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Collaborative Graph Learning for Session-based
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Session-based recommendation (SBR), which mainly relies on a user’s limited interactions with items to

generate recommendations, is a widely investigated task. Existing methods often apply RNNs or GNNs to

model user’s sequential behavior or transition relationship between items to capture her current preference.

For training suchmodels, the supervision signals are merely generated from the sequential interactions inside

a session, neglecting the correlations of different sessions, which we argue can provide additional supervi-

sions for learning the item representations. Moreover, previous methods mainly adopt the cross-entropy loss

for training, where the user’s ground truth preference distribution towards items is regarded as a one-hot vec-

tor of the target item, easily making the network over-confident and leading to a serious overfitting problem.

Thus, in this article, we propose aCollaborative Graph Learning (CGL) approach for session-based recom-

mendation. CGL first applies the Gated Graph Neural Networks (GGNNs) to learn item embeddings and then

is trained by considering both the main supervision as well as the self-supervision signals simultaneously.

The main supervisions are produced by the sequential order while the self-supervisions are derived from

the global graph constructed by all sessions. In addition, to prevent overfitting, we propose a Target-aware

Label Confusion (TLC) learning method in the main supervised component. Extensive experiments are

conducted on three publicly available datasets, i.e., Retailrocket, Diginetica, and Gowalla. The experimental

results show that CGL can outperform the state-of-the-art baselines in terms of Recall and MRR.
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1 INTRODUCTION

Recommender systems (RS) is an effective way to provide users with personalized information
for maintaining their demands [1, 56, 72]. Most existing recommenders generate recommendations
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by relying on user preference reflected in their long-term interactions with items [17, 18, 29, 61],
which is known as user’s inherent interest [6, 7]. However, in some realistic scenarios, only limited
sequential interactions are available for detecting user intent, where the general recommenders
are not applicable [20, 46, 47]. Thus, session-based recommendation (SBR) is proposed to make
recommendations merely based on the ongoing session, where a session can be defined as a user’s
actions during a short period, e.g., 24 hours [20, 40].

Traditional methods typically rely on the similarity between items [45] or sessions [12, 22] to
identify similar items to the current session for recommendations or utilize the Markov Chains to
capture the sequential signal between adjacent items in the session [43]. Such models fail to cap-
ture user’s dynamic interest migration in the entire session [28, 57]. Recently, neural models such
as Recurrent Neural Networks (RNNs) and Graph Neural Networks (GNNs) are adopted in SBR by
considering their ability for modeling the sequential signal [19, 20] or the complex transition rela-
tionship between items [64] in the current session. In addition, as limited information can be used
in the current session, the global information is incorporated by introducing neighbor sessions
with the gating network [37, 57] or by propagating information on the global graph constructed
from all sessions [39, 62, 66].

Although such models have achieved a comparable performance, the following limitations are
remained. First, the state-of-the-art SBR models mainly adopt the list-wise loss function, i.e., cross-
entropy loss for optimizing the parameters by contrasting the prediction score distribution with
the user preference distribution on all items [28, 31, 36, 64]. However, user’s true preference dis-
tribution is typically unknown since it is impossible for the user to interact with all items. Pre-
vious methods simply regard the one-hot encoding vector of the target item as the true distribu-
tion [28, 64]. In such cases, raising the prediction score of the target item will decrease the scores
of other items at the same time [19], which means that the model optimization totally depends on
the one-hot label, leading to the overfitting problem. Moreover, it cannot distinguish the negative
items since they are equally treated (i.e., 0) in the one-hot encoding vector. Second, the supervision
signals in previous SBRmethods are generated according to the chronological order, i.e., predicting
the item at timestamp t+1 by modeling previous t interacted items. This kind of training strategy
can merely utilize the supervision signals in each session, neglecting the correlations of different
sessions. Although neighbor sessions have been proved effective for enriching the current ses-
sion for recommendation through RNNs or GNNs [37, 57, 62, 66], bias is easily introduced from
unrelated neighbors.
To deal with such issues, we propose a Collaborative Graph Learning (CGL) approach for

session-based recommendation, which mainly consists of two components, i.e., the main super-
vised module and the self-supervised module. In detail, for each session, the GGNNs are adopted
to generate the item representations. Then, on the one hand, to prevent overfitting, in the main
supervised component, we contrast user’s prediction score distribution against the ground truth
preference distribution for optimizing the model parameters, which are respectively generated
based on user’s dynamic preference and the designed Target-aware Label Confusion (TLC). On
the other hand, we construct a global graph to build the connections between different sessions,
and utilize the self-supervised learning to enhance the item representations by contrasting the
long-term preference in each session with its neighbors on the global graph.
In summary, our contributions in this article are listed as follows:

(1) We propose a CGL model, utilizing the self-supervised learning, jointly learned with the
main supervised learning, to explore the correlations of different sessions for enhancing the
item representations.
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(2) We design a TLC learning method to generate an accurate distribution of user preference on
items to deal with the overfitting problem in SBR.

(3) Extensive experiments are conducted on three benchmark datasets, i.e., Retailrocket, Digi-
netica and Gowalla. The experimental results demonstrate the superiority of CGL over the
state-of-the-art baselines in terms of Recall and MRR.

2 RELATEDWORK

In this section, we review the major work for session-based recommendation in Section 2.1 and
the self-supervised recommendation approaches in Section 2.2.

2.1 Session-Based Recommendation

2.1.1 Sequential SBR. As items in the session are organized according to the chronological or-
der, many sequential methods like Markov Chains and RNNs are applied to capture the sequential
signal in the current session [20, 43, 48, 58, 59]. For example, Rendle et al. [43] incorporate person-
alized Markov Chains based on the personalized transition matrices, and Wang et al. [58] further
introduce the nonlinear operations to achieve better aggregation operations. As for the RNN-based
methods, Hidasi et al. [20] propose GRU4REC where the Gated Recurrent Unit (GRU) is utilized to
achieve the sequential behavior modeling in the session, and Hidasi and Karatzoglou [19] further
extend GRU4REC by improving the pair-wise loss functions BPR and TOP1. In addition, atten-
tion mechanism [53] is widely applied in SBR, which can be utilized individually to distinguish
items in the session according to their corresponding importance for detecting the interest migra-
tion [24, 31, 38, 51] or applied together with other methods such as RNNs to emphasize user’s main
intent [28, 60].

Such sequential methods generate user’s preference strictly relying on the sequential signal.
However, user’s behavior pattern tends to be more complicated than the time order [40, 64], which
results in the sequential methods not being able to detect the user intent in the current session
accurately.

