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Abstract—Session-based recommendation tries to make use of
anonymous session data to deliver high-quality recommendation
under the condition that user-profiles and the complete historical
behavioral data of a target user are unavailable. Previous works
consider each session individually and try to capture user
interests within a session. Despite their encouraging results, these
models can only perceive intra-session items and cannot draw
upon the massive historical relational information. To solve this
problem, we propose a novel method named G3 SR (Global Graph
Guided Session-based Recommendation). G3 SR decomposes the
session-based recommendation workflow into two steps. First, a
global graph is built upon all session data, from which the global
item representations are learned in an unsupervised manner.
Then, these representations are refined on session graphs under
the graph networks, and a readout function is used to generate
session representations for each session. Extensive experiments
on two real-world benchmark datasets show remarkable and
consistent improvements of the G3 SR method over the state-ofthe-art methods, especially for cold items.
Index Terms—Recommender systems, Session-based recommendation, Graph networks, Unsupervised pre-training, Neural
networks.

I. I NTRODUCTION

W

ITH the population of the Internet and rich internet
services, recommender systems have become a widely
used fundamental technique [1]. On the one hand, recommender systems help users alleviate information overload
problems by finding the information they need rapidly and accurately, which significantly improves the user experience. On
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the other hand, high quality recommendation can lead to more
desirable services and therefore facilitate greater retention of
users. Traditional recommender systems provide personalized
recommendations based on users’ historical behaviors [2]–[4].
However, users’ identities may be unknown in some scenarios,
i.e., unregistered users may want to experience the provided
services to decide whether or not to use it, while some users
may refuse to log in for privacy concerns. In such situations,
it is still important to provide accurate recommendations, but
the system can only observe the current session instead of
adequate historical user-item interactions. This is the so-called
session-based recommendation that has drawn an increasing
amount of attention in the field of recommender systems in
recent years.
Early efforts have been made in studying sequential recommendation problems such as next-basket prediction with
Markov chains methods [5]–[8]. However, these methods are
based on complete historical user data and have a strong
independence assumption that the user’s next behavior only
relies on the current one, which significantly limits the performance. In 2015, Hidasi et al. first propose the sessionbased recommendation problem and devise a method called
GRU4Rec [9] based on Recurrent Neural Networks (RNNs) to
solve it. Since then, RNNs have become a popular choice for
solving session-based recommendation and offer remarkable
results. For example, Li et al. propose the Neural Attentive
Recommendation Machine (NARM) [10], a model that tries
to capture sequential behavioral features as well as users’
main purposes by using a two-way RNN model architecture.
Short-term Attention/Memory Priority Model (STAMP) [11]
replaces RNNs with Multilayer Perceptron (MLP) enhanced
by the attention mechanism, which achieves impressive results.
More recently, Wu et al. propose SR-GNN [12] which is able
to capture higher-order item transitions by introducing Graph
Neural Networks (GNN).
Despite their promising results, all the above methods and
models are trained on session graphs which only model intrasession item-to-item relations, and fail to make full use of
global information. Figure 1 shows a simple example of
session graphs and the global graph built on the same session
data. In this example, sessions are denoted as s(i) and items
are denoted as vj . Based on the given session sequences, three
session graphs and one global graph are built, where an edge
vi → vj is added to the graph if vi and vj are observed
to occur consecutively. The existing methods try to capture
information based on session graphs. Although session graphs
can reflect part of the complex item-to-item transitions, the
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Fig. 1. An example of session graphs and a global graph built on the same
session data.

