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Session-based recommendation aims to generate recommendations merely based on the ongoing session,
which is a challenging task. Previous methods mainly focus on modeling the sequential signals or the
transition relations between items in the current session using RNNs or GNNs to identify user’s in-
tent for recommendation. Such models generally ignore the dynamic connections between the local and
global item transition patterns, although the global information is taken into consideration by exploit-
ing the global-level pair-wise item transitions. Moreover, existing methods that mainly adopt the cross-
entropy loss with softmax generally face a serious over-fitting problem, harming the recommendation
accuracy. Thus, in this article, we propose a Graph Co-Attentive Recommendation Machine (GCARM)
for session-based recommendation. In detail, we first design a Graph Co-Attention Network (GCAT)
to consider the dynamic correlations between the local and global neighbors of each node during the
information propagation. Then, the item-level dynamic connections between the output of the local
and global graphs are modeled to generate the final item representations. After that, we produce the
prediction scores and design a Max Cross-Entropy (MCE) loss to prevent over-fitting. Extensive ex-
periments are conducted on three benchmark datasets, i.e., Diginetica, Gowalla, and Yoochoose. The
experimental results show that GCARM can achieve the state-of-the-art performance in terms of Recall and
MRR, especially on boosting the ranking of the target item.
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1 INTRODUCTION

Recommender systems play an important role in helping people filter out unrelated information
and satisfying their personalized needs, which is an effective method to deal with the information
explosion problem [1, 68]. Most general recommender systems predict users’ preference based on
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their long-term historical interactions with items [14, 15]. For example, collaborative filtering (CF)
utilizes the user-item interaction matrix to make recommendations [7, 53]. However, for situations
where we only have users’ current interactions (e.g., clicks on items within 24 hours), the general
recommenders, e.g., CF-based methods, are not applicable. Thus, session-based recommendation
(SBR) is proposed to capture user preference and make recommendations based on the ongoing
session [17].

Considering that items in a session are organized chronologically, many sequential methods are
proposed to model the user’s dynamic interest migration [16, 17, 52]. For example, Rendle et al.
[38] adopt the Markov Chains (MC) to capture the sequential signals between adjacent items; and
Hidasi et al. [17] propose GRU4REC, which first adopts the Gated Recurrent Units (GRUs) to model
the item sequence. In addition, the attention mechanism is also applied in SBR for distinguishing
the items according to their different importances. For instance, Li et al. [23] apply an attention
mechanism to emphasize a user’s main intent based on GRU4REC. Recently, Graph Neural Net-
works (GNNs) are introduced into SBR to model the complex transitions among items. For instance,
Wu et al. [57] and Qiu et al. [33] propose to transform each session into an individual graph for
modeling the local pair-wise transition relations between items in the current session, and Qiu
et al. [32] take all sessions in the training set into consideration to establish the global connections
for modeling the global-level transitions between items. Furthermore, Wang et al. [55] propose to
simultaneously consider the personalized and generalized behavior patterns that are respectively
reflected in the local and global graphs for recommendation.

However, simply modeling the sequential orders or distinguishing the item importance [33, 57]
is not enough to capture the complicated user behavior patterns in SBR. In addition, existing GNN-
based methods either consider the local item transitions in each session [29, 33, 57] or model the
global connections reflected in all sessions [32]. Such local and global item transitions are even
simultaneously considered to select the global information [55]. The aforementioned approaches,
on the one hand, fail to take the dynamic correlations between the local and global graphs into
consideration. Some accidentally clicked items in the local graph and unrelated neighbors from
the global graph may introduce the bias that leads to an inaccurate user preference. For instance,
as shown in Figure 1, the interacted item Clothes and the introduced neighbor MacBook Pro both
introduce the noise when modeling the user’s main intent. On the other hand, the widely adopted
cross-entropy loss with softmax in SBR regards all items except the target item as the negative
samples for model optimization. It is unreasonable, since the user does not interact with some
items may be due to that the recommender systems fail to expose them to the user rather than the
user does not like them. Thus, simply decreasing the scores of all those items without interactions
may result in an issue of model over-fitting, limiting the model’s generalization ability.

To deal with the aforementioned issues, we propose the Graph Co-Attentive Recommendation
Machine (GCARM) for session-based recommendation. Specifically, given the training set, we first
establish the global connections of items (i.e., the global-level transitions) from all sessions. Then,
given an ongoing session, we design a Graph Co-Attention Network (GCAT) to generate the accu-
rate representations of the contained items. In detail, we transform the session into a local graph
and extract the related correlations from the global connections to form a global graph. After
that, we introduce the co-attention mechanism into the information propagation process and the
item representation combination stage to eliminate the bias in the local and global graphs. Next,
we attentively combine the item representations in current session to generate the user preference,
which is utilized to produce the prediction scores. Finally, we propose a Max Cross-Entropy (MCE)
loss that selects the items with the largest prediction scores (except the target item) as the negative
samples for comparison in the model optimization to avoid over-fitting. Extensive experiments are
conducted on three publicly available datasets, i.e., Diginetica, Gowalla, and Yoochoose. The exper-

ACM Transactions on Information Systems, Vol. 40, No. 4, Article 67. Publication date: November 2021.



Graph Co-Attentive Session-based Recommendation 67:3

____________ e ==
| | |
| | |
| | |

@ Clothes MacBook Pro @ iPhone 11 i

Fig. 1. Anexample of the local and global graphs for an ongoing session S = {v7, va, v3, vs, v7, v3}. The arrows
in the local graph (left part) indicate the item sequential orders, where Clothes is an unrelated item to user’s
main purpose (emphasized by the dotted blue curves). The global-level item transitions are presented in the
global connections (right part), where Clothes and Flower are uncorrelated to the other items in the global
connections. Moreover, the global graph is a subgraph extracted from the global connections, where MacBook
Pro is an unrelated global neighbor.

imental results illustrate that our proposed GCARM can achieve the state-of-the-art performance
in terms of both Recall and MRR.
The main contributions in this article can be summarized as follows:

(1) To the best of our knowledge, we are the first to consider the dynamic connections between
the local and global transition relations among items when combining personalized and
generalized behavior patterns for session-based recommendation;

(2) We propose a Graph Co-Attention Network (GCAT) that introduces a co-attention mecha-
nism into the information propagation and item representation combination processes to
obtain the accurate item representations;

(3) We design an Max Cross-Entropy (MCE) loss to deal with the over-fitting problem in model
optimization for SBR and provide a theoretical analysis to prove its effectiveness;

(4) We conduct comprehensive experiments on three publicly available datasets to examine the
performance of our proposal against the state-of-the-art baselines. The experimental results
show that GCARM can beat the baselines in terms of both Recall and MRR.

2 RELATED WORK

In this section, we first review the related work about SBR from two aspects, i.e., the individual
SBR that merely relies on the current session to make recommendations and the collaborative
SBR that incorporates information from other sessions for modeling the user preference. Then, we
summarize the previous work on negative sampling in recommender systems considering that the
designed MCE loss can be regarded as a negative sampling strategy.

2.1 Individual SBR

As for the individual SBR recommenders, the user preference is usually generated by considering
the sequential order [16, 17, 38], the importance of different items [21, 26, 31], or taking the pair-
wise item transitions into consideration [29, 33, 57] in the ongoing session.
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2.1.1 Sequential Methods. Traditional methods like the Markov Chains are adopted to model
the sequential relations between adjacent items [38, 41, 50]. Neural models such as Recurrent Neu-
ral Networks (RNNs) and Convolutional Neural Networks (CNNs) have also been widely applied
to the sequential signal modeling in SBR [3, 34, 42, 63]. For example, Hidasi et al. [17] propose
GRUH4REC to capture the dynamic interest in the ongoing session using the GRUs. Li et al. [23]
design a hybrid session encoder that utilizes the GRUs to model the sequential signals and em-
phasizes user’s main intent by an attention mechanism. Moreover, Hidasi and Karatzoglou [16]
propose to solve the gradient vanishing problem by improving the loss functions, and Bogina and
Kuflik [2] propose to take the dwell time between the interactions into consideration for boosting
the recommendations. In addition, Song et al. [42] propose a hierarchical memory network that
utilizes the densely connected CNNs to simultaneously capture user’s item-level and feature-level
preferences.

2.1.2  Attention-based Methods. The item importance plays an important role in capturing the
user intent by distinguishing different items [21, 45, 62, 67]. Specifically, the attention mechanism
can be applied together with other methods such as RNNs [6, 23, 49] or utilized individually [26, 31].
For instance, Liu et al. [26] propose to explicitly consider the recent interest together with the long-
term preference for user intent detection using the memory networks [44, 56], where the attention
mechanism is applied to assign different importance scores for items. Moreover, Pan et al. [31]
propose to generate the importance score of each item by comparing it with the other items in
current session, thus to avoid the bias brought by the unrelated items. In addition, Ren et al. [35]
introduce a repeat-explore mechanism that utilizes the attention mechanism to consider the repeat
consumption behaviors of users.

