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Abstract Recommender systems are an effective way to solve the information overload problem.
They can filter information from an overwhelming volume of data based on a user”s historical
preference to find the content a user is really interested in, and help the user to efficiently obtain
the information they want. They have been widely used in various fields, such as news, video,
shopping, travel recommendations, etc. Recently, graph neural network based session recommendation
(referred to as graph neural session recommendation) has become a research focus and hot in the
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recommender system community. This is mainly since they introduce the topological structure
information of session graph to improve the accuracy of item and session feature representation,
and therefore, to a certain extent, can improve the performance of session recommendation.
However, existing graph neural session recommendation methods still have two maindrawbacks
which affects the further improvement of performance ofsession recommendation. Firstly, the
correlation weights between items in the session graph they construct are all pre—specified before
the model training and remain fixed, which leads to the inability to capture the correlations
between items accurately. Secondly, they only generate the local features of items and sessions
from the item sequence of a single session. And they lack ofthe perspective ofan entire session
dataset and the global consideration of the correlations between different items and between
different sessions, which can be used to produce global features of items and sessions. This leads
to inability to represent the semantic features of items and sessions adequately. To address the
above two drawbacks. we innovatively propose FA-GNR (Feature Augmentation based Graph
Neural Recommendation method in session scenarios) in this paper. The FA-GNR method first
constructs a session graph with learning and optimizing correlation weights between items based
on a single session, which is used to generate item local features via GRU (Gated Recurrent Unit)
neural network. At the same time, based on the session dataset, item global features are
generated by the GloVe (Global Vectors) word embedding method. In this way, item local and
global features are fused to produce item semantic features. Then, the FA-GNR method utilizes
the local attention mechanism to generate session local features based on item semantic features.
Meanwhile, based on item global features, the global attention mechanism is used to generate
session global features. In this way, session local and global features are fused to produce session
semantic features. Finally, based on item and session semantic features, the FA-GNR method
uses cross—entropy loss to learn the click probability distribution of different items under a given
session. Experimental results on several public datasets (e. g. Yoochoosel 64, Yoochoosel 4,
and Diginetica) indicatethat the recommendation performance of FA-GNR is better than that of
existing mainstream methods inthegraph neural session recommendationtask. For example, on the
Yoochoosel _4 and Diginetica datasets, the P@20 metric of FA-GNR exceeds the state—of-the-
art graph—based neural network methods by 2.36% and 3.21% on average. respectively. At the
same time, ablation, t-SNE visualization and hyper—parameter experiments further demonstrate
the effectiveness of FA-GNR.
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Background

The exponential growth of information in the Internet
causes the information overload problem, making it impossible
for users to obtain their content of interest quickly and
accurately. Recommender systems are an effective way for
solving this problem. Session recommender system is an
important research branch of recommender system. Different
from the general recommender system, the session recommender
system uses the user’s click behavior sequence to construct the
user’ s behavior pattern, and then predicts the next item that
the user may be interested in. Generally, in a session
recommender system, a user can generate multiple sessions,
and a single session is composed of a sequence of items that the
user clicks continuously over a period of time. The session data
generated by the user is employed to train and learn the user’s
preferences for items, and then to generate a recommendation
model to predict the probability of the user clicking the next
item in the current session.

Graph neural session recommendation has become a
research focus and hot in the session recommender system
community in recent years. However, existing methods still
has two drawbacks, which affects the further improvement of
performance of session recommendation. First, the correlation
weights between items in the session graph they construct are
all pre—specified before the model training and remain fixed,
which leads to the inability to capture the correlations between
items accurately. Second, they only generate the local features
of items and sessions from the item sequence of a single
session. And they lack of the perspective of an entire session

dataset and the global consideration of the correlations between
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different items and between different sessions, which can be
used to produce global features of items and sessions. This
leads to inability to represent the semantic features of items and
sessions adequately.

To solve the above two drawbacks, we propose FA-GNR
in this paper. The FA-GNR method first constructs a session
graph with learning and optimizing correlation weights between
items based on a single session, which is emoloyed to generate
item local features via GRU neural network. At the same time,
based on the session dataset, item global features are generated
by the GloVeword embedding method. In this way, item local
and global features are fused to produce item semantic features.
Then, the FA-GNR method utilizes the local attention mechanism
to generate session local features based on item semantic
features. At the same time, based on item global features, the
global attention mechanism is used to generate session global
features. In this way. session local and global features are
fused to produce session semantic features. Finally, based on
item and session semantic features, the FA-GNR method uses
cross—entropy loss to learn the click probability distribution of
different items under a given session. Experimental results
over several public datasets show that the recommendation
performance of FA-GNR is better than that of existing
mainstream methods.
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