global information implied in the global graph can be very
useful. For example, if the system is requested to recommend
an item for session s(2) , v2 is a reasonable choice since the
user hasn’t viewed it yet and it often appears along with v1
and v3 . Explicit relations v1 → v2 and v3 → v2 can be
observed directly in the global graph while the model can
only learn implicit relations from data if it relies solely on
session graphs. Since v2 has never appeared together with v4
and v5 , it may not be recommended in the latter case. Although
intuitively, a model can implicitly learn global information
with a sufficient amount of data, the extremely sparse nature
of the recommendation scenario makes it difficult. In practice,
the problem revealed by the above example is ubiquitous since
short sessions dominate the data set. Instead of striving to learn
global information from tens of thousands of short sessions,
constructing a global graph to aggregate the information implied in the overall data is a promising solution. Still, learning
directly from the global graph is highly challenging since
it introduces additional relational information together with
noises that are irrelevant to the current session and this can
severely downgrade the performance as shown in [12].
Besides, items in a session graph should contribute differently to the session representation since user’s interest drifts
with time. Previous works [10], [11] have revealed that not
all items in the current session are relevant to the next click
and the last few items are usually the most crucial ones.
The majority of the existing methods adopt the attention
mechanism to learn importance weights for different items in
the current session. Although these methods have achieved fascinating results, the attention mechanism is purely data-driven
and computationally expensive. We believe that incorporating
human knowledge (“prior”) is at least equally important as
learning from the data. In particular, an empirically effective
prior for session-based recommendations is that the more
recently clicked items are of higher significance.
To tackle the above problems, we propose a novel method
named Global Graph Guided Session-based Recommendation
(G3 SR). Inspired by the recent progress of pre-training [13]–
[15], we introduce an unsupervised pre-training process to
learn global item-to-item relations. First, the global graph is
constructed on all session data. Second, graph embedding
techniques are applied to learn the global representation for
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each item. We then use a graph network to refine these
item representations based on session graphs. Unlike previous
works, we devise a parameter-free graph readout mechanism
to obtain the final session representation.
The main contributions of this paper are as follows.
• We introduce an unsupervised pre-training process to
extract global item-to-item relational information. On the
one hand, it provides richer semantic item representations for the downstream session-based recommendation
task. On the other hand, it improves performance while
reducing the amount of data required for the supervised
training process. It offers a new perspective to solve the
session-based recommendation problem.
• We propose a parameter-free readout mechanism which
uses the exponential decaying strategy to aggregate item
representations into a session representation. This mechanism is highly competitive with the attention mechanism
that is widely used in previous works, which sheds light
on potential problems in current mainstream attentionbased methods and calls for improved scientific practices.
• Extensive experiments have been conducted on real-world
datasets to demonstrate the effectiveness of G3 SR. We
also conduct abundant ablation studies and sensitivity
analyses which provide practical insights into the nature
of the session-based recommendation problem. Our experimental results also show that the proposed method
outperforms the state-of-the-art methods on cold items.
The rest of this paper is organized as follows. We first
review some related literatures in Section II. Then we describe
the proposed method in Section III. Experiment results and
analysis are demonstrated in Section IV. Finally, we conclude
the paper in Section V.
II. R ELATED W ORK
In this section, we first review traditional methods for
session-based recommendation, in comparison with deep
learning-based methods. We then introduce the pre-training
technique and finish this section by discussing the difference
between the proposed method and previous methods.
Traditional methods. For the general recommendation
problem, Matrix Factorization (MF) [16]–[19] is one of the
most popular solutions. MF aims to decompose the useritem rating matrix and assumes that users and items can,
therefore, be mapped into a common latent space where they
can be directly compared. This method doesn’t fit the sessionbased recommendation problem well since session data are
anonymous and the rating matrix can be extremely sparse
if we treat each session as a user. Item-based Collaborative
Filtering (IBCF) [20]–[22] is an alternative since it only relies
on item similarities which can be calculated based on the cooccurrence in the session data. However, IBCF fails to capture
the sequential relations because it recommends the next item
merely based on the last one.
To model sequential data, some Markov chains (MC) based
methods have been developed [5], [6], [23]. Shani et al. use
Markov Decision Processes (MDPs) to solve the problem [5],
which can generate recommendations based on the learned
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transition probability matrix. Rendle et al. propose the Factorizing Personalized Markov Chains model (FPMC) [6] that
combines the power of MF and MC to simultaneously model
users’ general interests and sequential behaviour patterns.