2.1.2 GNN-Based SBR. To take the complex transition relationship between items in the ses-
sion into consideration, Graph Neural Networks (GNNs) are applied in session-based recommen-
dation [36, 64, 71]. For instance, Wu et al. [64] propose SR-GNN which transforms each session
into a session graph and utilizes the GGNNs to model the current session. Then, Qiu et al. [40]
design a weighted graph attention network (WGAT) for computing the information flow between
items in the session and obtain the user preference by a Readout function [55]. Then, long-term
information is taken into consideration in the stage of information propagation [36] and session
aggregation [69] to solve the problem of lacking long-range dependencies in GNNs. For example,
Xu et al. [69] propose to utilize the self-attention networks to capture the long-distance depen-
dencies between items in the session for aggregating the items as the user preference. Moreover,
Pan et al. [36] propose to explore the long-distance information in the information propagation
stage by a star graph neural network (SGNN) and prevent overfitting by adopting the highway
networks [49].
However, the supervision signals in the above-mentioned GNN-based methods are merely gen-

erated according to the sequential signal in the current session, neglecting the correlations between
sessions for learning the item representations. In addition, the widely adopted cross-entropy loss
in SBR easily leads to a serious overfitting issue [36, 64].

2.1.3 Collaborative SBR. Considering limited information is contained in the current session,
many collaborative methods are proposed to incorporate information from other sessions, so as to
enhance the current session representation with neighbor sessions based on RNNs [22, 37, 57] or
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by exploring the constructed global graph for information propagation in GNNs [39, 62]. Specifi-
cally, many neighbor-aware methods are proposed to incorporate similar sessions for helping to
detect user’s intent in the current session based on RNNs, where similar sessions can be recognized
through the k-nearest neighbor (KNN) method [22], the memory networks [57], or relying on the
user intent [37]. In addition, the global graph is constructed to represent the pair-wise transition
relationship between items in all sessions to introduce the global information from all sessions. For
instance, Qiu et al. [39] propose to propagate the information on the global graph by the graph
attention networks to update the item embeddings. Moreover, Wang et al. [62] combine the item
representations from both the session-level and global-level graphs for making recommendations.
Xia et al. [66] design a dual-channel hypergraph convolutional network to exploit both the item-
level and session-level relations, and maximize the mutual information between different channels
for generating accurate item representations.
Existing collaborative SBR methods follow the mechanism that introduces external information

outside the current session for generating user preference. However, the number of introduced
neighbor sessions is usually large [22, 37, 57] and propagating information on the global graph [39,
62, 66] may introduce unrelated items as neighbors, inevitably resulting in introduced bias.

2.2 Self-Supervised Recommendation

Self-supervised learning (SSL) aims to learn representations from the unlabeled data, which can
be categorized into the generative models [11, 52] and the contrastive models [4, 13]. Considering
the effectiveness of SSL in computer vision [21] and natural language processing [26], recently the
self-supervised learning is also introduced into recommender systems for learning accurate item
representations. For instance, Xin et al. [68] propose self-supervised reinforcement learning for
sequential recommendation to distinguish different behaviors. Moreover, Xie et al. [67] propose
to apply the contrastive learning into sequential recommendation by maximizing the agreement
of the same sequence from different augmented views. Furthermore, Zhou et al. [73] propose S3-
Rec which applies the mutual information maximization (MIM) in sequential recommendation by
pretraining and fine-tunes the model by the supervised signals. In addition, Ma et al. [34] propose
to introduce the intention disentanglement into the self-supervised sequence-to-sequence training
strategy, which is jointly combined with the sequence-to-item training.
Previous self-supervised recommendation methods merely learn the self-supervision signals

from the sequence-to-item view by comparing the sequence with a single item or multiple
successive items (i.e., the subsequence). They all neglect the correlations between different se-
quences, which can provide additional supervision information, apart from the sequence-to-item
supervisions.

3 PRELIMINARIES

3.1 Problem Statement

We formally illustrate the task of session-based recommendation (SBR) aiming to predict user’s
action at the next timestamp in this section. Let V = {v1,v2, . . . ,v |V | } denote all items, where |V |
is the number of items inV . Assuming that all sessions are denoted asU = {S1, S2, . . . , Sτ . . . , S |U | },
where |U | is the number of sessions. Sτ = {v1,v2, . . . ,vt , . . . ,vn } indicates the τ -th session con-
sisting of n sequential items, and vt denotes the item that the user interacted with at the t-th
timestamp in session Sτ . Given a session Sτ , we output a probability distribution on all candidate
items which indicates the probability of each item to be recommended to the user. Finally, items
with the top N prediction scores will constitute the recommendation list. The main notations used
in this article are listed in Table 1.
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Table 1. Main Notations used in This Article

Notation Description

U a set of all sessions in the training set
V a set of all candidate items
Sτ = {v1,v2, . . . ,vn } the τ -th session in U which contains n chronological items
N the number of items constituting the recommendation list
Gl = {Vl ,El } the constructed local graph for session Sτ
X the learnt representation of nodes inVl outputted by GGNNs
Ain ,Aout the incoming and outgoing matrices in GGNN
WI ,WO the trainable parameters for information propagation in GGNN

xki the representation of node xi in the k-th layer GGNN

aki the propagated neighbor information to node xi in GGNNs at layer k
{v1, v2, . . . , vn } the representation of items in session Sτ outputted by the GGNNs

zd , zd
l
, zdr the hybrid, long-term and recent interests in main supervised learning

y
p
i the prediction score on item vi in V

α a trade-off parameter in the target-aware label confusion

yc ,ysof t ,yhard the combined, soft and hard label distribution
Gд = {Vд ,Eд } the constructed global graph based on all sessionsU
M the number of neighbor sessions incorporated for contrasting

zl the long-term preference in self-supervised learning

Si ∈ NSτ , S̃i ∈ U \NSτ the sampled connected and unconnected session of Sτ in Gд
L,Lmain ,Lssl the final, main-supervised and self-supervised loss
λ a trade-off parameter for balancing Lmain and Lssl

3.2 Item Representation Learning

Given a session Sτ = {v1,v2, . . . ,vn }, the graph learning methods typically generate the accu-
rate representation of items in the session by two stages, i.e., constructing the session graph and
propagating information on the graph for learning item representations:

Gl = Seq2Graph(Sτ ),

X = GNN(Gl ), (1)

where Gl is the constructed local session graph, X is a matrix of the learnt representation of items
in session Sτ , Seq2Graph and GNN denote the graph construction and information propagation
operation, respectively.

Graph construction. We construct a directed session graph of Sτ to represent the pair-wise
transitions between its contained items, which can be denoted as Gl = {Vl ,El }, whereVl and El
indicate the nodes and edges in the graph, respectively. Here Vl = {x1,x2, . . . ,xm } contains the
unique items1 in Sτ , and each edge ei j ∈ El indicates that the user clicked node x j after clicking xi .
We formulate a matrixA to indicate the weighted adjacent matrices which consists of an incoming
matrixAin and an outgoingmatrixAout to represent the transition relations between items, which
are utilized to determine the weights of different neighbors in the information propagation stage.
For example, given a session as Sτ = {x2,x4,x3,x5,x3,x6}, the incoming and outgoing matrices can
be constructed as in Figure 1.

1Note that m ≤ n since items may be repeatedly clicked in the sequence [36, 42].
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Fig. 1. An example of the adjacent matrices in GGNN.