2.1.3  GNN-based Methods. To take the complex transition relations between items in current
session into consideration, GNN-based methods are proposed [5, 29, 33, 57]. For instance, Wu et al.
[57] propose SR-GNN, which transforms each session into a session graph and adopts the gated
graph neural network (GGNN) for item representation learning. Yu et al. [64] improve SR-GNN by
introducing a target-aware attention to adaptively detect user’s interest. Moreover, Xu et al. [59]
take the long-range dependencies between items into consideration in the session aggregation by
the self-attention mechanism [46]. Pan et al. [29] exploit the long-distance information between
items in the information propagation stage by a star graph neural network (SGNN). In addition,
Chen and Wong [5] focus on solving the information loss in GNNs for SBR by preserving the edge
order and introducing the shortcut connections. Furthermore, Qiu et al. [33] design a weighted
graph attention network (WGAT) for attentively computing the information flow in propagation.

However, the Markov Chains, RNN and CNN based methods mainly model the user preference
by relying on the sequential signals; the attention-based approaches focus on the item importance.
Such approaches have been proved not effective to fully consider the complicated transition re-
lationship between items [33, 57]. For the individual GNN-based methods, merely limited infor-
mation contained in current session graph can be utilized for user preference generation, which
may be disturbed by the contained unrelated items [29]. Differently, in our proposed GCARM, we
can incorporate the related generalized behavior patterns for enhancing the item representation
learning in current session by the mean of extracting the global graph from the global connections
for the current session.

2.2 Collaborative SBR

Since merely limited information can be used for detecting the user intent in current session for
SBR, many collaborative methods are proposed to incorporate related information from other
sessions for user preference modeling based on RNNs [18, 30, 49], SAT [27], and GNNs [32, 55].
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The external information in the collaborative models for SBR can be introduced mainly by two
ways, i.e., incorporating the neighbor sessions and exploiting the global item transitions.

2.2.1  Neighbor Incorporation-based Methods. In this field, neighbor sessions are first selected
and then combined with the current session to generate the final user preference, where the neigh-
bor detection can rely on the k-nearest neighbor (KNN) method [11, 18, 25, 40], the memory net-
works [49], or the user intent guidance [30]. Moreover, the representation of the current session
and each neighbor session can be generated by the RNNs [18, 30, 49], the self-attention mechanism
(SAT) [27], and so on. Specifically, Jannach and Ludewig [18] propose to linearly combine the KNN
approach with the RNN-based encoder GRU4REC and significantly improve the performance of
GRU4REC. Moreover, Wang et al. [49] design a parallel memory module that consists of an inner
and an outer memory encoder for modeling the current session and exploiting the collaborative
information, respectively. In addition, to improve the accuracy of the neighbor session selection,
Pan et al. [30] propose to introduce the user intent into the neighbor detection.

2.2.2 Global Transitions-aware Methods. However, collaborative information can also be intro-
duced by incorporating the global-level item transitions from other sessions into the graph con-
struction for the current session [32, 55]. Specifically, the global item transitions contained in all
sessions are established for representing the generalized user behavior patterns, which are then
introduced into the personalized preference modeling in the ongoing session. For example, Qiu
et al. [32] propose to establish the global connections reflected in all sessions and extract the re-
lated part to the ongoing session for the information propagation and graph pooling to generate
the user preference. Furthermore, Wang et al. [55] propose to separately construct the local and
global graphs for each session and utilize user’s current interest to guide the information propaga-
tion in the global graph. After that, the item vectors in two graphs are combined as the final item
representations.

However, considering the inaccuracy of the neighbor detection, the neighbor incorporation-
based methods easily introduce the bias, as the incorporated neighbors may be unrelated [30],
limiting the recommendation performance. As for the global transitions-aware methods, the exist-
ing models merely rely on the global connections between items [32] or simply extract the related
information from the global connections based on the current session [55], failing to consider the
dynamic connections between the local and global graphs. In addition, such approaches are also
easily disturbed by the bias brought by the unrelated items in both local and global graphs. Thus,
in this article, we design GCAT which introduces a co-attention mechanism into the information
propagation and item representation combination to eliminate the bias by considering the dynamic
connections between local and global graphs.

2.3 Negative Sampling for Recommendation

Negative sampling is widely applied in the recommender systems to solve the one-class prob-
lem [28] in scenarios with only implicit feedback such as clicks and purchases, which aims to
select a subset of the unobserved items as negative samples for model optimization. Static sam-
plers adopt a fixed probability distribution on items to obtain the negative samples, which will
not be changed in the training phase and are not adaptive to different users [4, 37]. For exam-
ple, Rendle et al. [37] obtain the negative samples using the random distribution on items, and
Chen et al. [4] further propose a popularity-biased negative sampling (PNS) approach to select
the negative samples according to the item popularity. In addition, the generative adversarial net-
work (GAN) [12] is adopted to obtain the adversarial negative samples [48, 51]. For instance, Wang
et al. [48] improve the quality of negative samples by introducing a generator to play a minimax
game with the recommender. Recently, GNN-based samplers are proposed by exploiting the graph
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structure [54, 61]. For example, Wang et al. [54] propose to select high-quality negative samples by
exploring multi-hop paths on the knowledge graph using the reinforcement learning (RL) method.
Moreover, the hard negative sampling methods such as DNS [69], Adaptive Oversampling [36],
and LambdaFM [65] are proposed, which select the unobserved items with the highest scores in
prediction as the negative samples in the Bayesian Personalized Ranking (BPR) loss for learning
the model parameters. In addition, the one most closely related to our work is the softmax-based
samplers [9, 17]. For instance, Covington et al. [9] select the negative samples corrected by an
importance weighting [19], which are then inputted together with the ground truth into the soft-
max function, and Hidasi et al. [17] propose to directly adopt the target item of the other training
samples in the current mini-batch as the negative samples.

However, most sampling methods are generally designed for the BPR loss, neglecting the im-
portance of improving the quality of negative samples in the cross-entropy loss with softmax.
Moreover, the softmax-based samplers fail to provide enough gradient for increasing the target
item score due to the selected low-quality negative samples. Compared with existing samplers,
our proposed MCE loss can not only obtain the high-quality negative samples for model optimiza-
tion, but effectively prevent the over-fitting problem by avoiding taking items with low prediction
scores for comparison.

3 PRELIMINARIES

In this section, we first define the task of the session-based recommendation. Then, we introduce
the attentive information propagation in Graph Attention Network (GAT).

3.1 Problem Statement

Assuming the item set is V = {vy, vy, ..., vjy|}, where v; is an item and |V] is the size of the item
set. Given an ongoing session denoted as S = {vy,vy,...,v,}, the goal of session-based recom-
mendation is to predict the user’s interaction at next timestamp, i.e., v,+;. Specifically, given a
user’s interacted items in a session, the recommender first obtains the user’s preference and then
generates the prediction scores on all candidate items in V. After that, items with the K largest
scores will constitute the final recommendation list to the user.

We list the main notations used in this article in Table 1.

3.2 Attentive Information Propagation

Given a node x; where its neighbors are included in a set denoted as N(x;), the graph neural net-
work (GNN) updates the representation of x; by propagating information from its neighbors N (x;)
to the node x;. Here, we adopt the GAT [47] as an example, since it can dynamically determine the
weights of different neighbors in the information propagation. Other GNNs such as GGNN [24]
and GCN [22] can also be adopted to replace GAT in our framework.

