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Abstract: Session-based recommendations are used to convert complex items by using the graph neural network, where this
also involves combining session-level and global-level information to discover user preferences. However, this ap-proach en-
counters certain problems. A user with extensive interests should be offered more than one recommendation of candidate items.
We propose a neural network-based model to fuse candidate items based on this premise. We first use a graph neural network
to acquire session-level and global-level information, and then use an attention mechanism to obtain a representation of
candidate items recommended to the user. Finally, we integrate the candidate-level, glob-al-level, and session-level information
to acquire rich information on the items in the given session. Extensive tests on three empirically ac-quired datasets showed that
our model is superior to baseline models in most cases.
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1. Introduction

Recommendation systems are essential in various
network platforms because they help customers avoid
redundant messages by recommending suitable items to
them. Traditional recommendation algorithms often
rely on personal user information and a long history of
their access-related data. Such traditional algorithms as
collaborative filtering [17] segment users based on their
interests and recommend to them products that have
been chosen by users with similar interests, whereas
content-based recommendation algorithms [1, 13]
generate recommendations to users based on
information on the relevant items. However, the
traditional method performs poorly when users log in
anonymously because no information on the user's
configuration and long-term historical information on
their inter-actions is available in this case. Session-
based recommendation has been developed to solve
such problems [2, 4, 8, 15, 21].

Session-based  recommendation  has  recently
attracted wide attention as it can be used to forecast the
next item of interest in a chronological order based on a

series of anonymous activities. At the outset of research
on models for session-based recommendation, many
scholars employed Markov chains [7, 18] as the core
algorithm to model the sessions. Wu et al. [26]
introduced a Markov chain-based approach to
embedding that can be used to transfer items and users
into the Euclidean space, with the distance between
them representing the probability of their transference.
The results of embedding are then used to rank the
candidate items. Rendle et al. [16] pro-posed a hybrid
Factorizing Personalized Markov Chains (FPMC)
model that can mix methods of matrix decomposition
with the Markov chain to obtain both the general interest
and the expected interest of the user, and achieved
promising results. However, the Markov chain model
assumes that the user’s next action can be predicted
based on their preceding actions, and this is easily
influenced by noisy data that limit its effectiveness in
conversation-based recommendation scenarios.

Many deep neural network models have been
proposed for the above problems and have achieved
impressive performance. session-based
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recommendations with Recurrent Neural Networks
(RNN) (GRUA4Rec) [6] were the first session-based
model of recommendation founded on a Recurrent
Neural Network (RNN) model. It uses a Gated
Recurrent Unit (GRU) layer to form a one-way
sequence from session-related data in strict
chronological order, given that the user’s data are often
created during a short period and the relevant
information may be temporally related. A Neural
Attentive  session-based Recommendation Model
(NARM), reported by Li et al. [10], is based on the
RNN, and incorpo-rates an attention mechanism into the
GRU encoder to gather information on short-term
sessions. Liu et al. [11] introduced a Short-Term
Attention/Memory Priority model (STAMP), which
employs a Multi-Layer Perceptron (MLP) model and an
attention mechanism to extract the potential interests of
users. However, many deep neural network models [19,
20, 22] simply extract information on users based on a
time series to model the session. Transitioning an item
is an intricate task, and the user's behavior may not
develop in strictly chronological order. Changing the
order of the items in a session has no effect on the user’s
preference for them; rather, modeling the items in a
session in strict chronological order may result in
overfitting.

Graph Neural Networks (GNN) have been
introduced to imitate the intricacy of item relationships
in session-related data to better portray the links
between them. The first graph neural network developed
for session-based recommendations Spatial Relation-
aware Graph Neural Network (SR-GNN) was by Wu et
al. [25]. It models sessions as graphs to capture item
associations and then uses an attention mechanism to
record user preferences. Following its success, many
graph neural network models have emerged, such as the
Graph-Contextualized Self-Attention Network
(GCSAN) [28], the personalized GNN with an attention
mechanism Alarm Propagation Graph Neural Network
(A-PGNN) [31], and the Lossless Edge Order-
Preserving Aggregation and Shortcut Graph Attention
(LESSR) [3]. Qiu et al. [14] proposed a Full Graph
Neural Network (FGNN) that uses a multi-headed
attention mechanism to collect information about an
item's neighbors to derive item representations. Fang et
al. [5] proposed a session-based recommendation with
Spatial Relation Self-Attention Networks (SR-SAN) to
mine long-term dependencies between items by
introducing a self-attention network layer. However,
these methods consider only item transitions for the
given session and do not consider information on
transitions for all sessions. Several models that consider
the global fusion of information have emerged in
response to this problem. Wang et al. [23] introduced a
Global Context Enhanced Graph Neural Network
(GCE-GNN), which can examine transitions between
items from a session as well as the global perspective.
Xia et al. [27] proposed a Dual Channel Hypergraph

Convolutional Network model (DHCN) to capture
higher-order information between items through a
hypergraph-based neural network. They used self-
supervised learning to help improve hypergraph
modeling. Pang et al. [12] proposed a Heterogeneous
Global Graph Neural Networks model (HG-GNN) that
constructs a heterogeneous graph to obtain the user's
preference-related representation.

Although fusing information from other sessions into
the present one can enrich the available content, it may
fix the user's attention and degrade performance.
Furthermore, adding information on the candidate items
can pique the wuser's interest and improve the
representation of information on the session.
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Figure 1. An example of considering information from sessions other
than the current one as well as information on the candidate item.