Information Propagation. After constructing the graph, we conduct the information propa-
gation on the graph to learn the accurate item representations. Here we adopt GGNN [30] as an
example [36, 64, 69], other GNNs such as GAT [54] and GCN [25] can also be adopted to replace
GGNN in our framework. First, the item vectors inputted into GGNNs are initialized by the embed-
dings of the items generated via an embedding layer, i.e., X0 = {x01,x02, . . . ,x0m }, where x0i ∈ Rd is
the representation of node xi and d is the embedding dimension. Then, at the k-layer GGNN, we
first obtain the information from the neighbors of node xi as follows:

aki = Concat
(
Ain
i

[
xk−11 ,x

k−1
2 , . . . ,x

k−1
m

]
WI + bI ,

Aout
i

[
xk−11 ,x

k−1
2 , . . . ,x

k−1
m

]
WO + bO

)
,

(2)

where xk−1i denotes the item embeddings of node xi at layer k-1, A
in
i and Aout

i are respectively,

the i-th row of Ain and Aout , i.e., the weights for controlling how much information comes from

each neighbor of xi for updating the node vector of xi .W
I ,WO ∈ Rd×d , bI , bO ∈ Rd are learnable

parameters.
After that, a GRU is utilized to combine the representation of xi at layer k-1 and the propagated

neighbor information at layer k as:

xki = GRU
(
aki ,x

k−1
i

)
. (3)

Moreover, multi-layer GGNNs can be stacked to combine the representation of the nodes in
different layers, thus to take the high-order connections between the items in session Sτ into
consideration. After stacking K layers of GGNNs, the item representations can be represented
as XK , denoted as X for brevity, where X = {x1,x2, . . . ,xm }. Then, we recover the item sequence
in the session from the graph as {v1, v2, . . . , vn }, where n is the sequence length.

4 APPROACH

The framework of CGL is plotted in Figure 2, which consists of two main modules, i.e., the main
supervised and the self-supervised components. In the supervised component, we train the model
based on the supervision signals generated according to the sequential order, where the target-
aware label confusion is designed to generate accurate label distribution. Then, as for the self-
supervised module, we derive the supervision signals from the correlations between different ses-
sions based on the constructed global graph for enriching the item representations.

4.1 Main Supervised Learning

4.1.1 Dynamic Preference Generator. For session Sτ = {v1,v2, . . . ,vn }, we generate user’s dy-
namic preference in the main supervised component. Specifically, the accurate representation of
items is learned by Equation (1). We then obtain user’s dynamic interest zd by aggregating the
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Fig. 2. The framework of CGL.

items in the session using the dynamic Readout function Readoutd as:

zd = Readoutd (v1:n ) =W1

[
zdl ; z

d
r

]
, (4)

where user’s long-term preference zd
l
and recent interest zdr are simultaneously considered by

concatenation, W1 ∈ Rd×2d contains trainable parameters. As the last item in the session can
reflect user’s current interest to capture the dynamic interestmigration [31, 36, 64], herewe directly
adopt the embeddings of the last item as the recent preference, i.e., zdr = vn .
Moreover, we obtain the long-term preference according to their corresponding importance

scores, which are generated by the soft attention as:

zdl =

n∑

i=1

βdi vi ,

βdi = Softmax
(
ϵdi
)
,

ϵdi =W2σ
(
W3vi +W4z

d
r + b

d
)
,

(5)

whereW2 ∈ R1×d ,W3,W4 ∈ Rd×d , bd ∈ Rd are learnable parameters in the soft attention mecha-
nism, and σ denotes the sigmoid function.

4.1.2 Target-aware Label Confusion. After generating the user preference, we produce the pre-
diction scores yp ∈ R |V | on all candidate items in V by conducting a dot product on the user
preference zd and the embeddings of each item vi as:

y
p
i = Softmax

(
zd

T
vi
)
, ∀i = 1, 2, . . . , |V |, (6)

where the Softmax function normalizes the prediction scores.
After obtaining the prediction distribution, we aim to minimize the distance between the pre-

diction distribution and the user preference distribution. However, a user’s true preference dis-
tribution is unknown as the user is unable to interact with all items. Previous work adopts the
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one-hot vector of the target item [28, 36, 64] as the label distribution, which easily leads to the
over-confident problem in the training phase, making the model overfitting. Moreover, the one-
hot vector of the target item cannot distinguish the negative items since they are all assigned a
value 0 in the label distribution. Here, to overcome these limitations, inspired by [15] we propose
a target-aware label confusion method to generate the soft labels, which are then combined with
the one-hot encoding vector for optimization to prevent overfitting. Intuitively, based on the hy-
pothesis that items similar to the target item vtar are close to user preference, we first obtain the
soft labels generated via a similarity layer, where the similarity scores between all candidates inV
and the target item can be obtained as:

y
sof t
i = Softmax

(
vTtarvi

)
, ∀i = 1, 2, . . . , |V |, (7)

After that, we combine ysof t ∈ R |V | with the original hard label, i.e., the one-hot encoding label
vector yhard ∈ R |V | where only the coordinate corresponding to the target item is 1 and the others
are 0. This can be formalized as:

yci = Softmax
(
y
sof t
i + αyhardi

)
, ∀i = 1, 2, . . . , |V |, (8)

where yc ∈ R |V | is the final label distribution and α is a trade-off parameter for controlling the
weight between ysof t and yhard .

Finally, we adopt the Kullback-Leibler Divergence (KLD) [27] as the loss function for optimiza-
tion in the main supervised component with the loss defined as:

Lmain = KLD(yc ,yp ) =
|V |∑

i=1

yci log
�
�
yci

y
p
i

�
� . (9)

Compared to the cross-entropy loss with the Softmax in previous work [28, 36, 64] that regards
the one-hot encoding vector as the label distribution, our designed target-aware label confusion
method is able to generate different soft labels for the negative items, so as to distinguish them
and thus effectively prevent overfitting.

4.2 Self-Supervised Learning

As existing methods for SBR mainly neglect the connections between different sessions, which
can provide additional supervision signals for training to enhance the item representations, we
derive the self-supervision signals from the global graph of all sessions for training by utilizing
the self-supervised learning, so as to help promote the recommendation accuracy on the basis of
the main supervised recommender.

4.2.1 Global Graph Construction. To take the correlations between sessions into consideration,
we propose to construct a global graph by relying on the global connections, where the relationship
between sessions can be considered. Let Gд = {Vд ,Eд } denotes the constructed global graph,
where each node in Vд denotes a session in U , and the edges are determined by two stages, i.e.,
the similarity measurement and the max sampling.
Given a session Sτ ∈ U represented by a binary-valued vector, we first calculate its cosine

similarity with other sessions inU to measure their relevance. Then, to avoid introducing noise by
the loosely connected sessions, we apply the max sampling according to the calculated similarity.
Specifically, we use the M most similar sessions as the final neighbors of session Sτ to build the
global graph where each edge ei j ∈ Eд means that session Si and S j are similar on the whole.
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4.2.2 Long-Term Preference Generator. In the self-supervised component, unlike the user pref-
erence modeling in the main supervised component where we generate the user’s dynamic pref-
erence, we produce the long-term preference in each session for contrasting, since the similarity
defined between two sessions are overall, without specific correlations to the recent interest. In
detail, given a session Sτ = {v1,v2, . . . ,vn }, we first learn the item representations by Equation (1),
and then obtain the user’s long-term preference by a long-term Readout function Readoutl based
on a soft-attention mechanism as follows:

zl =

n∑

i=1

β li vi ,

β li = Softmax
(
ϵ li
)
,

ϵ li =W5σ
(
W6vi + b

l
)
,

(10)

where W5 ∈ R1×d , W6 ∈ Rd×d are trainable parameters in the soft-attention, and bl ∈ Rd is the
bias vector.
Although the Readout functions used for session aggregation in the main supervised and self-

supervised learning components are different, their corresponding preference generators share the
same item embeddings and parameters in the GGNNs for item representation learning. Through
the collaborative learning, the two user-preference generators can benefit each other by making
accurate recommendations.