Specifically, we first utilize a self-attention mechanism [46] to determine the importance of
different neighbors in the information propagation as follows:

e;j = LeakyRelu (WZ”[qui;kaj]) , (1)

where x;,x; € R? are the d-dimensional node vectors of x; and x;j, respectively, and x; €
{x;, N(x;)}. Here, we add a self connection to propagate information from node x; for preserv-
ing the specific characteristics of x;. [;] indicates the concatenation operation, Wy, Wy € Réxd
and W;; € R?? are the trainable parameters, and LeakyRelu indicates the non-linear activation
function.
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Table 1. Main Notations Used in This Article

Notation Description

U all sessions in the training set

% the item set consisting of all candidate items

S ={v1,v2,...,0n} asession containing n chronological items

xi, N(x;) a node and its corresponding neighbors in the graph neural network (GNN)
eij, oij the importance of neighbor x; for node x; before and after normalization
G = (V,E) the global connections established by the item transitions in all sessions
G; = (V,Ep) the constructed local graph for session S

Gy = {Vy,Eg} the extracted global graph for session S from G

Vs, ng the unique items in session S and the incorporated global neighbors

m the number of the unique items in session S

K the length of the recommendation list for the user

N the number of the global neighbors of each item in G

H the hop number for introducing multi hops of neighbors

M the number of incorporated global neighbors in G4 for each item in S
NL(x;), N9 (x;) the neighbor of node x; in the local and global graphs

C the generated neighbor-level co-attention matrix for node x;

X;V, (x,-)’XIC\W (x1) the co-attentive representation of the local and global neighbors of x;
f(lI.L , ~{ G the individual local and global representations of x;

%¢L iiCG the neighbor-level co-attentive local and global representations of x;
5(?.“, ilG the combined local and global representation of node x; in GCAT

C the item-level co-attention matrix

f({‘, i:lG the item-level co-attentive local and global representations of x;

Z ={z;,23,...,2y} the combined representation of items in session S produced by GCAT
Yl y1G yCL yCC  the trainable parameters in the attentive information propagation

Wz, W, the trainable parameters in the neighbor- and item-level co-attentions
Wi, Wy, W3 the trainable parameters in the item representation combination

Wy, W5, Wg, Wy the trainable parameters in the user preference generation

Sr. 8], Sh the recent, long-term, and hybrid preference in the ongoing session

€i, Bi the importance of v; in session aggregation before and after normalization
Vi the initial prediction score of item v;

ot the target item of session S

V\o* all the candidate items except the target item

' the sampled negative items after max sampling in MCE

Vi the prediction score of item v; after normalization

Then, we normalize the importance scores using a softmax layer:

exp(e;;)
Zxke{x,-,N(x,-)} exp(eik) ‘

a;j = Softmax(e;;) =

)

After that, we linearly combine the node vectors of the neighbors weighted by the generated

X;

attention scores to obtain the updated representation of node x;:

= Update(x;, Xn(x;)) = 0 aiiWoX; |, (3)

2

xj€{xi, N(x;)}

where x; is the vector of node x; and x; € X, N(x,)) is the representation of the neighbor
xj € {x;, N(x;)}. X; is the updated vector of x;, W,, € R9%d ig the learnable parameters, and o
denotes the sigmoid function. In summary, the learnable parameters in the attentive information
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propagation process are marked as y = {Wg, Wi, W, Wy}, which vary in different information
propagation channels detailed in Section 4.1.2 in our proposal.

4 APPROACH

We detail our proposed Graph Co-Attentive Recommendation Machine (GCARM) in this section,
which contains three main components, i.e., the graph co-attentive item representation learning,
the user preference generation, the prediction and model optimization. The workflow of GCARM
is shown in Figure 2. Specifically, given an ongoing session, we first learn the item representa-
tions through the proposed GCAT; then, we generate the hybrid user preference by an attention
mechanism; finally, we make predictions and optimize the model using the designed MCE loss.

4.1 Item Representation Learning

To learn accurate item representations, we design a Graph Co-Attention Network (GCAT) to con-
sider both the local and global transitions between items in the corresponding local and global
graphs, as well as the dynamic connections between them. The workflow of the GCAT is plot-
ted in Figure 3, which consists of three main components, i.e., the dual graph construction, the
information propagation, and the item representation combination.

4.1.1 Dual Graph Construction. We construct the dual session graph to model the pair-wise
transition relationship between items based on the global connections, where the dual graph
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includes a local graph that indicates the personalized behavior patterns in the ongoing session
and a global graph that reflects the generalized behavior patterns of all users.

Global connections. First, based on all given sessions, to incorporate the generalized user be-
havior patterns into consideration, we establish the global connections of all items in sessions
in the training set. Let G = {V, E} denote the graph that contains the global connections, where
V indicates all items and E denotes all the transitions among items in the training set, respec-
tively. An edge (v;,v;) € E indicates that items v; and v; are clicked adjacently in a session. More-
over, considering that some items may have many connected neighbors in G and some neighbors
may be connected because of several accidental interactions, here, we conduct a max sampling
according to the weights of edges to select the most related N neighbors as the final neighbors
of each item. By the max sampling, the loosely connected neighbors of each item can be filtered
to avoid introducing bias. In addition, multi-hops of global neighbors can be incorporated to en-
hance the information propagation process based on the global connections in G. Finally, the con-
structed global connections can represent the generalized behavior patterns of users reflected in all
sessions.

Then, we construct the so-called dual graph, i.e., the local graph and the global graph. Here,
we construct the undirected graphs for both local and global graphs, since additional trainable
parameters need to be introduced for distinguishing different types of edges if a directed graph
is involved [29, 55, 57], which decreases the training efficiency and easily leads the model to
over-fitting.

Local graph. Given an ongoing session containing n items as S = {vy, vy, . . ., Uy}, We construct
an undirected local session graph to represent the item transitions in S as G; = (V}, E;), where
Vi = {x1,%2,...,%m}" indicates the contained nodes and E; denotes the edges. An edge (x;, x;) € E;
indicates that items x; and x; are adjacently clicked in the current session. Note that we only take
the pair-wise co-occurrence of two items into consideration here, ignoring the weights of differ-
ent edges in the graph reflected by the co-occurrence. Instead, we learn the weights of different
neighbors in information propagation dynamically using GAT [47].

Global graph. After establishing the global connections, for each session S, we extract a subgraph
Gy = {Vy4,E4} from G as the global graph of S to incorporate the related generalized behavior
patterns into the current user preference modeling. Here, V, = {Vs, Ng } contains a set of unique
items Vs in session S and a pool of related global neighbors N Sg € RIVs¥M extracted from the global
connections in G, where M is the number of the incorporated global neighbors from the global
graph for each node in Vs. Each edge (x;, x;) € E,4 indicates that items x; and x; are connected in
the global graph.

To clearly illustrate the global graph construction, we present the extraction procedure of the
subgraph G, from the global connections in G in Algorithm 1. Specifically, given a session S, we
first get the unique items in S as Vs = {x1,x2,...,Xy,} in line 1. Then for each item x;, we first
obtain its global neighbors of 1-hop, i.e., N(x;) in line 3, and meanwhile regard them as the latest
hop neighbors of x; in line 4. After that, we explore the multi-hop global neighbors from line 5
to 8. Specifically, we utilize the neighbors of the latest hop as the index to obtain the neighbors
of the next hop in line 6, which are combined with the current global neighbors as the extended
neighbors of x; in line 7. Next, we combine Vs with the neighbors Ng as the nodes in G in line
10, and extract the related edges from the global connections G in line 11, i.e., connect each item

!Note that the node number m in G; may be smaller than the item number n in S, since some items may be repeatedly
clicked in the session [33, 35].
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ALGORITHM 1: Procedure of Global Graph Extraction

Input: S = {vy,v,,...,0,): The sequential items in an ongoing session;
G = {V, E}: The global connections constructed from all sessions;
H: The hop number for incorporating the global neighbors in G;
Output: G, = {V,, E,}: The extracted global graph for session S;
Vs = {x1,x2,...,Xm} < Unique({vy, vz, ...,04});
for i in range(m) do
Ng(x,') = N(xi);
N/ (xi) = N(xp);
for h in range(H-1) do
ngast(xi) = N(ngast(xi));
N9(x;) = N9(x;) + N/ (x);
end for
end for
Vg = Vs + NZ;
. E4 = Extract(E, Vs, NY);
return G, = {V,, E,}.

R A A S o A

_m
No= O

v; € Vs with its corresponding global neighbors NY(x;) € Ng to form the edges in G,. Finally, we
return the extracted global graph as G, = {V,, E,}.

4.1.2  Information Propagation in GCAT. After constructing the local graph and global graph
for the current session, we perform information propagation to learn the accurate representations
of items. On the one hand, we individually propagate information on the local and global graphs.
On the other hand, we take the dynamic connections between the local and global neighbors of
each unique item in session S into consideration through a co-attentive information propagation.

First, we embed each node x; in the local and global graphs to obtain its initial representation
x; as follows:

x; = Embedding(x;), (4)

where Embedding denotes the embedding layer, x; € R? is the embedding of x;, and d is the
embedding dimension.

Propagation on local graph. After transforming the user interactions in the ongoing session into a
local graph G; = {V}, E;}, we propagate information on G; to model the local transition relationship
between different items. Specifically, given a node x; € V; and its neighbors N*(x;) in the local
graph G;, we can update the representation of x; as:

%" = Update' (XivXN’ (x,-)) ’ X

where x/1 € R indicates the individual local representation of node x; and Update’” is the func-
tion described in Equation (3) that indicates the information propagation operation.

Propagation on global graph. To explore the generalized user behavior patterns for enhancing the
personalized user preference modeling, we conduct information propagation on the global graph
Gy = {Vy, E4} to obtain the updated global-level representation of each item in S. Specifically, for
each unique item x; with its neighbors N9 (x;) in the global graph G,, we update the representation
of x; as follows:

f(l{G = UpdateIG (Xi,XNfi(xi)) s (6)
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where i(fG € R indicates the individual global representation of node x; and Update!® is the

information propagation function. Here, the Update functions with different superscripts have
different learnable parameters.