Figure 1 illustrates this point for presentation
purposes. Assuming that the current session is “session
5,” recommending the next item to the user according to
the previous three items is purpose of the session-based
recommendation. Figure 1 shows the following:

1) Using information from other sessions facilitates the
discovery of user preferences for the current session.
For instance, in the other sessions, items related to
the item “Computer” are present in “Session 3,” items
related to “dress” are present in “Session 2,” and
items related to “lipstick” are present in “Session 1.”
The representational information in “Session 5 can
be enriched by using information from the other
sessions.

2) Using materials relevant to the current session and
directly recommending them to the user may lower
the user's interest if they have a wide variety of
interests and want to see content other than their
historical items. The user in “Session 5 wants to look
at furniture but, as in the GCE-GNN [23], the
representation information obtained may contain
only a few types of makeup, clothes, and digital
items. Subsequent downstream recommendations
then become limited to these types, and this may
reduce the user's interest. According to the strategy
proposed by Zhou et al. [32], given a candidate item,
a user with a diverse set of interests is activated. We
choose all items of session as candidate items. The
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click rate of users can be improved if information on
the candidate items is added to “session 5” in Figure
1. A large amount of information on the candidate
items is a key aspect of session-related data, and can
be used to tap into potential user preferences.

To better learn the preferences of users in their current
session, this study introduces the fusion of the candidate
items with the graph neural network model Furnish
Charging Information Graph Neural Network (FCI-
GNN), a graph neural network model based on session-
based rec-ommendations, that includes information on
the candidate items as well as global-level and session-
level information. We construct global and session
diagrams to obtain global-level and session-level item-
embedding layers, respectively:

1. The global-level item-embedding layer linearly com-
putes each item in a node's neighborhood set by using
a session-aware attention mechanism in the global
graph. The resulting representation of the
neighborhood of the item is then aggregated with the
representation of the node to generate a global-level
embedding. To combine efficient messages into the
representation of the current session, we use multiple
aggregations to explore higher-order infor-mation.

2. The session-level item-embedding layer uses an at-
tention mechanism to obtain the weights of distinct
nodes to finally obtain the session-level embedding.

3. In addition, after merging global- and session-level
embeddings, we provide a candidate-level
representation layer that computes the soft attention
score of the candi-date item with respect to the item
in the current session by applying a target attention
mechanism. The ultimate repre-sentation of the
session is created by merging the candi-date-level
embedding with the global and session levels, and
linearly transforming them.

The main contributions of this work are as follows:

e To accommodate changes in the user’s intent during
a session, we use attention mechanisms to calculate
the relevance of their historical actions on items in
the present session to the candidate items. This
improves recommendation-related performance.

e The assumption of sequence independence is
violated through the creation of messages from the
global per-spective of cross-session, which is the
process of ob-taining information from different
sessions.

e We build a session graph and use it to obtain intricate
relationships among the items in the given session.
This enhances the representation of the session.

2. Preliminaries

We now define the problem that we consider here before
describing the session graph and the global graph. Table
1 lists the notation used in this study.

Table 1. Notation used in this study.

Notation Explanation
Input
7 Set of all session items, T = {t, t,, ..., t,}; the total number

of items is n.
An anonymous session, s = {ts;,tsz, ..., tsm); M is the
length of the session.
S Set of all sessions.
Output
b4 Output probability of item.
Graph

N,.(v), N2

N

All represent node v’s #~-order neighbor set on the global
graph.

G, Global graph (undirected graph).

NS Node v’s neighbor set in the session graph.

G, Session graph (directed graph).

Four types of edges in a session graph, namely, in-edge, out-
edge, two-way edge, and self-circulating edge.

€i1€0,€i—0) €5

Variable
g |ltem v representation generated by the u-t4 layer information
X propagation in the global graph.
Ang, Neighbor representation of item v; in the global graph.
s \Vector representation of the current session s(letter s bolded).
Xy \Vector representation of (item) node v.
v Candidate item.

2.1. Problem Setting

Session-based recommendation is designed to forecast
the products that users will select according to
information on their past sessions, rather than a long-
term profile of their preference. Let T={t_1,t 2,....t n}
be the set of items that the user has involved during all
their sessions, where the total number of items in all
sessions is n. The sequence of anonymous sessions
comprises a series of interactions that can be described
as a list “s = {* “1” _ “s, 1”7, “ 17 _“5,2” ..., “1”
_“s,m””}” wheret_(s,i) €T denotes the item t_i chosen
during session s, and the length of s is m. According to
the session-based recommendation, the main purpose of
the model is to output the next chosen item t_(s,i+1) in
the current session. The probability value of the
candidate items y"is output by processing, the items are
sorted, and the K highest-ranking items are selected to
generate a sequence of suggested candidate items for the
user.

Each item t_i €T is encoded into a unified embedding
space according to time sequence I. Let x_(I,t) eR"d be
the item vector, where d indicates the number of
dimensions of the embedded item. Accordingly, each
item is initialized to x_(0,t) eER™(|T|). The embedding is
performed based on one-hot embedding, and the items
are converted into a d-dimensional potential vector
space via the matrix W_0eR™Mdx|T|). A vector s
represents each session embedding. In the following, we
use v to denote the node and the item unless otherwise
specified.