4.2.3 Self-Supervision. Based on the constructed global graph, we derive the supervision sig-
nals from the correlations between sessions via the self-supervised learning. Specifically, given a
session Sτ where the neighbors of Sτ in the global graph is NSτ , session Sτ is more similar to its

neighbor Si ∈ NSτ than an unconnected session S̃i ∈ U \NSτ , where “\” indicates the set subtrac-
tion operation. Based on this intuition, we adopt the contrastive loss, Jensen-Shannon Divergence
(JSD) [21], to maximize the correlations of Sτ with its neighbors NSτ while minimizing that of Sτ
with the unconnected sessionsU \NSτ . Then, the self-supervised loss can be defined as:

Lssl =
M∑

i=1

− logσ ( f (Sτ , Si )) − log(1 − σ ( f (Sτ , S̃i ))), (11)

where Si ∈ NSτ is a neighbor session and S̃i ∈ U \NSτ is a negative session of Sτ , M is the number
of neighbors incorporated for contrasting. For any two sessions Sp and Sq , the function f (· , · ) is
defined as:

f (Sp , Sq ) = zlp
T
zlq , (12)

where zlp and zlq are the respective long-term user preference of Sp and Sq , generated by the long-
term user preference generator.

4.3 Multi-Task Learning

After obtaining the main supervised loss by Equation (9) and the self-supervised loss by
Equation (11), we combine them as the final loss for the joint training as:

L = Lmain + λLssl , (13)

where λ is a trade-off parameter. Finally, we optimize the final loss L using the Back-Propagation
Through Time (BPTT) algorithm [44].

We detail the learning algorithm of CGL in Algorithm 1. Given all sessionsU in the training set,
we first construct the global graph Gд in Step 1. Then, for each session Sτ , on the one hand, we
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ALGORITHM 1: Training process of CGL.

Input: Session setU = {S1, S2, . . . , S |U | };
Epochs: the number of training iterations;

α , λ: the trade-off parameters;

Output: V: the embeddings of items in V ;

ψ : the trainable parameters in CGL;

1: Gд = {Vд ,Eд } ← GlobalGraphConstruct(U );
2: for epoch in range(Epochs) do

3: for Sτ inU do

4: zd = DynamicPreference(Sτ ) based on (1) and (4);

5: yp = Prediction(zd ,V) based on (6);

6: ysof t = SimilarityLayer(ytar ,V) based on (7);

7: yc = Combine(ysof t ,yhard ,α ) based on (8);

8: Lmain = KLD(yc ,yp ) based on (9);

9: Si , S̃i = Sample(Gд , Sτ );
10: zlτ , z

l
i , z̃

l
i = Long-termPreference(Sτ , Si , S̃i ) based on (1) and (10);

11: Lssl = JSD(zlτ , z
l
i , z̃

l
i ) based on (11);

12: Optimize joint learning loss: L = Lmain + λLssl ;
13: end for

14: use back-propagation to optimize the parameters;

15: end for

16: return V andψ .

first obtain the dynamic user preference and make predictions in Steps 4 and 5, then we generate
the soft labels in Step 6, which are combined with the hard label as the final label distribution in
Step 7. We utilize the KL divergence as the supervised loss in Step 8. On the other hand, we sample
the neighbor and negative sample of Sτ from the global graph in Step 9. After that, the long-term
interests are obtained in Step 10, and the JS divergence is adopted as the self-supervised loss in Step
11. Finally, we obtain the joint learning loss in Step 12 and use the back-propagation to optimize
the model parameters.

5 EXPERIMENTS

5.1 Research Questions

We validate the effectiveness of CGL by addressing the following research questions:

(RQ1) Can CGL achieve better performance than the state-of-the-art methods for the session-
based recommendation task?

(RQ2) How is the contribution of each component in CGL?
(RQ3) Can other item representation methods work well as the graph neural networks in CGL?
(RQ4) How is the model performance on sessions of different lengths?
(RQ5) How is the impact of the key hyper-parameters on the performance of CGL?

5.2 Datasets and Evaluation Metrics

We evaluate the performance of CGL and the baselines on three publicly available datasets, includ-
ing two e-commerce datasets, i.e., Retailrocket and Diginetica, and a check-in dataset Gowalla,
which are all widely used in session-based recommendation [3, 5, 16, 33, 41, 69]. Retailrocket2 is

2https://www.kaggle.com/retailrocket/ecommerce-dataset.
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Table 2. Dataset Statistics

Statistics Retailrocket Diginetica Gowalla

# actions 337,771 1,177,742 696,273
# items 22,144 29,129 56,294
# training sessions 58,804 181,398 130,910
# validation sessions 7,407 21,206 16,754
# test sessions 14,961 37,943 29,234
Average session length 4.16 4.90 3.94
Average action per item 15.23 40.43 12.37

Fig. 3. Distribution of sessions with various lengths in the training set of three datasets.

created from a personalized e-commerce company with user activities in 6 months. Here we only
use the click data. Diginetica3 comes from the CIKM Cup 2016. Following [5, 36, 64], we adopt
the transaction data. Gowalla4 is collected from February 2009 to October 2010 from a location-
based social networking website. For Retailrocket, Diginetica, and Gowalla, we adopt the respec-
tive clicks, transactions and check-ins in the last month for experiments. Following [5, 41, 62],
user’s clicks in Retailrocket, transactions in Diginetica, and check-ins in Gowalla in 24 hours are
defined as a session. Moreover, items appearing less than three times are removed, and sessions
containing less than two interactions are filtered out [41]. We split the sessions according to the
chronological order for training, validation, and test by the proportions of 70%, 10%, and 20%, re-
spectively. The statistics of the three datasets after preprocessing are provided in Table 2. Moreover,
we plot the distribution of sessions with different lengths in three datasets in Figure 3, where we
can observe that the majority of sessions in all three datasets merely contain a few items.
Following [28, 36, 64], Recall@N and MRR@N are adopted as the metrics for evaluating the

recommendation performance.

5.3 Model Summary

To examine the performance of our proposal, three groups of 14 state-of-the-art baselines are
compared against CGL. (1) Four traditional methods, i.e., Item-KNN [10], FPMC [43], S-KNN [2],
and VS-KNN [32]; (2) Four RNN or attention-based methods, i.e., GRU4REC [20], NARM [28],
STAMP [31] and CSRM [57] as well as a simple neural method EMDE [9] relying on the fully
connected layer; and (3) Five GNN based methods, i.e., SR-GNN [64], TAGNN [71], GCE-GNN [62],
SGNN-HN [36] and S2-DHCN [66].

