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feed session to GRU and learn sequential representation (Sf) using (1) - (4)

construct an incoming Ain and outgoing Aout adjacency matrices

build a directed session graph G_s from unique items and consecutive edges; Ain and Aout

compute node representation after T propagation steps using (5) - (9)

compute graph representation (Sg) by attention over node embeddings using (10) - (11)

compute current preference (Si) from the last-clicked item in session (last node embedding).

compute the final session representation Sh using St, Sg and Si as in (12)

compute the probability scores of each itemy; using softmax as in (13)

select the top-K as the recommended list of items for the session

compute loss and do backpropagation using (14)

end for
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Abstract

Session-based recommender systems are a type of recommender
systems that model the dependencies between items in user interactions
to find the most appropriate item or set of items to the user. An
important issue in the performance of these systems is the ability to
discover different dependencies in a session. While existing models
often focus on only one of the two dependency types—either sequential
or complex—this study proposes a novel model that integrates both.
Specifically, a Graph Neural Network (GNN) is employed to identify
complex and non-sequential dependencies among items, while a
Recurrent Neural Network (RNN) is utilized to model the sequential
dependencies within sessions. This hybrid architecture enables the
model to obtain a more accurate representation of user intent, thereby
achieving higher prediction accuracy compared to conventional
approaches that address only one dependency type. Comprehensive
evaluations conducted on two widely used benchmark datasets,
Yoochoose and Diginetica, demonstrate the superiority of the proposed
method over state-of-the-art baselines. The results show that RGNF-
SRec achieves improvements of 0.40% in P@20 and 1.07% in
MRR@20 compared to the strongest baseline model on these datasets,
highlighting its enhanced capability in providing more accurate next-
item recommendations.
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