Co-attentive propagation. Through the information propagation on the local and global graphs,
we can obtain the individual representations of the nodes in the corresponding graphs, which
can reflect the personalized and the generalized behavior patterns, respectively. However, simply
combining them like Reference [55] cannot fully take the advantage of the contained information
in both representations. Specifically, some unrelated items that are interacted accidentally in the
local graph and the neighbors that do not conform to the current user intent in the global graph
will both introduce the noise in the user preference modeling. Thus, we propose to conduct a co-
attentive propagation to take the dynamic correlations between the local and global neighbors of
each item in session S into consideration.

Specifically, for each unique item x; in the current session, we first obtain its neighbors in
the local graph and the global graph, denoted as N Hx) = {x1,%2,..., xn,} and NY(x;)
{x1,%x0,... s XN, }, respectively, where N; and Ny indicate the number of neighbors in N! (x;) and
N9(x;). Then, we calculate the neighbor-level co-attention matrix between the local neighbors

N!(x;) and the global neighbors NY(x;) as follows:
éi = tanh (XNl(xi)TWEXNg(xi)) , (7)

where XNix) = {x1,X2,...,xn,} and Xpno(x,) = {X1,Xo,.. L XN, } are the embeddings of the
neighbors in N(x;) and N9 (x;), respectively, and Wz € Rdx‘i is the trainable parameters C' e

RN*Ng contains the neighbor-level co-attention weights. The j-row in C'lie., C € RNy, indicates
the similarities of the neighbor x; of node x; in the local graph to all neighbors of x; in the global

. T
graph. Correspondingly, the k-column in Cie,C' « € RN denotes the similarities of the neighbor
xi of node x; in the global graph to all neighbors of x; in the local graph.

Then, we incorporate the neighbor-level global information from the global graph to the local
graph and perform the information propagation to update the representation of node x; in the
local graph as follows:

<CL CL c
= Update (x,,X ; )
Lo ®)
X;],( 3= = Softmax(C ) Xns(x;),
where X x L e R? is the co-attentive local representation of node x;.

Slmllarly, we input the neighbor-level local information extracted from the local graph to the

global graph to obtain the updated representation of node x; in the global graph as follows:
G = Update“© (x,,XICVg(x )
! ©)

~iT
X0z, = Softmax(C )Xy,

where %°¢ € R is the co-attentive global representation of x;.

Note that, here, we adopt different trainable parameters for propagating different source of in-
formation to update the item representations, i.e., lﬁIL, ¢IG, lﬁCL, and ¢CG, which correspond to
the functions Update’’, Update’®, Update", and Update©“, respectively.

4.1.3 Item Representation Combination. After propagating information on GCAT, we combine
the individual local and co-attentive local representations of node x; as the final local representation
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of x;, which reflects the personalized user behavior patterns in the ongoing session as follows:
<L ~IL. ~CL
x; =W, [xi ;xgj ] , (10)

where W; € R4 js the trainable parameters.

Similarly, we combine the individual global and co-attentive global representations of node x;
as the final global representation of x; to represent the generalized user behavior patterns of all
users:

%7 = W, [%[9%7¢)] (11)
where W, € R9?? indicates the learnable parameters.

After obtaining the representations of the unique items in session S in the local and global
graphs, i.e., XL = {if, ié, . ,iﬁl} and XG = {5(?, f(zc, e, ig}, to consider the item-level connec-
tions between the unique items in S in the local and global graphs, we introduce the item-level

. . . . . oL &G
co-attention mechanism. Specifically, we calculate the co-attention matrix between X and X" as:

~ ~ 1T ~
C = tanh (XL wéxG), (12)

where W € R¥? is the learnable parameters, and C € R”™ contains the item-level co-attention
weights. Moreover, the i-row in C ie., Ci € R™, indicates the similarities of item x; in the local
graph to the items in the global graph (excluding the global neighbors). Correspondingly, the j-
column in é, ie., é]T € R™, denotes the similarities of the item x; in the global graph to all items
in the local graph.
Then, we incorporate the item-level global information to the local graph according to the co-
attention scores:
% = Softmax(C;)X°, (13)
and vice versa:
i{lG = Softmax (ClT) x". (14)
After that, for each unique item x; in session S, we combine the output of the local and global

graphs, i.e., f(lL and f(iG, as well as the item-level co-attentive item representations f({‘ in the local
graph and f(lG in the global graph, to generate the final representation of item x;:

z; = Ws [if;iG-f(L;f(G] , (15)

i XX
where z; € R? denotes the final representation of x; outputted by GCAT, and W3 € R4 is the
trainable parameters that transform the concatenated vector from R* to R,

Finally, after obtaining the representations of the unique items in session S, i.e., {z1, Z2, . . ., Znm },
we recover the item sequence from the graph accordingly and obtain the representations of items
in session as Z = {z1, 2, . . ., Z,}, where n is the item number in session S.

We detail the procedure of GCAT in Algorithm 2. Specifically, given a session S and the global
connections G, we first construct the local and global graphs in lines 1 and 2, respectively, then we
obtain the unique items in S in line 3. After that, for each unique item, we update its representation
from line 4 to 13. Specifically, we first embed each node in line 5 and then generate the individual
local and global representations of node x; in lines 6 and 7, respectively. After that, we obtain
the neighbor-level co-attentive local and global representations of node x; in lines 9 and 10 based
on the co-attention matrix generated in line 8. Then, we produce the final local and global node
vectors of x; in lines 11 and 12, respectively. After that, we calculate the item-level co-attention
matrix between the items in the local and global graphs in line 14. Then for each item, we generate
the item-level co-attentive local and global item representations in line 16, which are combined
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ALGORITHM 2: Procedure of GCAT

Input: S = {vy,vs,...,v,}: The sequential items in an ongoing session;
G = {V, E}: The global connections constructed from all sessions;

Output: Z = {z,2,,...,2,}: Representation of the items in the session;

1: G; = {V}, E;} « LocalGraphConstruct(S);

2 G4 = {Vy, Ey4} « GlobalGraphConstruct(S, G);

3: {x1,%2,...,Xm} < Unique({vy, vz, ...,04});

4: for iin range(m) do

5: X; = Embeddmg(xl) Vx; € {V1,V,} based on Equation (4);

6: { = Update!® (X,,XNl(xi)) based on Equation (5);

7: = Update’ S(x;, Xn9(x;)) based on Equation (6);

3
0!

= NelghborCoATT(XNz )» XN9(x;))) based on Equation (7);
C Update L(x;, c' XNq(xl)) based on Equation (8);

10: C UpdateCG (x;, c' » XNi(x;)) based on Equation (9);

11: IL = Concatenate(X; 1L CL) based on Equation (10);

12: G
13: end for LG
14: C = ItemCoATT(X ', X ") based on Equation (12);

15: foriin range(m) do

16: xF % LmearCombme(C x" X ) based on Equation (13) and Equation (14);

i , X

xz

IG CG)

= Concatenate(X; based on Equation (11);

17: zZ; = Concatenate(xi , xl.G, X, X; L) based on Equation (15);
18: end for
19: Z ={z1,2s,...,2Z,} < SequenceRecovery({z, zz, . ..,Zm});

20: return Z.

with the individual representations as the final node vector of x; in line 17. Finally, we recover the
graph into the item sequence in line 19, which is returned as the output of GCAT.

4.2 User Preference Generation

After obtaining the representations of items in the ongoing session, following References [5, 29, 57],
both user’s short- and long-term interests in the current session are taken into consideration for
generating the final preference. Since it has been proved that the last interacted item in the ongoing
session can represent user’s instant interest [5, 29, 57], we adopt the representation of the last item,
i.e., Z,, as user’s short-term interest:
Sy = Zp, (16)

where s, € R? indicates user’s recent interest.

Besides, the attention mechanism is applied to selectively combine the item representations in
the ongoing session as user’s long-term interest as follows:

n
s = Z ﬂizi’
i=1

Bi = Softmax(e;),
€ = WIO‘(WsZ,’ + Wgs, + b),

(17)

where s; € R9 denotes user’s long-term interest, Wy € R, W5, W € R¥ gre trainable parame-
ters, and b € R¥ is the bias.
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After that, we combine the short- and long-term interests as the final hybrid user preference
Sp € R4 by a concatenation:

sp = Wy[s;;s,], (18)

Rdxzd

where [-] denotes the concatenation operation and W7 € is the trainable parameters.