3http://cikm2016.cs.iupui.edu/cikm-cup.
4https://snap.stanford.edu/data/loc-Gowalla.html.
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• Item-KNN recommends candidates similar to the last item in the session by relying on the
cosine similarity between the binary vector of every two items.
• FPMC is a hybrid method for item recommendation where the Markov Chains are used to
model the sequential signal between items.
• S-KNN compares the entire current session with the past sessions in the training data to
find the neighbor sessions for determining the recommendations.
• VS-KNN extends S-KNN by emphasizing the recent items in each session using a linear
decay function when computing the similarity between two sessions.
• GRU4REC applies the Gated Recurrent Unit (GRU) for the sequential behavior modeling.
• NARM emphasizes user’s main intent by enhancing GRU4REC with an attention mecha-
nism.
• STAMP is an attention-based recommender which utilizes the attention mechanism and
memory networks [50, 63] for dynamic user preference modeling.
• CSRM proposes to utilize the memory networks [50, 63] for introducing the neighbor ses-
sions, which are used to enhance the current session modeling for helping to detect the user
intent.
• EMDE adopts a feed-forward fully connected layer to detect user’s interest by modeling the
item representations generated by a Density-dependent Locality-Sensitive Hashing (DLSH)
method.
• SR-GNN utilizes the gated graph neural networks to model the session and generates the
session representation using an attentive aggregation.
• TAGNN enhances SR-GNN by introducing a target-aware attention network to help gener-
ate the user preference adaptive to different candidate items.
• GCE-GNNmodels the current session using the graph attention networks, enhanced by the
global-level item representation learning on the global graph.
• SGNN-HN explores the long-distance information in information propagation by the
star graph neural networks and prevents the overfitting problem using the highway net-
works [49].
• S2-DHCN proposes a dual channel hypergraph convolutional network for modeling the
pairwise item transitions and utilizes the self-supervised learning to enhance the session
representation.

All models including our proposals are listed in Table 3.

5.4 Experimental Setup

Following [62, 64], both the batch size and the embedding dimension are set to 100. The Adam
optimizer is adopted to optimize the model, where the learning rate is initialized as 10−3 and de-
cays by 0.1 for every 3 epochs. We implement the GGNNs with one layer following [64]. Other
hyper-parameters are tuned by a grid search on the validation set, where we search the trade-off
parameters α and λ in {8, 10, 12, 14, 16} and {0.01, 0.05, 0.1, 0.2, 0.5}, respectively, and the number
of neighbor sessions M is ranged in {1, 2, 3, 4}. All parameters are initialized using a Gaussian
distribution with a mean of 0 and a standard deviation of 0.1.

6 RESULTS AND DISCUSSION

6.1 Overall Performance

6.1.1 General Comparison. The results of CGL as well as the baselines on three datasets are
presented in Table 4. In general, we find that the neural methods achieve better performance than
the traditional methods in most cases. For the traditional methods, FPMC generally outperforms
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Table 3. An Overview of Models Discussed in this Article

Model Description Source Collaborative
Item-KNN An item-item model relying on the cosine similarity to recommend

candidates similar to user’s last interacted item.
[10] ×

FPMC A Markov Chains based hybrid method for item recommendation. [43] ×
S-KNN A session-based nearest-neighbor method which recommends items

based on the neighbor sessions detected by a session-level similarity.
[2]

√

VS-KNN An extension of S-KNN which emphasizes the recent items in each
session when detecting the neighbor sessions.

[32]
√

GRU4REC An RNN-based method which utilizes GRUs to capture the
sequential signal between items in the session.

[20] ×
NARM An attention based method which emphasizes user’s main purpose

using an attention mechanism based on GRU4REC.
[28] ×

STAMP An attention based method which distinguishes the item
importance using the attention mechanism and memory networks.

[31] ×
CSRM A collaborative RNN based model which incorporates the neighbor

sessions as auxiliary information for enriching the current session
representation.

[57]
√

EMDE A neural method encoding items by the Density-dependent
Locality-Sensitive Hashing and modeling the user interest by a fully
connected layer.

[9] ×

SR-GNN A GNN-based method which applies the gated graph neural
networks for generating the item representations.

[64] ×
TAGNN A GNN-based method enhancing SR-GNN by a target-aware

attention to generate adaptive preference for different candidates.
[71] ×

GCE-GNN A collaborative GNN-based method which enhances the
representation of items in the current session by the global graph.

[62]
√

SGNN-HN A GNN-based method which extends SR-GNN by propagating
long-distance information and preventing the overfitting problem.

[36] ×

S2-DHCN A collaborative GNN-based method which models the item-level
and session-level relations using the hypergraph and line graph,
respectively.

[66]
√

CGL The CGL model which exploits the correlations between different
sessions using self-supervised learning and designs a target-aware
label confusion method for preventing overfitting.

This
article

√

CGLw/o[SSL] A CGL model which removes the self-supervised learning
component.

This
article

×
CGLw/o[T LC] A CGL model which removes the label confusion learning module. This

article

√

CGLLS A CGL model replacing the label confusion with the label
smoothing.

This
article

√

CSATL A CGL model replacing the GGNN with the self-attention
mechanism.

This
article

√

CRNNL A CGL model replacing the GGNN with the recurrent neural
networks.

This
article

√

CGLw/o[d] A CGL model which merely models user’s long-term preference in
the main supervised learning.

This
article

√

Item-KNN on Retailrocket and Diginetica while the phenomenon is different on Gowalla. This
may be due to the fact that the sequential information is more important in the e-commerce set-
ting, while the similarity between items has relatively more influence on the check-in dataset, i.e.,
Gowalla. Moreover, by detecting the neighbor sessions to determine recommendations, S-KNN and
VS-KNN show competitive performance, which both obviously outperform Item-KNN and FPMC.

Then, the attention-based methods, e.g., NARM and STAMP, as well as EMDE, can all out-
perform the purely RNN-based method, i.e., GRU4REC. Moreover, by introducing the neighbor
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Table 4. Model Performance

Method
Retailrocket Diginetica Gowalla

Recall@20 MRR@20 Recall@20 MRR@20 Recall@20 MRR@20

Item-KNN 16.12 7.56 17.34 6.89 3.99 1.32
FPMC 17.12 8.56 17.92 7.14 3.85 1.26
S-KNN 39.04 26.42 44.11 17.35 5.27 2.33
VS-KNN 38.11 26.88 43.04 17.38 5.08 2.37

GRU4REC 28.21 16.43 45.49 16.03 5.74 2.24
NARM 41.80 27.38 47.08 16.88 7.40 2.93
STAMP 36.57 23.26 48.77 18.17 7.36 3.05
CSRM 43.13 26.00 47.91 16.21 8.01 3.31
EMDE 41.13 26.06 48.02 17.39 7.15 3.14

SR-GNN 44.96 28.61 49.92 18.10 8.34 3.58
TAGNN 44.43 28.59 50.53 18.24 9.24 3.63
GCE-GNN 36.38 21.50 49.69 17.29 8.33 3.31
SGNN-HN 45.06 29.09 51.28 18.36 9.74 3.90
S2-DHCN 44.51 27.33 50.90 17.42 9.15 3.05

