model parameters. L, is the main objective function and we
adopt a random node dropout [22] to alleviate overfitting, which can
be constructed by Formula (12). For a pair of positive items of user i, we
define the predicted scores as y; , . Similarly, we define the predicted
scores as y; , for a pair of negative items of user .

I S
L. = Z Z max(0,1 =y, , +¥;,) 12)
i=0 s=1
5. Evaluation
In this section, we design experiments to answer the following

research questions for evaluating the effectiveness and effective of the
AteGCL.

How does our proposed model perform compared to various
state-of-the-art recommendation methods?

How do the key components of the AteGCL contribute to its
overall performance?

How robust is the AteGCL in dealing with noise data?

How effective is the AteGCL compared to the traditional GAT-
based model?

How do key hyperparameters affect the performance of the
AteGCL?
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Table 1

Datasets.
Dataset User Item Interaction
Yelp 29,601 24,734 1,517,326
Gowalla 50,821 57,440 1,172,425
Tmall 47,939 41,390 2,357,450

5.1. Experimental settings

5.1.1. Datasets
We select three datasets from the latest version of online applica-
tions to organize our experiment, i.e., Yelp, Gowalla, and Tmall.
Table 1 shows some statistical properties of these three datasets.

» Yelp: It is a user ratings on business venues dataset from the
Yelp platform, which includes 29,601 users, 24,734 items, and
1,517,326 interactions.

» Gowalla: It is a check-in dataset collected from Gowalla plat-
form, which includes 50,821 users, 57,440 items, and 1,172,425
interactions.

» Tmall: It is an E-commerce dataset collected from the Tmall plat-
form, which includes 47,939 users, 41,390 items, and 2,357,450
interactions.

5.1.2. Baselines
We select various baselines to verify the performance of our pro-
posed AteGCL models, which are described in detail below.

DGCF [49]: It is a graph collaborative filtering method that can
disentangle user—item relationships at the finer granularity.
HyRec [50]: It is a hypergraph-based graph collaborative fil-
tering method that employs hypergraph to describe the item
relationship.

LightGCN [6]: It adopts a simplified GNN embedding layer to
learn user and item embeddings on user-item networks for im-
proved efficiency.

SGL [40]: It enhance GCN using self-supervised learning on user—
item networks for recommendations.

HCCF [20]: It generates a new self-supervised hypergraph-
enhanced cross-view using local and global collaborative relation-
ships for recommendation.

SHT [26]: It mines the global collaborative relation to augment
user representations using a self-supervised hypergraph trans-
former framework.

SimGCL [19]: It adds uniform noises to construct contrastive
views for recommendation.

LightGCL [22]: It eases noise perturbation and generates a more
robust recommendation model using graph contrastive learning.
AdaGCL [9]: It utilizes two trainable view generators for data
augmentation to ease data sparsity and noise in recommendation.

5.1.3. Parameter settings

We set the layer number of AteGCL L=2; the length of the sampled
paths M = 300 and the number of sampled paths R = 20 for Gowalla
and Tmall datasets; M = 1,000 and R = 20 for the Yelp dataset.
the embedding dimension d = 64; the rank k = 5; the parameter
0, is searched from {107%,1077,1078}; the temperature 7 is searched
from {0.3,0.5, 1,3, 10}; the control contribution parameter ¢ is searched
from {0.5,0.6,0.7,0.8,0.9,1}; the learning rate was set 0.001. The pa-
rameters of baselines are set to their default values. We utilize the
NDCG@N and Recall@N [9] with the default N = 20/40 to evaluate our
proposed model and execute 10 times experiments reporting average
performance. The experiments are conducted on the Ubuntu 20.04.6
operating system with a Intel(R) Xeon(R) Gold 5317 CPU @ 3.00 GHz
machine, 512 GB memory, Tesla A100 80G, and Python 3.9.
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Table 2 Table 4
Recommended performance (Recall@20 and NDCG@20 values). Ablation study (Recall@20 and NDCG@20 values).
Datasets Yelp Gowalla Tmall Dataset Yelp Gowalla Tmall
Recall NDCG Recall NDCG Recall NDCG Variants Recall NDCG Recall NDCG Recall NDCG
DGCF 0.047 0.040 0.094 0.052 0.024 0.016 AteGCL 1 0.094 0.081 0.202 0.118 0.080 0.056
HyRec 0.047 0.040 0.090 0.050 0.023 0.016 AteGCL 2 0.091 0.077 0.202 0.117 0.083 0.058
HCCF 0.063 0.053 0.107 0.064 0.031 0.021 AteGCL_3 0.079 0.067 0.203 0.118 0.079 0.055
LightGCN 0.048 0.041 0.099 0.059 0.023 0.015 Ours 0.096 0.085 0.211 0.121 0.083 0.059
SHT 0.065 0.055 0.123 0.073 0.038 0.026 .
SGL 0.053 0.044 0.103 0.062 0.027 0.018
SimGCL 0.072 0.062 0.134 0.082 0.047 0.033
LightGCL 0.079 0.067 0.158 0.094 0.053 0.036 . . .
AdaGCL 0.085 0.073 0.134 0.083 0.004 0.003 ?ttentlon‘-aw'are matrix S from AteGCEL (denotf?d as AteGCL_1) to verify
AteGCL 0.0 0.085 o1l o121 0.083 0.0 its contribution tf) the mo'del. As displayed in Table 4, the average
NDCG of AteGCL is 0.4% higher than AteGCL_1 and the average Recall
value is 0.2% higher than AteGCL_1 on the Yelp dataset; the average
Table 3 NDCG of AteGCL is 0.3% higher than AteGCL_1 and the average Recall
Recommended performance (Recall@40 and NDCG@40 values). value is 0.9% higher than AteGCL_1 on the Gowalla dataset; the average
Datasets Yelp Gowalla Tmall NDCG and Recall of AteGCL are both 0.3% higher than AteGCL_1 on the
Recall NDCG Recall NDCG Recall NDCG Tmall dataset. The experimental results show the effectiveness of the
DGCF 0.077 0.051 0.140 0.067 0.039 0.021 attention-aware mechanism. The reason may be that the AteGCL_1 does
HyRec 0.079 0.052 0.135 0.066 0.035 0.019 not consider the attention mechanism, and the average aggregation
HCCF 0.104 0.068 0.153 0.076 0.051 0.028 - : - . :
of user-item interactions does not effectively learn node embedding.
LightGCN 0.080 0.052 0.143 0.071 0.037 0.020 . . y ear . g
SHT 0.109 0.070 0.180 0.088 0.064 0.035 Our AteGCL introduces an attention-aware mechanism with topological
SGL 0.086 0.057 0.150 0.074 0.044 0.024 relationships identifies the importance between nodes, which can ef-
SimGCL 0.116 0.077 0.195 0.097 0.076 0.042 fectively learn user and item embeddings to improve recommendation
LightGCL 0.129 0.085 0.224 0.110 0.085 0.047 performance.
AdaGCL 0.136 0.092 0.192 0.098 0.005 0.003
AteGCL 0.159 0.103 0.301 0.144 0.129 0.075