2.2. Global Graph Module

During the learning of graph-based models, the
information contained in the graph structure defines the
upper limit of the performance of the model. It is thus
important for the graph model to contain as much
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information as possible, especially across sessions, to
obtain good performance. To capture information on the
transfer of global-level items, we use the method in [24]
to generate a global graph and learn information
between sessions.

The set of r-order neighbors of the item in the current
session is defined as N_r (v). The neighboring set of
the set of items in the current session consists of items
that have been interacted with in a certain step length r.
Specifically, let the neighbor set of node v of the current
session S_a be represented as:

N_r (v_ita)={v_j"b
|v_ira=v_(i")"beS_anS_b;v_jra&eS_b;j€iN-
riN+r];S_a#S_b}, where v_i*ais node i of session S_a,
i™ is the sequential position of item v_i*a from session
S a in session S b and r is a super-parameter that
controls the transformation modeling between items. If
r is out of range, it may capture noise from global-level
information on item conversion. Note that in terms of
gains in efficiency, our proposed model does not
discriminate between the directions of global-level item
conversion.

The first-order neighbor set of v,
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Figure 2. Construction of the global graph.

Moreover, we use the set of r-order neighboring
items in all sessions to structure a global graph. Let the
global graph be represented by G_g=(V_g,E_g), where
V_geT is the set of clicked items in all sessions,
E_g={e_ij"g} indicates all edge sets, and e_ij"*g is the
edge between nodes v_i*s and v_js. Each edge [
(v_i*g,v_j*g)] _(v_jeN_v~g ) corresponds to two
paired terms in all sessions. To identify the significance
of node v_i’s neighbors, we compute the weights of its
neighboring edges. In other words, the frequency of the
adjacent edges in all sessions is used to determine the
weight of each edge [(v_i*g,v_j*g)lv_jeN_(v_i)g)
because the set of r-order neighbors is undirected, the
global graph G_g is an undirected weighted graph, and
its topology is not dynamically updated during the
testing phase. To maximize efficiency, node v_i
preserves only K edges with the largest weight. Figure
2 shows the construction of the global graph.

2.3. Session Graph Module

It is important to mine the current session for data on the
relationship of item conversion, which refers to such
relationships between items as outgoing edges,
incoming edges, bidirectional edges, and self-
circulation. To learn session-level item representation,
we use the method in [23] to model a session graph that
can capture the complex graphical patterns of a session.
For each session s={t_(s,1),t_(s,2),..., t_(s,m)}, we set
the session graph to G_s=(V_s, E_s), where V_seT
indicates the collection of selected items during session
s, E_s presents the collection of edges, and
E s=(v_i,v_j,e_ij"s) is the edge between adjacent items
in s. According to the relationship between items in the
session graph, there are four types of edges
(v_i"s,v_j"s,e_ij*s):e_i,e o0,e (i-0),and e_s, wheree_i
indicates the incoming edge into an item, e_o denotes
the outgoing edge, e (i-0) defines a two-way edge
between items, and e_s represents the item's own loop.
Figure 3 shows the structure of the session graph.

(2
o

)

Figure 3. Structure of the session graph.
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3. The Proposed Model

We now present the FCI-GNN model, which is based on
graph neural network  for  session-based
recommendation based on the fusion of candidate items.
Figure 4 shows FCI-GNN model flow. The
organizational framework of our model is made up of
five main components, as shown in Figure 5:

Session Graph Attention Clik
Neural .
Sets Mechanism Possibility
Network

Figure 4. FCI-GNN model flow chart.
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Figure 5. Organizational framework of the FCI-GNN model, where two sessions are used as an example in the session set. In practice, some
items may not be clicked in one only session. We have thus listed v_3 and v_5 in two sessions to simulate this process.

o Global-level item-embedding layer: we use content
on the global graph to compute nodes of the current
session. This breaks the assumption of sequence
independence and makes more potential information
available to the current node. Because information on
the node of the current session is affected by its r-
order set of neighboring nodes, the attention
mechanism is used to compute the affinity between
the neighbor set and the current session of the current
node.

o Session-level item-embedding layer: we compute
nodes of the current session by using information on
the session graph. We consider the relationships
between items in the session sequence.

e Candidate-level item-embedding layer: to better
grasp the user's intention, we analyze the influence of
candidate items on nodes in the current session by
using the attention mechanism.

e Position embedding: we use reverse location coding
to transform the item-embedding vector to identify
the location of each item to obtain valid information
between the current and the predicted items.

o Prediction layer: we combine session-level, global-
level, and candidate-level  item-embedding
representations, and linearly convert their results by
using the click vector. The output probabilities are
then sorted by using the top-K sorting method, and
the final result is thus obtained.

3.1. Global-Level Item-Embedding Layer

Inspired by Li et al. [9] and Wang et al. [23], we update
the characteristics of the global graph to obtain item
conversion messages across sessions. We also use the
graph attention network theory to generate the weights
of the linked items. Each layer is composed of
information dissemination and aggregation. The
following illustrates how information dissemination and
aggregation take place in each layer, and then extend to
multiple layers.

Information dissemination: an item may involve
numerous sessions, through which we can gain its
available conversion relation to improve the forecast.