CGL 47.86� 29.47� 52.15� 18.67� 12.14� 4.99�

The underlined and boldfaced results in each column denote the best baseline and the best performer, respectively. The

superscript � indicates the improvement of CGL over the best baseline is significant with p-value < 0.01.

sessions on the basis of NARM, CSRM generally outperforms NARM on three datasets. However,
CSRM underperforms NARM in terms of MRR@20 on Retailrocket and Diginetica, which may
be due to that the unrelated neighbors are easily incorporated. Besides, the GNN-based methods
generally work better than the RNN and attention based models, which verifies the effectiveness
of GNNs in modeling the complex item transitions in the session. Furthermore, zooming on the
GNN-based methods, GCE-GNN and S2-DHCN present unsatisfactory performance, especially on
the Retailrocket dataset, which is attributed to the fact that they easily introduce unrelated items as
neighbors in the information propagation when exploring the cross-session information between
items. By propagating long-distance information in GNNs and alleviating the overfitting prob-
lem, SGNN-HN performs best among the baselines. Thus, in the following experiments, we take
SGNN-HN as well as the collaborative neural baselines including CSRM, GCE-GNN and S2-DHCN
for further comparisons.
For CGL, as shown in Table 4, we can observe that CGL can beat the baselines in terms of

Recall@20 and MRR@20 on all three datasets. The improvements of CGL over the best baseline
SGNN-HN on Retailrocket are 6.21% and 1.31% in terms of Recall@20 and MRR@20, respectively,
and the corresponding improvements are 1.44% and 1.69% on the Diginetica dataset. While on
Gowalla, CGL outperforms SGNN-HN in terms of Recall@20 and MRR@20 by 24.64% and 27.95%.
The improvements can be explained by two facts: As the correlations between sessions are taken
into consideration to derive the self-supervision signals for helping the learning of item representa-
tions, CGL can generate more accurate recommendations than baselines; In addition, by adopting
the target-aware label confusion strategy, the overfitting problem can be effectively alleviated. It is
also observed that the improvements of CGL over the best baseline model in terms of both metrics
are more significant on Gowalla than those on Retailrocket and Diginetica. This indicates that CGL
shows relatively more effectiveness when applied to the check-in scenario by solving the problems
of lacking supervision signals and overfitting.
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Table 5. Model Performance in Terms of Recall@N and MRR@N with N = 5 and 10

N Method
Retailrocket Diginetica Gowalla

Recall@N MRR@N Recall@N MRR@N Recall@N MRR@N

5

CSRM 33.91 25.03 24.77 13.92 4.74 2.99
GCE-GNN 28.57 20.69 26.43 14.96 5.02 2.99
SGNN-HN 36.37 28.33 28.11 16.08 5.92 3.52
S2-DHCN 35.31 26.38 26.52 15.00 4.72 2.61
CGL 38.31� 28.49� 28.55� 16.32� 7.49� 4.52�

10

CSRM 38.92 25.71 35.69 15.36 6.29 3.19
GCE-GNN 32.70 21.24 37.69 16.46 6.51 3.19
SGNN-HN 40.92 28.88 39.23 17.54 7.79 3.77
S2-DHCN 40.01 27.02 38.00 16.52 6.80 2.89
CGL 43.20� 29.14� 39.87� 17.82� 9.84� 4.83�

The underlined and boldfaced results in each column when N = 5 and 10 denote the best baseline and the best performer,

respectively. The superscript � indicates the improvement of CGL over the best baseline is significant with p-value <

0.01.

6.1.2 Recommendation Hits at Top Positions. To prove the superiority of CGL above the base-
lines at top positions, we set the length of the recommendation list (i.e., N) as 5 and 10. Specifically,
we test the performance of CGL as well as the competitive baselines, i.e., CSRM, GCE-GNN, SGNN-
HN, and S2-DHCN in terms of Recall@N and MRR@N. The results are presented in Table 5.
From Table 5, we can observe that CGL can consistently achieve the best performance in terms

of Recall@N and MRR@N with N = 5 and 10 on all three datasets. This indicates that our pro-
posal can effectively recommend the target item in recommendation lists with different lengths.
Moreover, on the Retailrocket dataset, CGL outperforms the best baseline SGNN-HN by 5.33%,
5.57%, and 6.21% in terms of Recall@N with N = 5, 10, and 20, respectively, while the respective
improvements in terms of MRR@N with N = 5, 10, and 20 are 0.56%, 0.90%, and 1.31%. It should
be noticed that with the number of recommendations increasing, the improvement rate of CGL
above the baselines increases. A similar phenomenon can be observed on the Diginetica dataset.
This could be explained by the fact that in the e-commerce scenario, the user intent tends to be
diversified [8], which makes it difficult for CGL to rank the target item at the top of the recommen-
dation list. However, on the Gowalla dataset, CGL improves the performance against SGNN-HN
by 26.52%, 26.32%, and 24.64% in terms of Recall@N with N = 5, 10, and 20, and 28.41%, 28.12%, and
27.95% in terms of MRR@N with N = 5, 10, and 20, respectively. Different from the phenomenon
on Retailrocket and Diginetica, we can see that the improvement of CGL against the best base-
line becomes obvious when the length of the recommendation list increases. We attribute this to
that in the point-of-interest scenario, the user usually focuses on similar check-ins [65], thus CGL
can effectively improve the accuracy of recommending the target item in short lists by accurately
modeling the user preference.

6.2 Ablation Study

To answer RQ2, we conduct an ablation study on three datasets to validate the utility of our pro-
posed two components in CGL, i.e., the self-supervised component and the target-aware label
confusion. Specifically, we compare CGL with its two variants, i.e., CGLw/o[SSL] and CGLw/o[T LC],
corresponding to the CGL model without the self-supervised component and the target-aware
label confusion, respectively. Moreover, to validate the effectiveness of the designed target-aware
label confusion method, we replace the target-aware label confusion with the label smoothing [35]

ACM Transactions on Information Systems, Vol. 40, No. 4, Article 72. Publication date: April 2022.



72:16 Z. Pan et al.