4.3 Prediction and Model Optimization

4.3.1 Max Cross-entropy. After generating user’s preference, we produce the prediction scores
by multiplying the representations of user preference and the candidate items as follows:

yi=spvi Vi=12,...Vl. (19)

After obtaining the prediction scores, the state-of-the-art methods typically follow the training
mechanism that first normalizes the scores through the softmax layer and then inputs them into the
cross-entropy loss for optimization [23, 29, 55, 57]. However, such a training mechanism involves
adopting all items (excluding the target item) as the negative samples will make the model over-
fitting, as stated in Section 1. Thus, we propose a Max Cross-Entropy (MCE) loss for optimization to
prevent the over-fitting problem. Specifically, after obtaining the prediction scores at each iteration,
we select the items from the set excluding the target item, i.e., V\v™, with the highest scores at a
ratio of y as the negative samples V™:

V™ = MaxSampling(V\v*, v, V), (20)

where ¥ is the prediction scores on all candidate items, “\” indicates the set subtraction operation,
and v* is the target item.

Then, we combine the sampled items V™ and the target item v* as V, and normalize the scores
of items in V using the softmax layer as follows:

¥; = Softmax(y;), (21)

where y; is the prediction score of item v; € V.
After normalization, the optimization loss is defined as the cross-entropy of the ground-truth
and the prediction scores y:

V]
L==-Yylog(;) = —log(y,.). (22)

i=1

where y; € y reflects the one-hot encoding vector of the ground truth in V, and V,+ is the nor-
malized score of the target item. In addition, the Back-Propagation Through Time (BPTT)
algorithm [39] is adopted to train GCARM.

We show the training process of our proposed GCARM in Algorithm 3. Specifically, given the
training set, we first establish the global connections from all sessions in line 1; then, for each
session, we learn the representations of the contained items in line 5. After that, we generate
user’s hybrid preference from line 6 to 8, including modeling the recent and long-term interests in
lines 6 and 7, respectively, which are concatenated as the final preference in line 8. Then, we make
predictions in line 9 and conduct the max sampling to get the negative samples for comparison
in line 10. Next, we normalize the scores of the target and negative items in line 11 and adopt the
cross-entropy as the loss function in line 12. Finally, we utilize the back propagation to optimize
the parameters in our proposal in each minibatch in line 15.
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ALGORITHM 3: Training Process of GCARM

Input: U: all training sessions;
Epochs: the number of training interactions;
Batches: the number of minibatches in each epoch;
Output: V: embeddings of all items in V;
YL, 16, yCL, €O trainable parameters in the attentive information propagation;
W, We: the trainable parameters in the neighbor- and item-level co-attentions;
W, W,, Wj: trainable parameters in the item representation combination;
Wy, W5, W, W7: trainable parameters in the user preference generation;
1: G ={V,E} « Establish(U);
2: for epoch in range(Epochs) do
3 for i in range(Batches) do
4 for session S in U do
5 Z ={zy,2,...,2,} < use Equations (4)-(15) with S and G as inputs;
6: s, < use Equation (16) with Z as inputs;
7
8
9

s; < use Equation (17) with Z and s, as inputs;
sy < use Equation (18) with s, and s; as inputs;
y « use Equation (19) with s, and V as inputs;

10: V™ « use Equation (20) with V\v* and ¥ as inputs;
11: y < use Equation (21) with y, V™ and v* as inputs;
12: L « use Equation (22) with y and y as inputs;

13: end for

14: end for

15: use back propagation to optimize the parameters;

16: end for

17: return The trainable parameters of GCARM and item embeddings.

4.3.2  Theoretical Analysis. In this section, we analyze the Max Cross-Entropy (MCE) loss to
illustrate why it can be utilized for preventing the over-fitting problem and meanwhile achieving
an effective optimization.

o First, we explain why adopting the sampled items in the item set (excluding the target item)
for comparison can avoid over-fitting. As only positive interactions in SBR are observed [17,
57], we cannot certainly guarantee whether the user likes the other items or not. In the
existing works, which adopt the cross entropy with softmax [5, 57] for optimization, the
items with no interactions are typically all regarded as the negative samples for comparison
in each iteration, which is unreasonable. Picking up the item with a relatively low prediction
score as a negative sample will completely make it impossible to be recommended to the user
in the validation and test sets, i.e., the model will be over-fitting on the training set.

o Next, we theoretically analyze why MCE can effectively optimize the model. Specifically,
the normalization of the target item score through the softmax layer in Equation (21) can be
formulated as:

exp(y,+)
exp(g'zﬁ) + ZvieV* exP(}N’i) -
Then, combining Equation (23) with Equation (22), we can calculate the gradient of the loss L
w.r.t. the target score as:

?v* = (23)
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o ep@s) -
9yye exp(¥yr) + Xoev- exp(y;)

Clearly, the gradient is a negative value, indicating that when the loss is optimized to decrease, the
score of the target item will be increased. Moreover, the smaller the gradient is, the faster the target
score is increased. From Equation (24), we can observe that increasing the value of 3, cy- exp(y;)
can decrease the gradient of the target score, thus the prediction score on the target item can be
increased quickly. Thus, to prevent over-fitting and to provide enough gradient for increasing the
target item score, we conduct the max sampling on the prediction scores to obtain the negative
sample, as illustrated in Equation (20).

It is worth noting that adopting relatively more items with the largest scores may result in
the over-fitting problem, and adopting relatively less items cannot provide enough gradient for
increasing the target score. Hence, we refer to a parameter y in Equation (20) to achieve a good
performance. We will detail the impact of y on the model performance in Section 6.4.

5 EXPERIMENTS
5.1 Research Questions

We examine the performance of our proposed GCARM by addressing the following seven research
questions:

(RQ1) Can the proposed GCARM model achieve better performance than the state-of-the-art
baselines for the session-based recommendation task?

(RQ2) How is the contribution of each component in GCAT to the performance of GCARM?

(RQ3) Can the Max Cross-Entropy (MCE) loss alleviate the over-fitting problem, and what is the
impact of the parameter y on the model performance?

(RQ4) How does GCARM perform with different number of global neighbors incorporated in
the global graph?

(RQ5) How does GCARM perform on sessions with different lengths?

(RQ6) How is the performance of GCARM on a large-scale dataset?

(RQ7) How is the time and space complexity of GCARM compared with the competitive base-
lines?

5.2 Datasets and Evaluation Metrics

We adopt three benchmark datasets for evaluation, i.e., Diginetica,” Gowalla,® and Yoochoose.*

Diginetica is an e-commerce dataset released by CIKM Cup 2016. Following References [5, 23, 57],
we adopt the transaction data. Gowalla is a check-in dataset collected from February 2009 to
October 2010. We keep the top 3,000 most popular locations for experiments [5, 13]. Yoochoose
comes from the RecSys Challenge 2015, containing the click-streams of users. Items of each user
in Diginetica as well as Yoochoose and the check-in records of each user in 24 hours in Gowalla
are regarded as a session [5, 57]. Moreover, in all three datasets, items appearing less than five
times are filtered, and sessions of length 1 are removed [5, 57]. Sessions in the last week in
Diginetica and the last 20% of the sessions in Gowalla as well as Yoochoose are separated as the
test set, respectively, and the remaining parts are utilized for training. In addition, we use the last
20% part separated from the training set as the validation set for tuning the hyper parameters

Zhttp://cikm2016.cs.iupui.edu/cikm-cup.
Shttps://snap.stanford.edu/data/loc-gowalla.html.
4http://2015.recsyschallenge.com/challenge. html.
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Fig. 4. Distribution of sessions with various lengths in the training set of three datasets.

Table 2. Dataset Statistics

Statistics Diginetica Gowalla Yoochoose
# clicks 981,620 1,122,788 28,812,618
# training sessions 716,835 675,561 18,235,054
# test sessions 60,194 155,332 3,044,742
# items 42,596 29,510 35,044
Average session length 4.80 3.85 3.82

of GCARM. The data statistics after processing are shown in Table 2. Moreover, we plot the
distribution of sessions of different lengths (excluding the target item) in all three datasets in
Figure 4, where we can find that most sessions are associated with less than five interactions,
especially in Gowalla and Yoochoose. We choose Diginetica and Gowalla to evaluate the general
performance of GCARM and the baselines for answering RQ1 to RQ5, and then adopt Yoochoose
to examine the generalizability of GCARM on a large-scale dataset.

Following previous works [5, 57], Recall@K and MRR@K are adopted for evaluating the recom-
mendation performance.