A simple technique for generating the first-order
characteristics of the neighborhood of item v is the mean
pooling approach. However, not all items of the r-order
neighborhood set are related to the interests of the user
in the current session. We think it is important to use
session-aware attention to differentiate among items of
the neighborhood set N_r(v). We use session-aware
attention to linearly compute each item in the set of
neighbors to obtain a neighborhood representation of
the given item, namely, x_(N_v~g), illustrated in
Equation (1).

X (N_(v.)"g) =¥ (vj € N_(v-)"g)& (st vpx(wj)) (1)

where &(v_i,v_j) represents the important weights of
distinct neighbors. In particular, if such a neighboring
item is close to the interest of the user in the current
session, it is considered critical. Z( [(v_i) _i,v_j) canbe
expressed as Equation (2).

)

where 7 denotes the transpose, Leaky Relu is the
activation function used, ® denotes the elemental
product, [;] denotes the splicing operation, A_ijeR™m
denotes the weights of the edges (v_i,v_j) of the global
graph, P_1eR™((d+1)x1) is a trainable parameter, and
so is W_1eR™((d+1) xd). s is a feature of the current
session that is obtained from the average value of its
item representation. Illustrated in Equation (3).

s=(¥._(v_ies) Ex_(v_i)(s]) (3)

Then, the coefficients of all neighbors of item v_i are
normalized by applying the softmax activation function
in Equation (4).

E(W_i,v_j) =P_1"T LeakyRelu(W_1 [sOx_(v_j ); 1_ij])

Ei,v) = (xpEWiv )/ Y. e (Ewewd)  (4)
vkeNfi
Information aggregation: We combine the item
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representation x_v with the representation x_(N_v~g) of
its neighbor by using the aggregation function in
Equation (5).

x_vhg = relu(Ws[x,;x (N)]) ()

Where the transformation weight is W_2 eR*(dx2d) and
the activation function is ReLU.

The representation of an item in the aggregator layer
is determined by it and its immediate surroundings. We
use the aggregator to augment the item representation of
the current session by mining higher-order interactions
through numerous aggregations. Equation (6) is a
representation of an item in layer u.

x v (g, (W) = agg (', x5 (6)
where x_v~((u-1)) denotes the representation of item v
generated from the previous layer u-1 of information
propagation. Let x_v"0 be the initial iteration of the
propagation of x_v. Finally, the representation of layer
u of the item is composed of its original representation
and those of its neighbors that cycle to u. This allows for
the integration of efficient information into the
representation of the current session.

3.2. Session-Level Item-Embedding Layer

In the session graph module, we defined four types of
edges for the relationships between items of the session
graph: the incoming edge e_i, outgoing edge e o,
bidirectional edge e (i-0), and self-looping edge e_s.
The aim is to learn the transformation of information on
pairs of items in the current session. We now detail the
learning of session-level representation.

We use an attention mechanism in the session graph
to obtain the weights of distinct nodes because the
neighbors of items have varying importance to them.
The element-wise product and non-linear conversion are
applied to compute the attention factor x_ij in Equation

(7).
p_ij = LeakyReLU (E},, (x,,i 0) x,,].)) @)

where E_*eR™d represents the weight vector, u_ij
represents the importance weight between nodes v_i and
v_j, and e_ij denotes the relationship between v_j and
v_i.

There are four relations in the session graph that are
trained for four weight vectors: E_“i”, E_“0", E_(i-0),
and E_s. As not all pairs of nodes in the network are
connected, only the attention factor u_ij for node
JEN_(v_i)"s is determined, where N_(v_i)"s is the first-
order neighbor of node v_i. We then apply the session
graph to the model. We use the softmax function to
normalize the attention weight and measure the
coefficients of distinct nodes:

Because neighbors of the node v_i are different, the
attention factor # in Equation (8) is asymmetric,
meaning that the neighbors in this case do not contribute
equally to each other’s representations.

B_ij = (exp(LeakyReLU(E_(r_ij)" T (x_(v_i)
O x_(vj)))))
/( z exp (LeakyReLU (E}ik(x,,i 0] ka)))) (8)
vKENy,
The result obtained by using Equation (8) can be
linearly combined with features of the node to obtain its
output, illustrated in Equation (9).

x_(vi)"s =Y (vjeN_(v.D)"s)&E [B_ijx_(v_j)) (9)

In summary, the representation of items in a session
graph is composed of the features of items and their
neighbors in the current session. Information on the
conversation is further enhanced by using the attention
mechanism.

3.3. Position Embedding

To prevent over-fitting, we use dropout in Equation (10)
in the global-level representation. We estimate the
embedding of the items by merging global-level and
session-level representations, and we use sum pooling
to get the result of fusion:

x_v(g, (W) = dropout (x'™) (10)

Then, the vector of items for the current session is
acquired by Equation (12), namely,
X=[X_(V_17)V x_(v_27s)™,... x_(v_m”s)™’], where m
indicates the length of the series of the current session.

X o™ = xv(g, (W) +x_(v_i) s (11)

As each item's location is unique, we transform the item-
embedding vector by using position embedding to
distinguish the locations of the items. We also use the
matrix of trainable location embedding Q=[q_1,
g 2,...,q_1], where g_ieR"d denotes the vector of
location i.