Table 6. Ablation Study

Method
Retailrocket Diginetica Gowalla

Recall@20 MRR@20 Recall@20 MRR@20 Recall@20 MRR@20

CGL 47.86 29.47 52.15 18.67 12.14 4.99

CGLw/o[SSL] 44.76 28.99 51.22 18.57 10.98 4.54
CGLw/o[T LC] 44.16 27.61 49.64 17.92 8.87 3.81
CGLLS 45.47 28.59 50.71 18.56 10.60 4.43

in our proposal, which is denoted as CGLLS .
5 The results of CGL and its three variants are shown

in Table 6. As shown in Table 6, we can see that our proposed CGL outperforms CGLw/o[SSL] and
CGLw/o[T LC] for all cases on three datasets, indicating that either the self-supervised component or
the target-aware label confusion can promote the recommendation performance. Besides, remov-
ing the label confusion component will cause a more serious performance drop than removing
the self-supervised component for all cases on three datasets. This indicates that overfitting is a
common and serious problem in different scenarios that limits the recommendation accuracy.
Next, by comparing CGL to CGLw/o[SSL], it is obvious that after removing the self-supervised

component, the performance drops by 6.48% and 1.63% in terms of Recall@20 and MRR@20 on
Retailrocket, respectively, and the corresponding decrease rates are 1.82% and 0.54% on Diginet-
ica. On the Gowalla dataset, the corresponding drops are 9.56% and 9.02%, respectively, which are
higher than those on Retailrocket and Diginetica. This may be explained by the fact that the aver-
age action number per item in Gowalla is smaller than that in Retailrocket and Diginetica as shown
in Table 2, which indicates that fewer supervision signals for the model to learn good item rep-
resentations can be captured in Gowalla than Retailrocket and Diginetica. However, deriving the
self-supervision signals can indeed help to alleviate the problem and thus generate accurate item
representations as well as accurate recommendations. A similar phenomenon can also be observed
when removing the label confusion learning component. This may be because that the number of
candidate items to be ranked in the item set of three datasets are different. As shown in Table 2, the
number of items in Gowalla is larger than that in Retailrocket and Diginetica, which may easily
lead to over-confident because of the one-hot label distribution used in cross-entropy. Thus, the
overfitting problem is correspondingly more serious on Gowalla than on Retailrocket and Diginet-
ica. By alleviating the overfitting problem with target-aware label confusion, the performance can
be improved more obviously on Gowalla than on Retailrocket and Diginetica.
In addition, by comparing CGLLS to CGLw/o[T LC], label smoothing can also help to improve the

performance, since both the label smoothing and the target-aware label confusion can deal with the
serious overfitting problem in SBR. Moreover, target-aware label confusion is more effective than
the label-smoothing strategy as CGL can significantly outperform CGLLS . This could be explained
by the fact that CGL generates the soft labels based on the similarities of the candidate items with
the target item, which is more effective than label smoothing where the soft labels are generated
uniformly without being well distinguished.

6.3 Analysis on Graph Neural Networks

As for RQ3, to prove the effectiveness of GNNs in our method, we make comparisons from two
aspects: (1) We replace the GGNNs in our proposal with the self-attention mechanism (SAT) and
RNNs, which are denoted as CSATL and CRNNL, respectively, to prove the utility of GNNs for
learning item representations; (2)We replace the dynamic Readout function in themain supervised

5The smoothing hyper-parameter is searched in {0.1, 0.2, 0.3, 0.4, 0.5}.
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Fig. 4. Model performance under the number of recommendations ranging from 2 to 20.

component with the long-term Readout function denoted as CGLw/o[d] to validate the necessity of
modeling user’s dynamic preference in the main supervised component. We plot the performance
of CGL and its variants with various recommendation numbers (ranging from 2 to 20) in Figure 4.
As shown in Figure 4, in general, we can observe that, comparing our proposed CGL to CSATL

and CRNNL, CGL can achieve the best performance for all cases on three datasets. This indicates
that the graph neural networks can accuratelymodel the item transition relationship in the session,
and thus generate accurate item representations. In fact, the self-attention mechanism can also
be regarded as a fully connected GNN where each item propagates information from all items
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in the session [36], which may lead to the overfitting and the over-smoothing problem [5, 36,
70] and harm the performance of CSATL. In addition, for the RNN-based variant CRNNL, we
can observe that its performance is unsatisfactory compared with CGL and CSATL, especially on
Retailrocket. This could be explained by the fact that the behavior pattern in the session is much
more complicated than the sequential order as presented in [36, 40, 62, 64]. In addition, for the
user preference modeling in the self-supervised component, it is not appropriate to incorporate
the sequential information since the similarity of two sessions is generated globally, not specially
related to the interest migration captured by the RNN.
Moreover, by comparing CGL to CGLw/o[d], on all three datasets, we can see that when replac-

ing the dynamic user preference in the main supervised learning with the long-term interest, the
performancewill obviously decrease in terms of bothmetrics, which is consistent with the findings
in Section 6.1 and previous work [31, 36, 64]. Moreover, the impacts on Recall@20 and MRR@20
on the e-commerce datasets are similar, which drops by 17.15% and 15.47% on Retailrocket, re-
spectively; and the corresponding decrease rates are 1.90% and 1.58% on Diginetica. However, it
is quite different on the Gowalla dataset, respectively returning 0.16% and 7.82%, where a higher
improvement is observed in terms of MRR@20. This indicates that in the check-in scenario, cap-
turing user’s dynamic interest by emphasizing the recent interaction can help to push the target
item at an earlier position more effectively than hitting them in the recommendation list. This can
also be validated by the phenomenon that the performance gap between CGL and CGLw/o[d] be-
comes large when the number of recommendations goes down. For example, CGL shows 9.93% and
13.80% improvements over CGLw/o[d] in terms of Recall@2 and MRR@2 on Gowalla, respectively,
while the corresponding improvements are 0.82% and 9.01% in terms of Recall@10 and MRR@10.

6.4 Impact of Session Length

As the majority of sessions are short (see Figure 3), and it is meaningful to investigate the impact
of the session length on the recommendation accuracy, we compare the performance of CGL with
the competitive baselines including CSRM, GCE-GNN, SGNN-HN, and S2-DHCN. Specifically, we
divide the sessions into two groups, i.e., “Short” and “Long”, where sessions containing no more
than 4 items are deemed as “Short” while the others are regarded as “Long” on Retailrocket and
Gowalla, and the threshold is set to 5 on the Diginetica dataset.We adopt such a setting considering
that 4, 5, 4 are the respective closest integers to the average session length in Retailrocket, Digi-
netica, and Gowalla as shown in Table 2. The ratios of sessions in the “Short” and “Long” groups
are 83.90% and 16.10% on Retailrocket, respectively, while 84.13% and 15.87% on Diginetica, and
91.58% and 8.42% on Gowalla. The results are presented in Figure 5.
From Figure 5, we can observe that CGL can achieve the best performance for all cases on three

datasets, indicating the utility of CGL for modeling the user preference on various session lengths.
Moreover, with the session length increasing from “Short” to “Long”, the performance of all models
decreases on Retailrocket and Diginetica while it increases on the Gowalla dataset. This may be
due to that the user intent may be diversified in the e-commerce systems [8]; however, users may
focus on similar places in the check-in scenario. Thus, relatively more items in the session on
Retailrocket and Diginetica may mislead the models to identify user’s current intent, while more
check-ins can help to better capture the user interest on Gowalla.
For the e-commerce datasets Retailrocket and Diginetica, we can see that the GNN-based meth-

ods SGNN-HN and S2-DHCN have a competitive performance. Moreover, on Retailrocket, SGNN-
HN performs better than S2-DHCN in terms of both metrics on the “Short” sessions, while it loses
the competition on the “Long” sessions. This indicates that incorporating collaborative informa-
tion from neighbor sessions is important to capture the intent for users who have relatively more
interactions. In addition, we can observe that when comparing the performance on “Short” and
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Fig. 5. Model performance on short and long sessions.