5.3 Model Summary

To examine the effectiveness of GCARM, we compare our proposal with the following competitive
methods:

e Item-KNN [10] recommends similar candidates to items in the ongoing session by relying
on a cosine similarity;

e FPMC [38] is a hybrid method where the Markov Chains are adopted for capturing the
sequential signals; here, the user representation is omitted considering its unavailability in
SBR.

o NextItNet [66] is a CNN-based method that increases the receptive fields using the dilated
convolution rather than the lossy pooling operations;

e NARM [23] is an RNN-based approach that utilizes the GRUs to capture the sequential
signals and adopts the attention mechanism to emphasize user’s main intent;

e FGNN [33] designs a weighted graph attention network for computing the information flow
in the session graph and generates the user preference by a Readout function;

e SR-GNN [57] proposes to transform each session into a graph and adopts the GGNNs to
capture the pair-wise transition relations between items;

e GC-SAN [59] improves SR-GNN by adopting the self-attention mechanism for capturing
the long-range dependencies between items;
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e SGNN-HN [29] extends SR-GNN by introducing the star node for exploring the long-
distance information in GNNs and alleviates the over-fitting problem using the highway
networks [43];

e LESSR [5] proposes to handle the information loss problem in the GNN-based methods for
SBR using the lossless edge-order preserving aggregation and the shortcut graph attention;

e GCE-GNN [55] designs a unified model that exploits the global- and session-level transition
patterns between items in the global and session graphs, respectively.

5.4 Experimental Setup

Following References [23, 29, 57], we adopt a sequence splitting method to augment the training
and test samples, i.e., generating sequences ([v1], v2), ([v1,v2]),v3), . .., ([v1, - . ., Un=1], Un) for ses-
sion S = {vy, vy, ...,0,}. Then, we model each augmented sequence and make recommendations
individually. The hyper parameters of GCARM as well as the baselines are tuned on the validation
set. Specifically, we apply a grid search to find the optimal hyper parameters of each model,
where the embedding dimension is searched in {16, 32, 64,128,256}, the learning rate is tuned
in {1e75,1e7%,1e73, 1e72}, and the L2 regularization is ranged in {0,1e7%,1e™>, 1e7*, 1e7>, 1e72}.
Moreover, for the GNN-based methods, we search the layer number of GNNs in {1, 2,3,4,5}. In
addition, the Adam optimizer is adopted for training the models and the batch size is set to 512. For
our proposal GCARM, the global neighbor number N and the hop number H are both searched in
{1,2,3}, and the ratio y of negative samples in the MCE loss is tuned in {1,1/2,1/4,...,1/256}. In
addition, the learning rate is initially set to 1e~> and decays by 0.1 for every 3 epochs following Ref-
erences [29, 57], and the dimension of the item embedding is finally set to 128. All parameters are
initialized using a Gaussian distribution with a mean of 0 and a standard deviation of 0.1.

To facilitate the reproducibility of our results in this article, we share the code and data used to
run the experiments at https://bitbucket.org/nudtpanzq/gcarm/src/master/.

6 RESULTS AND DISCUSSION
6.1 Overall Performance

6.1.1 General Comparison. The results of our proposed GCARM and the baselines in terms of
Recall@20 and MRR@20 are reported in Table 3. First, as shown in Table 3, the neural models, e.g.,
NARM and NextItNet, generally achieve a better performance than the traditional methods, i.e.,
Item-KNN and FPMC. In detail, Item-KNN outperforms FPMC for all cases on both datasets, which
can be due to the fact that the Markov Chains in FPMC only capture the sequential dependencies
between adjacent items, ignoring the relations among the whole item sequence.

In the neural models, the RNN-based method, i.e., NARM, shows better performance than the
CNN-based model, i.e., NextItNet, which indicates that RNN outperforms CNN in modeling sequen-
tial signals in SBR. Moreover, GNN-based approaches achieve the state-of-the-art performance, in-
dicating that modeling the pair-wise transitions between items in a sequence can help to improve
the performance of SBR. In addition, we can find that, upon SR-GNN, capturing the long-term
dependencies between items in a session can effectively improve the recommendation accuracy,
e.g., GC-SAN and SGNN-HN. In particular, SGNN-HN performs best among the baselines in terms
of Recall@20 on both datasets. Moreover, by solving the lossy session encoding problem, LESSR
achieves the best performance in terms of MRR@20 on both Diginetica and Gowalla. As for the
baseline GCE-GNN that also considers the global- as well as local-level item transitions, the per-
formance is not satisfactory, especially in terms of MRR@20. This may be because that GCE-GNN
cannot distinguish some unrelated items in both local and global graphs, which may introduce the
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Table 3. Model Performance

Method Diginetica Gowalla
Recall@20 MRR@20 Recall@20 MRR@20

Item-KNN 39.51 11.22 38.60 16.66
FPMC 28.50 7.67 29.91 11.45
NextItNet 45.41 15.19 45.15 21.26
NARM 49.80 16.57 50.07 23.92
FGNN 50.03 17.01 50.06 24.12
SR-GNN 50.81 17.31 50.32 24.25
GC-SAN 50.90 17.63 50.68 24.67
SGNN-HN 5279 17.36 52.82 24.65
LESSR 51.71 18.15 51.34 25.49
GCE-GNN 51.66 17.53 51.53 23.52

GCARM 53.80% 18.574 53.754 26.454

The results of the best-performing baseline and the best performer in each

column are underlined and boldfaced, respectively. * denotes a significant
improvement of GCARM over the best baseline using a paired ¢-test (p < 0.01).

bias in user intent detection. Thus, in following experiments, we take the leading baselines, i.e.,
SGNN-HN, LESSR, and GCE-GNN, for further comparisons.

For our proposed GCARM, on both datasets, we can find that GCARM outperforms the base-
lines in terms of both metrics significantly, which are due to the following facts: First, we consider
the dynamic connections between local and global graphs simultaneously in both the information
propagation and the item representation processes, which can thus avoid the bias introduced by
accidental clicks on items in session and the unrelated global neighbors. Second, our designed
Max Cross-Entropy (MCE) loss can solve the over-fitting problem to some extent, which improves
the generalization ability of our proposal, and thus increases the recommendation accuracy. More-
over, the improvements of GCARM over the best corresponding baselines in terms of Recall@20
and MRR@20 are 1.91% and 2.31% on the Diginetica dataset, and 1.76% and 3.77% on Gowalla,
respectively. It is obvious that the improvements in terms of MRR@20 is higher than that of Re-
call@20 on both datasets, indicating that our proposal contributes more to ranking the target item
at a high position than hitting them in the recommendation list.

6.1.2  Model Performance at Various Recommendations. To validate the effectiveness of GCARM
at different recommendations, we compare the performance of GCARM with the baselines LESSR,
SGNN-HN, and GCE-GNN when the recommendation number K changes from 2 to 20. The results
are presented in Figure 5. As shown in Figure 5, we can observe that GCARM can always achieve
the best performance for cases at different recommendations. Moreover, when the number of rec-
ommendations changes from 2 to 20, the performance of all models in terms of Recall@K and
MRR@K on both datasets generally increases, since a recommendation list with a larger size is
more likely to include the target item.

For Recall@K, from Figures 5(a) and 5(c), we can see that on both datasets, the performance
of the baselines are similar when the recommendation number is small, and the gap between
their performance becomes larger when recommendation number is increased. This is especially
obvious on Diginetica. However, the performance improvements of GCARM over the baselines on
both Diginetica and Gowalla are obvious with various recommendation numbers, especially for
short recommendation lists. For instance, the improvements of GCARM against the best baseline
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Fig. 5. Model performance at various recommendations on Diginetica and Gowalla.

SGNN-HN in terms of Recall@2 are 9.04% and 6.26% on Diginetica and Gowalla, respectively. For
Recall@20, the corresponding improvements are 1.74% and 2.05%. This indicates that our proposed
GCARM is more applicable to the scenarios where the number of recommendations is small due
to a limited display interface [70], e.g., the recommendation on mobile phones. As for MRR@K,
we can observe that the results are similar to that in terms of Recall@K on both datasets. The
main difference is that the improvements in terms of MRR@K are more obvious than Recall@K at
various number of recommendations, which is consistent with the findings in Section 6.1.1.

6.2 Ablation Study in GCAT

For RQ2, we perform an ablation study by comparing GCARM with its variants to analyze the ef-
fectiveness of each component in the proposed Graph Co-Attention Network (GCAT). Specifically,
we produce six variants for comparison, including: (1) w/o GNNj,.4;, which removes the whole
local graph; (2) w/o GNNgjopq, Which removes the whole global graph; (3) w/o GNN¢4;,, which
removes the co-attentive information propagation in GCAT; (4) w/o GNN;,r, which removes the
individual information propagation in GCAT; (5) w/0 IRC4¢+, which removes the co-attentive item
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Table 4. Ablation Study in GCAT

Method Diginetica Gowalla
Recall@20 MRR@20 Recall@20 MRR@20

Ww/0 GNN/ocal 50.47 16.43 51.65 25.25
w/o GNNglobal 53.16 18.16 53.04 25.08
w/0 GNNcgss 53.29 18.01 53.28 25.96
w/0 GNNjerf 53.71 18.47 53.62 26.06
w/0 IRCigart 53.44 18.34 53.63 26.34
w/0 IRCyf 53.24 18.42 53.34 25.40
GCARM 53.80 18.57 53.75 26.45

vectors in the item representation combination; and (6) w/o IRCs,;r, which removes the individual
item vectors in the item representation combination. The results are shown in Table 4.