Without loss of generality, we use reverse position
embedding because the distance between the current
item and the predicted item provides more efficient data
than the data on the forward location. For instance, in
“session “{1, 2, 3, ?}”,” “3” is the third item in the
sequence, and has a significant effect on the predicted
items. However, its influence on the predicted items is
minimal in session ““{3, 2, 1, 4, ?}”,” where “3” is the
firstin the sequence. Information on the reverse location
thus provides a more realistic representation of each
item’s importance. The location information is obtained
by splicing as well as non-linear transformation by
Equation (12).

6.1 = tanh(Ws [x}s; Gm—is1| + bs) (12)

Where b 3eR™ and W_3e&R™(dx2d) are trainable
parameters.

We calculate the average of item representations of
the current session to obtain session-related
information, illustrated in Equation (13).

sM=1/mY._(i = 1) AmEx_(v5) (13)
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We then use soft attention to learn the corresponding
weights, illustrated in Equation (14).

ai=P2"T a(W,0; + Wes' + by) (14)

Where W_4 eR™N(dxd), W_5eR(dxd), P_2~7eR"d, and
b_4eR"d are trainable parameters.

Following this, we use terms of the linear
combination to generate the representation of the new
session, illustrated in Equation (15).

H1=Y (i=1"m& [aix (vits)*'] (15)

This new representation H_1 contains the items
involved in the current session.

3.4. Candidate-Level Item-Embedding Layer

According to the idea proposed by Yu et al. [29], we
create an embedding of candidate items to extract more
meaningful information on the current session and
model different user intentions in it. It considers the
correlation between the user’s historical behavior and
the items in their current session. We define all items to
be predicted {t_1,t 2,...,t n } as the candidate items
v_t. In general, the items recommended to the user
represent only a small portion of their preferences. To
establish the model for this process, the soft attention
scores of all items v_i in session s relative to each
candidate item v_teT are calculated by the attention
mechanism, illustrated in Equation (16).

n

= (exp(v_t" TW_6 v_i))/(z exp(viW,v;))
=

p_(i,t) = softmax(p_(i,t)) (16)

where v _teT is the candidate item. A non-linear
transformation is used to apply the weight matrix
W_6eR"N(dxd) to each node—candidate pair, and the
softmax function normalizes the attention score.

For each session, we define H_2&R"d as the interest
of the user in candidate item v_t, namely, the candidate
representation. It is calculated as Equation (17).

(p_(i,t) v_i) an

Lastly, to construct the final representation of the
session, we splice and linearly transform the session and
the candidate representation generated by Equation
(18).

H2=Y_(i=1)"(s_

H =W _7 [H;; Hy) (18)

3.5. Prediction Layer

The probability of each candidate item of being chosen
as the final recommendation is determined by its initial
embedding and the final representation derived by
Equation (18). The final output y " can be generated
through a dot product and the softmax function in
Equation (19).

y' = softmax(2) (19)
Z=H"T vt

where Z represents the predicted score of the candidate
item and y " is the probability of the next clicked item.
The recommended items are chosen from the top K
items with the highest probability value in y".

We use cross-entropy as the loss function in Equation
(20).

L) ==¥.(i=DE [(1-yDlog(l—yi) (20)
+ y_i log(y"_i)]

Where y_i represents the one-hot encoding vector of the
ground truth items.

4. Experiments

We performed detailed trials on three publicly available
datasets to assess the efficacy of the FCI-GNN model
and respond to the following research questions:

e RQ1: is FCI-GNN better than other cutting-edge
SBRS methods?

e RQ2: does changing the value of “K” affect the
performance of our model?

e RQ3: are all components of our model valid?

e RQ4: how does the number of neighbors influence
the model?

e RQ5: how much influence do the number of
dimensions of the embedding have on the model, and
what is an appropriate value appropriate for this?

To answer the above questions in sequence, we now
present basic information on the experiment, followed
by a report and analysis of the results.

4.1. Datasets and Preprocessing

We used the Diginetica, Tmall, and Nowplaying
datasets to assess the performance of the proposed
model. Diginetica contains data on user interactions,
and can be downloaded from the website of the
Conference on Information and Knowledge
Management (CIKM) Cup 2016. The tmall dataset is
composed of anonymous data on purchases made by
consumers on the tmall e-commerce site, and is
available on the website of the IJCAL15 competition.
Zangerle et al. [30] published the Nowplaying dataset,
which is a collection of the listening habits of Twitter
users.

Following the preprocessing strategy provided by
Rendle et al. [16], to have the same comparability in the
follow-up research, when we preprocessed the three
data sets, we removed the sessions with one length and
less than five items. The Diginetica dataset contained
43,097 items, Tmall contained 40,728 items, and the
Nowplaying dataset had 60, 417 items after
preprocessing.

Moreover, each session was divided again to obtain
more session-related data for training. For each session
s= {t (s, 1),t (s, 2), ..., t_(s, m)}, we constructed a
sequence of clicked items and the matching labels, i.e.,

([t_(s. DIt(s 2), [t(s, Dt (s 2) 1t (s 2), -,
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(It (s, 1), t (s, 2), ..., t (s, m-1) ],t (s, m)). They were
used to train and test the three datasets. Table 2 lists
statistical data from the datasets.

Table 2. Statistics of the datasets used.