“Long” sessions, the performance drops of MRR@20 are more obvious than those of Recall@20 for
all models on both Retailrocket and Diginetica. This indicates that, for long sessions, it is harder
to rank the target item earlier than hitting them in the recommendation list.
On the Gowalla dataset, different from that on the e-commerce datasets, we can observe that

the performance of the collaborative method S2-DHCN is unsatisfactory, especially on “Short” ses-
sions. This may be due to that in the check-in setting, bias is easily introduced when incorporating
the collaborative information in S2-DHCN. However, CGL can still show obviously better perfor-
mance than the baselines, which could be explained by the fact that the item representations can
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Fig. 6. Model performance with different α in the target-aware label confusion.

be accurately learned to generate the user preference by introducing the self-supervisions and
preventing the overfitting issue.

6.5 Hyper-Parameter Analysis

In this section, we conduct experiments to examine the impact of the key hyper-parameters on the
performance of CGL, including the trade-off parameters α and λ introduced in the target-aware
label confusion and the multi-task learning, respectively. Moreover, the neighbor number of each
session in the self-supervised component is also taken into consideration. Here, the Retailrocket
and Gowalla datasets are adopted for experiments, which stand for the e-commerce and check-in
recommendation scenarios, respectively.

6.5.1 Impact of the Tradeoff Parameter α . To investigate the impact of the tradeoff parameter
α on the model performance, we tune α in {8, 10, 12, 14, 16} in the proposal CGL and the variant
removing the self-supervised component, i.e., CGLw/o[SSL], to see the impact of α on the recom-
mendation accuracy. We present the results on Retailrocket and Gowalla in Figure 6. As shown in
Figure 6, CGL can outperform CGLw/o[SSL] for most cases on two datasets, indicating the utility
of the self-supervised learning in scenarios with different degrees of overfitting problem.
On the Retailrocket dataset, we can observe that withα increasing, the performance of both CGL

models increases first, achieving a peak performance when α is 10, and then shows a continuous
decreasing trend. This may be due to that small α means that the label distribution relies relatively
less on the one-hot encoding vector of the target item, thus bias may be introduced to hurt the
performance. When α becomes large, the label confusion excessively depends on the hard label,
which may lead to overfitting as similar to the problem in the cross-entropy loss stated in Section 1.
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Fig. 7. Model performance with different λ for incorporating the self-supervised learning.

In fact, the target-aware label distribution will become the one-hot encoding vector of the target
item if α is large enough. A similar phenomenon can be found on the Gowalla dataset. However,
for the CGLw/o[SSL] model, the performance in terms of Recall@20 on Retailrocket is stable when
α varies. This can be explained by the fact that the incorporated self-supervision signals may
aggravate the overfitting problem, thus the target-aware label confusion has a more significant
influence on CGL than on CGLw/o[SSL] for hitting the target item in the recommendation list.

6.5.2 Impact of the Tradeoff Parameter λ. To illustrate the influence of the tradeoff parameter
λ on the recommendation accuracy, we tune λ in {0.01, 0.05, 0.1, 0.2, 0.5} in our proposal CGL and
the variant CGLw/o[T LC] that removes the target-aware label confusion to see how the parameter
λ affect the recommendation performance of the proposal with and without the label confusion
learning. The results on Retailrocket and Gowalla are presented in Figure 7. As shown in Fig-
ure 7, we can see that compared to the variant CGLw/o[T LC], CGL can outperform CGLw/o[T LC]

on various λ, which indicates that the target-aware label confusion can improve the performance
with variousmagnitudes of self-supervision signals derived from the correlations between sessions
incorporated.
Moreover, we can see that on the Retailrocket dataset, with λ increasing, the performance of CGL

in terms of Recall@20 and MRR@20 first increases and then shows a decreasing trend. This is due
to that when λ is small, the incorporated self-supervision signals are not enough to enhance the
item representations, while introducing too much supervision (i.e., large λ) may lead to overfitting
and hurt the performance. Thus, the best performance is achieved with a moderate value of λ at
0.1. However, different from CGL, with λ increasing, the performance of CGLw/o[T LC] in terms
of both metrics fluctuates at the beginning and then increases continuously. The different trends
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Fig. 8. Performance of CGL models with different neighbor numbers incorporated for contrasting in the

self-supervised learning component.

of CGL and CGLw/o[T LC] may be due to that by adopting the target-aware label confusion, the
main supervised component in CGL can already learn accurate item representations, and does not
requiremuch additional supervision signals from the self-supervised component. Thus, a relatively
smaller λ is proper for the collaborative learning. As on the Gowalla dataset, a similar phenomenon
can be observed except that CGL performs best when λ is 0.05 in terms of both metrics.

6.5.3 Impact of the Neighbor Number. We then study the influence of the number of neighbors
incorporated for contrasting (i.e., M) in the self-supervised component. Specifically, we tune the
neighbor number in {1, 2, 3, 4}, where the corresponding CGL models are denoted as CGL-1, CGL-
2, CGL-3, and CGL-4, respectively. We present their corresponding performance across different
training iterations on Retailrocket and Gowalla in Figure 8.
On the Retialrocket dataset, from Figures 8(a) and 8(b), we can see that the peak performance

of CGL-1 can obviously exceed other models, e.g., CGL-4, indicating that increasing the neigh-
bor number will generally decrease the performance of CGL in terms of both Recall@20 and
MRR@20. Interestingly, it should be noticed that at the first iterations, CGLs with large neigh-
bor numbers, e.g., CGL-4, show competitive performance and outperform CGL-1 in terms of both
metrics. However, CGL-1 exceeds other models with the training iteration increasing. This could
be explained by the fact that introducing many neighbors for contrasting in the self-supervised
learning componentmay lead to the supervision redundancy problem, thusmaking themodel over-
fitting. On Gowalla, different from the phenomenon on Retailrocket, from Figures 8(c) and 8(d), we
can observe that with the neighbor number increasing, the performance of CGL models generally
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increases. This indicates that relatively more self-supervisions are required on the Gowalla dataset,
which is consistent with the finding in Section 6.2.

7 CONCLUSIONS AND FUTURE WORK

In this article, we propose a novel method, i.e., Collaborative Graph Learning (CGL), for session-
based recommendation. CGL utilizes the Gated Graph Neural Network (GGNN) to learn the item
representations, and is trained by combining the supervised learning and the self-supervised learn-
ing. In detail, in the main supervised component, we calculate user’s prediction score distribution,
which is contrasted with the label distribution generated by the designed target-aware label confu-
sion for optimizing the parameters. In addition, the self-supervised learning is adopted for deriving
the additional supervision signals from the correlations between different sessions for item rep-
resentation learning, which is combined with the main supervised module via the joint learning.
Extensive experiments conducted on three benchmark datasets demonstrate that CGL can achieve
the state-of-the-art performance in terms of Recall and MRR for the session-based recommenda-
tion task.
As to future work, first, we would like to introduce more supervision signals for enhancing the

item representations, such as considering the global-level item correlations. Moreover, we are in-
terested in adopting the pretraining strategy to accurately estimate the similarity between items
for generating the target-aware label distribution. In addition, we plan to take the multiple be-
haviors [14, 23] in the e-commerce platforms into consideration for distinguishing user’s different
interactions with items, thus helping to detect user’s instant intent for recommendations.
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