5.2. Recommended performance

The experimental results show that our model AteGCL achieves
the best performance, as shown in Tables 2 and 3. To enhance ty-
pographic clarity, we utilize two distinct tables—Tables 2 and 3—to
present the recommended performance metrics. In the experiments,
we find that the self-supervised models is superior to the CF models.
Since the self-supervised model adopts augmented learning tasks, it
provides beneficial regularization of the original graph. For example,
SGL generate views by stochastic data augmentation and SHT uses the
global collaborative relation to augment user representations. while
DGCF adopts collaborative filtering method that to disentangle user—
item relationships. However, stochastic data augmentation is easily
affected by noisy data, resulting in misleading self-supervised signals. In
contrast, AteGCL has following main benefits. First, AteGCL introduces
an attention-aware mechanism with topological relationships to learn
the importance between nodes for extracting the local graph depen-
dency. Second, AteGCL utilizes PCA for contrastive augmentation to
preserve the key semantic of user-item graph with global collaborative
relationships. And more importantly, AteGCL applies the attention-
aware matrix to ease noise and generate a more robust contrastive
learning architecture. Overall, the experimental results demonstrate the
effectiveness of the proposed contrastive learning in designing data
augmentation techniques. As a result, our model beats baselines.

5.3. Ablation study

In this section, we design an ablation study to demonstrate the effect
of attention-aware mechanism, denoising strategy, and PCA augmenta-
tion. We execute ten experiments to display the average Recal@20 and
NDCG@20 values on three datasets.

5.3.1. Effectiveness of attention-aware mechanism

In this section, we design an ablation study to verify the effect of the
attention-aware mechanism. We organize 10 experiments to report the
average performance on the three datasets. Specifically, we remove the

5.3.2. Effectiveness of denoising strategy

In this section, we design a robustness analysis to verify the ef-
fectiveness of the denoising strategy L. © Random(S). Specifically, we
remove the component Random(S) (denoted as AteGCL_2) from AteGCL
to verify its contribution to the model. As displayed in Table 4, the
average NDCG of AteGCL is 0.8% higher than AteGCL_2 and the av-
erage Recall value is 0.5% higher than AteGCL_2 on the Yelp dataset;
the average NDCG of AteGCL is 0.4% higher than AteGCL_2 and the
average Recall value is 0.9% higher than AteGCL_2 on the Gowalla;
the average NDCG of AteGCL is 0.1% higher than AteGCL 2 on the
Tmall. The experimental results indicate that our denoising strategy
can successfully ease noise from the reconstructed graph and generate
a more robust contrastive view, resulting in significantly improved
recommendation performance.