Data ,i\lt(e)‘n?sf No. of train| No. of test [No. of click|Avg. length
Tmall 40,728 351,268 25,898 818,479 6.69
Diginetica | 43,097 719,470 60,858 982,961 5.12
Nowplaying| 60,417 825,304 89,824 | 1,367,963 742

4.2. Evaluation Metrics

According to a previous study [11, 25], the validity of
the model was tested by using two metrics: The Mean
Reciprocal Rank (MRR) and precision. They are often
used in recommender systems. P@K (precision) is a
measure of a recommendation system's predictive
accuracy, and MRR@K (mean reciprocal rank)
indicates the average of reciprocal places in the
correctly recommended items to rank the results of the
recommendation. If the MRR is zero, this means that the
correctly recommended item does not occur in the
recommendation sequence. The higher its value is, the
better is the predictive ability of the algorithm. K was
set to either 10 or 20 in this experiment.

Baseline methods. Our method was compared with
SBR representational methods. The 10 baseline models
listed below were examined.

e POP suggests items based on items that appear the
most frequently in the training dataset for the session.
Items with a large number of clicks are more likely
to be recommended.

o ltem-KNN [17] suggests items depending on the
extent to which items in the current session are
related to those from past sessions.

e FPMC [16] merges matrix decomposition and first-
order Markov chains to acquire sequential
information on the user’s interests. It neglects the
potential content of users when calculating
recommendation scores.

e GRU4Rec [6] uses the gated recurrent neural
network to obtain dependencies with long sequential
distances.

e NARM [10] is an RNN-based model that uses the
attention mechanism to acquire the user’s intent in
the current session.

e STAMP [11] substitutes the RNN with an attention
layer, and relies on the last item of the current session
to acquire the user’s preference.

e SR-GNN [25] models sessions as graphs to capture
item associations, and then uses an attention
mechanism to record user preferences.

e FGNN [14] uses a multi-headed attention mechanism
that aggregates information on an item's neighbors to
derive the item representation.

e GCE-GNN [23] learns the session and global item-
embedding layers by creating a session graph and a
global graph.

o DHCN [27] uses a hypergraph to obtain higher-order
information between items, and self-supervised
learning to enhance the expressiveness of the
diagram.

4.3. Hyperparameters Settings

Following previous studies [23, 29], we used a hidden
vector with 100 dimensions, 20 iterations, and a batch
size of 100 to training the FCI-GNN model. We
assumed that a 10% random subset of the training set
was the verification set. The Gaussian distribution was
used to initialize all parameters, where their mean and
standard deviation were 0 and 0.1, respectively. Our
model used the Adam optimizer, with a degradation in
the learning rate of 0.1 and a learning rate of 0.001 per
three iterations, and a regularization factor of 10-5.
Wang et al. [23], the number of our neighbors was set
to 12. Note that we directly used the report results [23,
27] for the baseline models, because we used the same
datasets and evaluation indicators as the relevant
studies.

4.4. Overall Performance Comparison (RQ1)

Table 3 presents the experimental outcomes of the
baseline methods and the FCI-GNN model on the three
public datasets. We used 12 evaluation indicators, and
our model outperformed the baseline models in 10 of
them.

Among the traditional methods, POP delivered the
weakest performance as it simply considers widely
chosen items. The FPMC approach surpassed the POP
algorithm, which demonstrates the significance of
considering user interests in recommendation
algorithms. Item-KNN delivered the best results on the
diginetica and nowplaying datasets because it applies
similarities between items to capture session-related
information. This shows that there is some
interdependence between sessions. Nevertheless, it
struggled to obtain the relationship of consecutive
transitions among items because it does not consider the
chronological sequence of items within a session.

The first recurrent neural network model used for
session-based recommendation was GRU4Rec. It uses
recurrent neural networks on a session to achieve
excellent predictive performance. Although the scores
of GRU4Rec are worse than item-KNN in the diginetica
dataset, it is pretty significant in all other datasets. It can
be demonstrated that considering the sequence of
sessions as a factor has a positive effect. However,
session-based recommendation in general does not only
consider the task of sequence modeling, but also the fact
that the preferences of users may alter during the
session. It is not sufficient to consider the sequential
factor. The attention mechanisms used in NARM and
STAMP perform much better than the one in GRU4Rec,
which further suggests that attention mechanisms play a
key role in enhancing the efficacy of recommendations.
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The GNN-based approach was the most effective of
all baseline approaches on the three datasets, which also
indicates that the GNN is superior to the traditional
method and deep learning-based methods. This is
because when a GNN simulates relationships of item
conversion in a session to model a graph, it gains better
item dependencies than the other methods. It is thus
better suited to session-based recommendation.
Moreover, the GCE-GNN and DHCN outperformed the
SR-GNN and FGNN because the SR-GNN and FGNN
model only the current session, whereas the GCE-GNN
and DHCN consider all sessions as well as the current
one.

Because our approach incorporates the GNN, our
proposed FCI-GNN recorded substantially superior
metrics than traditional recommendation and deep
learning-based recommendation on all three datasets. A
detailed comparison with GNN-based methods follows:

Compared with the FGNN and SRGNN, which
model only the current session, our approach achieved
significant improvements on all metrics. The proposed
FCI-GNN outperformed SRGNN by 17.66% on average
on the Tmall dataset, by 7.09% on average on
Diginetica, and by 18.61% on average on Nowplaying.
This is because our method considers more cross-
session information and information on the candidate
items than the FGNN and SRGNN.