From Table 4, we can observe that removing each component of GCAT leads to a performance
decrease, indicating that each component in GCAT contributes to the user preference modeling.
Moreover, comparing w/0 GNN4;; to w/0 GNNj4cq; and w/o GNNgjop41, We can observe that w/o
GNN_;; generally outperforms w/o GNNjocq; and w/o GNNgjopq;, indicating that combining the
individual representations of items in the local and global graphs can improve the performance.
However, w/o GNN_;; loses the competition to w/o GNN;,p4; in terms of MRR@20 on Diginetica.
We attribute the reason that simply concatenating the local and global item representations in the
variant w/o GNN,,;; may introduce unrelated information from the neighbors in the global graph.
This is consistent with the finding that w/o GNNj,;r performs better than w/o GNN_,;, for all cases
on two datasets. By considering the dynamic connections between the local and global neighbors
of each item in session, w/o GNNj,r can effectively filter out the unrelated information in both
local and global graphs and achieves a better performance than w/o GNN_4¢;.

Moreover, by comparing GCARM to w/o IRC.4;; and w/o IRC,;r, we can observe that both
the individual and co-attentive item representations can contribute to generating an accurate item
representation, which helps to improve the recommendation accuracy. On the one hand, the in-
troduced co-attentive item representations can accurately distinguish the items with different im-
portances in the local and global graphs, which helps to capture the user’s intent in the current
session. On the other hand, the individual item representations can preserve the personalized and
generalized user behavior patterns, which can avoid the over-smoothing problem [60] in GNNs.

6.3 Impact of Global Neighbors

For RQ3, to investigate the impact of the number of global neighbors on the performance of
GCARM, we apply a grid setting by ranging both the global neighbor number N and the hop
number H in {1, 2, 3}, respectively, and we show the results in Table 5.

First, on the Diginetica dataset, we can find that the best performance of GCARM in terms of
Recall@20 and MRR@20 are achieved with different parameters, i.e., the best Recall@20 is ob-
tained by setting the neighbor number to 2 as well as the hop number to 1, and the best MRR@20
is returned by setting the neighbor number to 1 as well as the hop number to 3, respectively. In
terms of Recall@20, we can see that increasing either the neighbor number or the hop number
generally decreases the recommendation accuracy, which can be due to the noisy information in-
troduced from the global neighbors. However, in terms of MRR@20, increasing the hop number
consistently improves the performance when the neighbor number is fixed, while tuning the num-
ber of neighbors can not guarantee a good performance, which indicates that it is more reasonable
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Table 5. Impact of Number of Global Neighbors

Recall@20 MRR@20
H=1 H=2 H=3 H=1 H=2 H=3

N=1 5376 53.75 53.62 1845 1859 18.67
Diginetica N =2 53.80 5349 5333 1857 18.61 18.62
N=3 5365 5346 5338 1853 18.53 18.58
N=1 5371 5356 5359 2639 2639 2638
Gowalla N=2 5375 5353 5339 2646 2645 2644
N=3 53.77 5347 5333 26.51 2644 26.33

to incorporate neighbors of multi hops than to increase the global neighbors of each item if we
aim to rank the target item at a high position in a recommendation list.

As for the Gowalla dataset, we can observe that the best performance in terms of both metrics
are achieved with the neighbor number 3 and the hop number 1. Moreover, for the cases with a
fixed number of neighbors, when the hop number is increased, the recommendation performance
in terms of both Recall@20 and MRR@20 consistently goes down. It could be explained by the
fact that the bias is easily introduced by increasing the hop number of incorporating the global
neighbors in the check-in scenario.

6.4 Analysis on Max Cross-entropy

For RQ4, to examine the effectiveness of the designed Max Cross-Entropy (MCE) loss, we compare
MCE with its variant Random Cross-Entropy (RCE), which replaces the max sampling strategy
with the random sampling strategy in MCE. We denote the GCARM model that adopts the RCE
loss as GCARMpcg. We tune the parameter y, which controls the ratio of negative samples in
{1,1/2,1/4,...,1/256} in both GCARM and GCARMRgcr to see the impact of y on the model per-
formance. The results are presented in Figure 6.

On the Diginetica dataset, from Figures 6(a) and 6(b), we can see that when y decreases, the
performance of GCARM in terms of Recall@20 and MRR@20 is improved at first and achieves
the peak value at y = 1/128. After that, it begins to decrease. This means that adopting all items
(excluding the target item) as the negative samples during training will hurt the recommendation
accuracy, which is due to the over-fitting problem we describe in Sections 1 and 4.3.2. Moreover,
we can observe that GCARMpg g performs stably in terms of Recall@20 with a large y and then the
performance consistently drops when y decreases. For MRR@20, the performance first increases
slightly from y = 1 to 1/8 and then consistently decreases. This indicates that adopting the ran-
dom sample strategy in GCARMgcg can also avoid the over-fitting problem to some extent and
thus improves the recommendation performance. However, the random sampled items can not
provide enough gradient for model optimization as analyzed in Section 4.3.2. Instead, in GCARM,
we utilize the items with the highest prediction scores as the negative samples, which can pro-
vide enough gradient for training and avoid over-fitting at the same time. The results on Gowalla
shown in Figures 6(c) and 6(d) are similar to those on Diginetica except that with y decreasing, the
performance of GCARMgcg in terms of MRR@20 consistently decreases. This indicates that the
gradient shortage problem in the RCE loss is more serious on the Gowalla dataset than that on
Diginetica. However, GCARM can still provide enough gradient by taking items with the largest
prediction scores for comparison and shows large improvements over GCARMpgcE.

In addition, we also plot the performance curves on both the training and test sets of GCARM
and GCARMgcg as well as the variant GCARMcg, which adopts the original cross-entropy regard-
ing all items except the target item as the negative items. We set the parameter y in both GCARM
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Fig. 7. Recommendation performance with different numbers of iterations.

and GCARMgcg to 1/128 as an example and the results in terms of Recall@20 are plotted in
Figure 7. Similar phenomena can be observed in terms of MRR@20. From Figure 7, we can see
that both the training and test performance of involved methods on two datasets first increases
and then keeps stable without an obvious decrease. This is due to us applying a learning rate decay
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method in the Adam optimizer [29, 57], which is detailed in Section 5.4. We can investigate the
extent of the over-fitting problem by comparing the achieved stable training and test performance.
Specifically, a larger drop rate of the test performance against the training performance indicates a
more serious over-fitting problem. Taking the results at the 10-th iteration on the Gowalla dataset
as an example where the performance of all methods has achieved a stable status, the correspond-
ing drop rates of GCARM and GCARMpgcg are 21.99% and 20.46%, respectively, which are lower
than that of GCARMcg, i.e., 23.01%. This indicates that adopting the sampled items without in-
teractions as the negative samples in GCARM and GCARMpgcf can both alleviate the over-fitting
problem, which is consistent with the theoretical analysis in Section 4.3.2. Moreover, we can see
that the performance of GCARMpgcf is obviously worse than GCARM and GCARMcg, which is
due to the fact that the randomly selected items cannot provide enough gradient for increasing
the target item score, which is analyzed in Section 4.3.2. However, by using the max sampling to
select the items with the highest prediction scores as the negative items, GCARM can solve the
gradient shortage problem and achieve an effective model optimization.

6.5 Impact of the Session Length

As the majority of sessions are short (see Figure 4), it is meaningful to investigate the model per-
formance on sessions with various number of interactions. We divide the sessions into groups
according to their corresponding lengths, i.e., the number of interactions. Then, we evaluate the
performance of GCARM and the competitive baselines, i.e., LESSR, SGNN-HN and GCE-GNN, on
sessions with different lengths in both datasets. The results are shown in Figure 8. We can observe
that GCARM can generally outperform the baselines in terms of both metrics with various lengths
on both datasets, indicating that GCARM works well on detecting the user intent in sessions with
different lengths.

In particular, on the Diginetica dataset, with the session length increasing, the performance of
all models in terms of both metrics first increases from length 1 to 2, and then shows a continuous
decreasing trend. This may be due to the fact that the increasing number of interacted items may
bring the difficulty of user preference modeling, as the user intent may be diverse, especially in
the e-commerce platform [8]. Moreover, we can see that the improvements of GCARM over the
baselines in terms of both Recall@20 and MRR@20 are obvious when the session length is rela-
tively short. For example, GCARM outperforms the best baseline SGNN-HN by 4.17% at length
6 in terms of Recall@20 and shows a 4.01% improvement above LESSR at length 4 in terms of
MRR@20, while the corresponding improvements at length 10 are 2.58% and 1.44%, respectively.
This indicates that comparing to the baselines, our proposed GCARM can effectively detect user’s
intent from limited interactions in an ongoing session on Diginetica.