5.3.3. Effectiveness of PCA augmentation

To verify the effectiveness of the PCA augmentation, we replace
the PCA augmentation with the SVD augmentation [46] (denoted as
AteGCL_3) to verify its contribution to the AteGCL model. The experi-
mental result as displayed in Table 4 show that the average NDCG of
AteGCL is 1.8% higher than AteGCL_3 and the average Recall value is
1.7% higher than AteGCL_3 on the Yelp dataset; the average NDCG of
AteGCL is 0.3% higher than AteGCL_3 and the average Recall value is
0.8% higher than AteGCL_3 on the Gowalla dataset; the average NDCG
of AteGCL is 0.4% higher than AteGCL_3 and the average Recall value
is 0.4% higher than AteGCL_3 on the Tmall dataset. These experimental
results demonstrate the effectiveness of the PCA augmentation.

5.4. Efficiency analysis

We evaluate the efficiency of our AteGCL model on three datasets
in this section. For fairness, we mainly adopt the baselines based on
GAT and GCL models to explore the effectiveness of AteGCL. We select
the latest architecture AdaGCL [9] and SHT [26] to compare our model
because they use an adaptive training attention weight based on graph
contrastive learning to train models. The experimental results show that
our model takes about 1,191 s, while the AdaGCL model takes about
9,577 s and the SHT model takes about 1640 s for the Yelp dataset;
our model takes about 1,962 s, while the AdaGCL model takes about
12,496 s and the SHT model takes about 2117 s for the Gowalla dataset;
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our model takes about 3,105 s, while the AdaGCL model takes about
82,800 s and the SHT model takes about 3791 s for the Tmall dataset.
Compared with the latest architecture AdaGCL and SHT, our model has
demonstrated excellent efficiency.

Furthermore, our model runs 100 epochs to train the model. The
attention matrix .S takes about 15 epochs of training time, and the
PCA augmentation takes about 1 epoch of training time. From this,
we can conclude that the computational cost of the PCA augmentation
can be negligible. Our model utilizes the topology of the original
network to construct an attention-aware module into GNNs, which
does not require training model parameters. In denoising, our model
directly employs the attention-aware matrix to ease noise from the
reconstructed graph, which does not require extra computation. The
main reason may be that the PCA augmentation and the attention-
aware module with topological relationships can improve the efficiency
of recommendation tasks compared to GAT models.

5.5. Hyperparameter analysis

In this section, we perform hyperparameter analysis, and the results
are displayed in Figs. 2 and 3. Especially, we evaluate how different the
rank k in PCA, the temperature 7 in the contrastive loss, the embedding
dimension d, and the parameter #, can impact the recommended per-
formance. We perform 10 experiments to report the average Recal@20
and NDCG@20 values on three datasets.

Rank k: We set the rank & to 2, 5, 8, and 10 to verify the recom-
mendation performance of our AteGCL. Our model utilizes k to decide
the rank of SVD. In the experiment, we found that a small value of k
can obtain the suitable results. The experimental results show in Fig.
2 that when K = 5/8, our model can well preserve the key semantic
of user-item graph with global collaborative relationships. Considering

the balance between performance and computational cost, we set the
K =5.

Temperature 7: We search from {0.1,0.3,0.5, 1,3, 10} to verify the
recommendation performance of this parameter for our AteGCL. The
experimental results in Fig. 2 indicate that the performance is relatively
stable for different r. The optimal configuration of = values varies by
datasets.

Embedding dimension d: We set the embedding dimension d to
16, 32, 64, and 128 to verify the recommendation performance of our
AteGCL and report the average recall. The experimental results are
shown in Fig. 3. As dimension d increases, the performance continues
to increase, and the satisfactory result is obtained when d = 64.
As the dimensions continue to increase, the performance slightly in-
crease. However, the computational cost will also increase. Considering
the balance between performance and computational cost, we set the
embedding dimension d = 64.

Parameter 6,: We search from {1074, 107,107, 1077, 10~} to verify
the recommendation performance of this parameter for our AteGCL
and report the average recall. This parameter controls the contribution
of contrastive learning. The experimental results are shown in Fig. 3,
the model achieves the best performance varies by datasets. When 6,
is in the range [107%,107®], it is conducive to performance improve-
ment. The experimental phenomenon indicates that a larger value may
overemphasize the contrastive optimization loss.

6. Conclusion

In this paper, we have proposed an effective augmentation method
AteGCL to the graph contrastive learning architecture for recommen-
dation. In particular, our AteGCL advocates an attention-aware mecha-
nism with topological relationships to learn the importance between
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users and items for extracting the local graph dependency, which
identifies the importance between nodes by constructing an attention-
aware matrix into graph convolutional networks for generating node
feature aggregation. In more detail, the number of times a node walks
to another node using a random walk with a restart strategy is used as
the similarity of the two nodes to construct the attention-aware matrix.
PCA is then applied for contrastive augmentation, which injects a global
collaborative context into the representational alignment of contrast
learning. Thus, it can preserve the key semantic of user—item graph with
global collaborative relationships. Moreover, we utilize the attention-
aware matrix to ease noise from the reconstructed graph generated
by PCA and generate a more robust view. Comprehensive experiments
on three real-world user-item networks reveal the superiority of the
AteGCL over diverse state-of-the-art recommendation approaches. Our
future work will explore semantic relationships [51-53] of user—item
networks to construct attention-aware mechanisms into graph convo-
lutional networks to guide node feature aggregation for a high-quality
recommendation.
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