Our method outperformed the best-performing
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baseline algorithms, namely the GCE-GNN and DHCN,
on 10 of the 12 metrics. The FCI-GNN surpassed the
DHCN and GCE-GNN on both the Tmall and the
Diginetica datasets. It outperformed GCE-GNN by
1.86% in terms of MRR@10 and 1.49% in terms of
MRR@20 on the Tmall dataset. This demonstrates the
efficiency of introducing attention mechanisms for
candidate items while considering session- and global-
level information. There is an exception on the
Nowplaying dataset: DHCN delivered the best precision
while FCI-GNN delivered the best MRR. It exceeded
the DHCN by 5.84% on MRR@10 and 6.36% on
MRR@20, and was superior to GCE-GNN by 3.74% on
MRR@10 and 3.57% on MRR@20.

On the one hand, the significant improvement in the
precision of DHCN occurred because hypergraph
modeling can capture potential information about cross-
sessional interactions on datasets with longer average
session lengths. On the other hand, the FCI-GNN
outperformed the DHCN on MRR because the addition
of candidate items enriches the information on the
current session. This indicates that our model has
considerable room for improvement in terms of cross-
session information. The improvement in MRR was
more evident than that in precision, which reveals that
the FCI-GNN model can significantly enhance the
accuracy of rankings of recommended items.

Table 3. Comparison of the methods. The best traditional model is marked in italics, the best deep learning method is underlined, and the best
GNN model is marked in bold (we directly used the report results (Wang et al. [23], Xia et al. [27]) for the baseline models).

Tmall Diginetica Nowplaying
Methods | P@10 MRR@10 P@10 MRR@10| P@10 MRR@10
POP 1.67 0.88 0.76 0.26 1.86 0.83
Traditional method (a) Item-KNN 6.65 3.11 25.07 | 10.77 | 10.96 4.55
FPMC 13.10 7.12 15.43 6.20 5.28 2.68
GRU4Rec 9.47 5.78 17.93 7.73 6.74 4.40
Deep learning method (b) NARM 19.17 | 1042 | 3544 | 1513 | 13.60 6.62
STAMP 22.63 | 1312 | 3398 | 1426 | 13.22 6.57
SR-GNN(c) | 23.41 | 1345 | 3842 | 16.89 | 14.17 7.15
GNN method FGNN() | 20.67 | 10.07 | 37.72 | 15.95 | 13.89 6.80
GCE-GNN(e) | 28.01 | 15.08 | 41.16 | 18.15 | 16.94 8.03
DHCN(f) | 26.22 | 14.60 | 40.21 | 1759 | 17.35 7.87
ours FCI-GNN | 28.18 | 1536 | 41.30 | 18.17 | 17.21 8.33
c 20.38 | 14.20 7.50 7.58 21.45 | 16.50
Gain (%) d 36.33 | 52.53 9.49 13.92 | 23.90 | 22.50
e 0.61 1.86 0.34 0.11 1.59 3.74
f 7.48 5.21 2.71 3.30 -0.81 5.84
Methods | P@20 MRR@20 P@20 MRR@20| P@20 IMRR@20
POP 2.00 0.90 1.18 0.28 2.28 0.86
Traditional method (a) Item-KNN 9.15 3.31 35.75 | 1157 | 1594 4.91
FPMC 16.06 7.32 22.14 6.66 7.36 2.82
GRU4Rec | 10.93 5.89 30.79 8.22 7.92 4.48
Deep learning method (b) NARM 23.30 | 10.70 | 48.32 | 16.00 | 18.59 6.93
STAMP 2647 | 13.36 | 46.62 | 1513 | 17.66 6.88
SR-GNN(c) | 27.57 | 13.72 | 51.26 | 17.78 | 18.87 7.47
GNN method FGNN() | 25.24 | 10.39 | 50.58 | 16.84 | 18.78 7.15
GCE-GNN(e) | 3342 | 1542 | 54.22 | 19.04 | 22.37 8.40
DHCN(f) | 3142 | 1505 | 53.66 | 1851 | 23.50 8.18
ours FCI-GNN | 33.63 | 15.65 | 54.32 | 19.08 | 22.65 8.70
c 21.98 | 14.07 5.97 7.31 20.03 | 16.47
Ain (%) d 33.24 | 50.63 7.39 13.30 | 20.61 | 21.68
e 0.63 1.49 0.18 0.21 1.25 3.57
f 7.03 3.99 1.23 3.08 -3.62 6.36
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45, Effect of K on Recommendation
Performance (RQ2)

The number of items suggested to the user may vary in
number in practice. To simulate this, we compared the
proposed model with the benchmark model GCE-GNN,
which delivered the best performance on the Diginetica
and Tmall datasets. To further assess the performance
of the model, we change the values of K of MRR and
precision to K=5 and K=30 for the three datasets.
Table 4 presents the experimental findings for K=5
and K=30 on the three datasets. The FCI-GNN model
outperformed the GCE-GNN on all evaluation metrics.
Moreover, while its performance was only slightly
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superior on the Diginetica dataset, it was considerably
better on the other two datasets. This shows that
combining information on candidate items and global
information in the Tmall and Nowplaying datasets had
a significant influence on obtaining item information.
The difference between the FCI-GNN model and the
GCE-GNN model is that the FCI-GNN model
introduces a candidate layer that considers the
correlation between the user's historical behavior and
the items in the current session. Figure 6 shows that this
additional layer improves the recommendation
performance, which enhances the effectiveness of the
model.