On the Gowalla dataset, from Figures 8(c) and 8(d), we can find that the performance of all
models in terms of both Recall@20 and MRR@20 shows an upward trend when the session length
increases. This could be explained by the fact that the users are likely to focus on the similar
places in the check-in scenario [58], thus a larger number of items contained in the session can
provide relatively more information about the user’s main purpose. In addition, comparing to
the baseline GCE-GNN, which incorporates the global information, the improvements of GCARM
over GCE-GNN in terms of both Recall@20 and MRR@20 keep increasing when the session length
becomes large. This may be due to the fact that when the session contains relatively more items,
the unrelated items in both local and global graphs in GCE-GNN may introduce more bias for
user preference modeling. However, our proposed GCAT can solve the problem by the introduced
neighbor-level and item-level co-attention mechanisms, thus can effectively detect user intent in
the long sessions and make accurate recommendations.
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Fig. 8. Model performance on sessions of different lengths.

6.6 Performance on a Large-scale Dataset

For RQ6, to validate the scalability of our proposal on large-scale datasets, we choose the Yoo-
choose dataset for experiments, which is much larger than Diginetica and Gowalla used in previ-
ous experiments, as shown in Table 2. Specifically, we compare the performance of GCARM and
the competitive baselines in terms of Recall@K and MRR@K with K ranging from 2 to 20. The
results are presented in Figure 9.

Clearly, from Figure 9, we can see that GCARM can outperform the baselines in all cases, indi-
cating the effectiveness of our proposal on the large-scale datasets. Moreover, for the baselines, it
is observed that LESSR shows a better performance than SGNN-HN and GCE-GNN, especially in
terms of MRR@K. This may be due to the information loss problem being serious in the large-scale
datasets. However, LESSR can effectively decrease the information loss and increase the recom-
mendation accuracy. Moreover, the improvements of GCARM over the best baseline LESSR are
consistently more obvious in terms of MRR@K than Recall@K. For instance, GCARM improves
LESSR by 3.54% and 2.58% in terms of Recall@10 and Recall@20, respectively, while the respective
improvements are 3.98% and 3.83% in terms of MRR@10 and MRR@20. This indicates that GCARM
works especially well on ranking the target item at a right position, which is consistent with the
findings obtained on smaller datasets (i.e., Diginetica and Gowalla) in Section 6.1.
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Table 6. Time and Space Complexity
Method Time complexity Space complexity
GCE-GNN O((IE;|/2 + mM)d? + nd® + |V|d) O(d + d? + Pd + |V|d)
SGNN-HN O(Lm2d? + nd?* + |V|d) O(d +d? + Pd + |V|d)
LESSR O(L(|E;|/2 + m?®)d? + nd? + |V|d) O(Ld + Ld* + |V|d)
GCARM  O((|E;| + mM)d® + nd* + |V|log, |V| + |V|d) o(d + d? + |V|d)

6.7 Time and Space Complexity

To answer RQ7, we analyze the time complexity for modeling session S = {vy, vy, ..., v,} and the
space complexity of our proposed GCARM as well as the state-of-the-art baselines, i.e., GCE-GNN,
SGNN-HN, and LESSR. The results are provided in Table 6.

Here, in Table 6, m denotes the number of unique items in S, |E;| indicates the edge number in
the local graph, M means the neighbor number of each item in the global graph, |V| represents the
number of all candidate items, L denotes the layer number, and P is the maximum session length
in the dataset. Then the time complexity of GCARM is O((|E;| + mM)d? + nd® + |V | log, [V| +|V|d),
which mainly comes from the item representation learning module O((|E;| + mM)d?), the user
preference generation module O(nd?), and the prediction and optimization module O(|V|log, |V |+
|V|d). For GCE-GNN, SGNN-HN, and LESSR, the time complexity is O((|E;|/2+mM)d?+nd*+|V|d),
O(Lm*d? +nd*+|V|d), and O(L(|E;|/2+m?)d* +nd? +|V|d), respectively. In real-world applications,
|V is typically larger than other variables such as |E;|, M, m, n, and d, and d > log, |V|. Thus, the
majority of the time complexity of four methods comes from the prediction module, i.e., |V|d. The
others are relatively small and can be neglected. Thus, GCARM has a comparable time complexity
to the baselines.

Moreover, as for the space complexity, from Table 6, we can observe that the space complexity of
GCE-GNN, SGNN-HN, and LESSR is O(d+d?+Pd+|V|d), O(d+d*+Pd+|V|d) and O(Ld+Ld*+|V|d),
respectively, which are larger than that of GCARM, i.e., O(d + d® +|V|d). This is due to GCE-GNN
and SGNN-HN introducing the trainable position embeddings with a space complexity of Pd to
consider the sequential information in session. For LESSR, the parameters in multi-layer GNNs
are not shared, introducing additional (L — 1)(d + d?) space complexity compared to GCARM. In
general, GCARM has a slightly less space complexity than the competitive baselines.
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Fig. 10. Neighbor-level and item-level co-attention visualization in GCAT.

6.8 Case Study

To examine the effectiveness of GCAT in an intuitive way, we randomly sample a session from the
Gowalla dataset and show the generated neighbor-level and item-level co-attention matrices in
Figure 10. Speciﬁcally, for the sampled session S = {09’274, V6,574> V9,379, V6,574, U8, 843, V9,274, U8, 850,
Vg,379}, we plot the neighbor-level co-attention scores obtained by Equation (7) in Figures 10(a)-
10(e) corresponding to {vg 274, Vs 574, Vo 379, Us 843, Us,s50} and the item-level co-attention matrix
generated by Equation (12) in Figure 10(f), respectively. In Figures 10(a)-10(e), the y-axis items on
the left of each co-attention matrix indicate the local neighbors and the x-axis items are the cor-
responding global neighbors. Similarly, the y-axis and x-axis items in Figure 10(f) denote the cor-
responding items in the local and global graphs, respectively. Moreover, the color depth indicates
the similarity score of every two items. A darker color represents a higher similarity of two items.
Some interesting findings from Figure 10 can be observed.

From Figures 10(a)-10(e), for most items in session, the local neighbors and global neighbors
are different, which can respectively represent user’s personalized and generalized behavior
patterns;

For the item vg g43, the similarities of vs 43 to other items in Figure 10(f) are small, indicating
that vg g43 may be an accidentally interacted item in S. Moreover, from Figures 10(a) and 10(b),
item vg g43 is also dissimilar to the incorporated global neighbors. Hence, we can filter out the
unrelated item vg g43 in current session by the neighbor-level and item-level co-attentions;
From Figure 10(d), for the incorporated global neighbor vs 475, the similarities of vs 475 to the
local items in C*** are generally small, indicating that the global graph may also contain
unrelated information to the personalized interest. In GCAT, through the neighbor-level co-
attention, we can filter out such unrelated neighbors.

In general, we can conclude that GCAT can simultaneously take the local and global item transi-
tions into consideration, which enriches the information in current session and helps to generate
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accurate item representations. Besides, the dynamic co-attention mechanisms in GCAT can help to
eliminate the bias introduced by the unrelated items in both local and global graphs, which assists
our model to accurately detect user’s main intent in the ongoing session.

7 CONCLUSIONS AND FUTURE WORK

In this article, we propose a Graph Co-Attentive Recommendation Machine (GCARM) for session-
based recommendation. GCARM applies a designed Graph Co-Attention Network (GCAT) to ex-
ploit the local and global pair-wise item transitions among items for user preference modeling in
the ongoing session. Specifically, GCAT introduces a co-attention mechanism into the informa-
tion propagation as well as the item representation combination processes to eliminate the noise
brought by the unrelated items and thus generates accurate item representations. Moreover, to pre-
vent the over-fitting problem in SBR, we propose a Max Cross-Entropy (MCE) loss, which takes
the items with the largest prediction scores (excluding the target item) for comparison to prevent
over-fitting. Extensive experiments conducted on three benchmark datasets demonstrate the effec-
tiveness of GCARM in terms of Recall and MRR. Moreover, we find GCARM has a super ability to
push the target item at an early position. As to future work, we plan to investigate the influence of
user’s multi-behaviors [20] for the session-based recommendation task. Moreover, we would like
to design a strategy that can learn an adaptive y to deal with different degrees of over-fitting prob-
lem in the training process. In addition, we are interested in exploring more sampling methods
for selecting high-quality negative samples for model optimization, such as sampling the negative
items with probability proportional to the prediction scores.
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