—8— Tmall

—&— Diginetica

=—a— Nowplaying

MRR(@3

0 T y
GCE-GNN FCI-GNN Gain(%)
b) MRR@5 on datasets of tmall, diginetica and nowplaying.
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MRR@30

GCE-GNN FCI-GNN Gain(%)

d) MRR@30 on datasets of tmall, diginetica and nowplaying.

Figure 6. Experimental results on the Diginetica, Tmall and Nowplaying datasets in terms of P@5 and MRR@30.

Table 4. Experimental results for the proposed method for K=5 and
30 on the three datasets in comparison with the GCE-GNN.

Tmall Diginetica
Algorithm | P@5 | MRR@5| P@5 |[MRR@5| P@5 | MRR@5
GCE-GNN| 22.27 14.19 29.50 16.58 12.48 7.54
FCI-GNN | 22.46 14.42 29.51 16.60 12.52 7.72
Gain(%) | 0.85 1.62 0.03 0.12 0.32 2.39
Algorithm | P@30 MRR@30| P@30 MRR@30| P@30 MRR@30
GCE-GNN| 35.56 15.38 61.93 19.34 25.92 8.65
FCI-GNN | 35.83 | 15.62 | 62.00 | 19.39 | 26.22 8.84
Gain(%) | 0.76 1.56 0.11 0.26 1.16 2.19

Nowplaying

4.6. Ablation Study (RQ3)

To determine the impact of each module on the
performance of the FCI-GNN, three variants of it were
studied on the three datasets: FCI-GNN(-G), FCI-
GNN(-S), and FCI-GNN(-T).

e FCI-GNN(-G) simply removes the information
contained in the global-level representation layer.

o FCI-GNN(-S) does not use the information of the
session-level representation layer.

e FCI-GNN(-T) does not use information from the
candidate-level representation layer, and is
practically equivalent to the GCE-GNN.

Figure 7 shows the comparison between the proposed
FCI-GNN and its variants. FCI-GNN(-S) delivered the
worst performance because it could not capture
information on the sequence of items and the
relationship between items without session-related
information. This highlights the necessity of using
session-related  information for analyzing the
complicated transformation-related information on
items. The removal of global information affected the
performance of FCI-GNN(-G) as it provides
information across sessions. When the candidate layers
were deleted, the performance of FCI-GNN(-T)
declined. This affected its results on Tmall and
Nowplaying because the candidates items provide the
most relevant information on users with a wide variety
of interests.
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Figure 7. Comparison of different variants of the FCI-GNN in terms
of P@5 and MRR@?5 on the three datasets.

4.7. Effect of Different Numbers of Neighbors
(RQ4)

The number of neighbors also has a significant influence
on the performance of the model. We used the metric
P@20 to explore the impact of different numbers of
neighbors on the performance of the proposed model on
the Diginetica and Tmall datasets.
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Figure 8. Experimental results on the Diginetica, Tmall and
Nowplaying datasets in terms of P@20, obtained by using different
numbers of neighbors.

Figure 8 shows that when the number of neighbors
was 12, our model was able to take the maximum value
in the Diginetica and Tmall dataset. This is because
when an item is clicked by a user, it is difficult to obtain
reliable information if the number of items neighboring
it is too small; if there are too many neighbors, the
obtained information is noisy. As a result, we think that
setting the number of neighbors of the diginetica and
tmall datasets to 12 is appropriate in most
circumstances. However, the model delivered its worst
performance on the nowplaying dataset when the
number of neighbors was 12. This is consistent with

RQ1. Specifically, because the Nowlaying dataset had a
long average session, it was difficult for our model to
extract useful information on the sessions, and some of
the information contained noise. We plan to examine
this issue in future work.

4.8. Impact of Number of Dimensions of
Embedding (RQ5)

We trained the model with d=10, 40, 70, 100, and 130
as the number of dimensions of the embedding to
investigate the influence on its overall performance.
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Figure 9. Experimental results in terms of MRR@20 and P@20
when using embeddings with varying numbers of dimensions d on
the three datasets.

Figure 9 shows that the proposed model delivered the
worst performance on all three datasets when the
number of dimensions of the embedding was d=10. This
is because the number of dimensions was too small, and
led to insufficient information for the neural network to



1040

be trained. As the number of dimensions was increased,
the values of P@20 and MRR@20 rose. However, after
d=100, the results did not improve significantly. We
thus think that 100 dimensions of the embedding should
be used in the FCI-GNN model to ensure good
performance.

5. Conclusions

In this paper, we offered a reconsideration of
representations based on session-related information to
generate recommendations for users. We argued that a
user with a wide range of interests should have a rich set
of candidate recommendations, rather than being
limited to one type of content. We proposed the FCI-
GNN, which first applies a graph neural network to
obtain global- and session-level representations, and
then uses an attention mechanism to acquire the
representations of candidate items. Finally, the
candidate-, session-, and global-level information is
fused to acquire information on the complex
dependencies among items in a session. The results of
extensive experiments verified the validity of the FCI-
GNN model. It outperformed state-of-the-art models in
a vast majority of the cases considered. In the future we
have a lot of work to do. First, we hope to further
explore the useful information of the FCI-GNN model
in extracting useful information from sessions with a
long average session. Second, GNN-based models take
a long time to train and consume a lot of resources. We
want to reduce the complexity of the model without
sacrificing its performance.
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