Nevertheless, these methods suffer a huge drawback that the
assumption on conditional independence is too strong.
Deep learning-based methods. With the rise of deep learning, an increasing number of research works begin to use deep
learning techniques to solve recommendation problems [24]–
[26]. Hidasi et al. first define the session-based recommendation problem which aims to recommend the next item based
on an anonymous session and they propose the GRU4Rec
model [9] based on recurrent neural networks. Based on
GRU4Rec, Tan et al. further enhance the performance by
employing a few useful techniques such as data augmentation
and knowledge distillation [27]. To better manage sequential
behaviours and user’s main purpose simultaneously, Li et
al. propose NARM [10], which uses the encoder-decoder
architecture enhanced by the attention mechanism. Later, Liu
et al. propose STAMP [11] based on simple MLP network,
which is capable of capturing users’ long-term interests as
well as their short-term attention.
As graph neural networks have achieved success in many
different tasks, they have also been used in solving different
recommendation problems [28]–[31]. Wu et al. first employ
graph neural networks to solve the session-based recommendation problem. They propose SR-GNN [12] which models
session sequences as graph-structured data and use a graph
neural network to capture complex item transitions. Xu et al.
further propose a graph contextualized self-attention model
(GC-SAN) [32], which enhances the graph neural network
with a self-attention readout module. Qiu et al. improve the
graph neural network by considering the inherent order of item
transitions, where a weight graph attention network is used
to learn item embeddings for each item in a session [33].
More recently, there are two contemporary research works
that also study the usage of global information [34], [35]. Qiu
et al. propose the Full Graph Neural Network (FGNN) [34]
along with a concept named Broadly Connected Session (BCS)
graph which falls in between the session graph and the
global graph. They use a Weighted Graph Attention Network
(WGAT) to learn on this BCS graph rather than the session
graph. Wang et al. propose the Global Context Enhanced
Graph Neural Networks (GCE-GNN) [35] which decomposes
the representation learning process into two pathways. One is
done on the session graph and the other one is done on the
global graph. The representations are then added together and
further enhanced by combining positional information. Note
that these works are orthogonal to our research, since they both
focus on designing more sophisticated model architectures and
attention methods to implement an end-to-end recommendation algorithm, while we introduce a pre-training process and
strive to use it to simplify the downstream recommendation
problem.
Pre-training. In general, most of the supervised tasks in
Computer Vision (CV), Natural Language Processing (NLP)
and Speech Recognition (SR) require huge amounts of labelled
data to learn state-of-the-art models, but obtaining such data
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can be extremely expensive and sometimes impossible. Thus,
pre-training [13]–[15] has appeared as an important and effective technique in recent years because representations learned
with available substantial amounts of labelled or unlabeled
data can benefit various downstream tasks where only limited
amounts of data are available. For example, in NLP, pretrained language models [36], [37] have made significant
breakthroughs in the past few years in text classification [38],
machine translation [39], etc. While the target of pre-training
and fine-tuning may be completely different, it allows to
make better use of available data in terms of learning useful
representations. Besides, unsupervised pre-training is empirically proved to have better generalization and serves as a
regularization method [40]. More recently, pre-training graph
neural networks [41] is proposed to improve performance on
tasks operated on graph-structured data.
Although an increasing amount of research focuses on the
session-based recommendation problem, unlike previous studies, we take the global item-to-item relations into consideration
and explore how it can further improve the performance as
well as reduce the amount of data required in the training
process. We achieve this goal by introducing an unsupervised
pre-training process to learn initialized representations for
each item. Besides, we also investigate the readout function
for the graph network. Our results point out that parameterfree methods can achieve highly competitive performance
compared with data-driven attention-based methods.
III. T HE P ROPOSED M ETHOD
A. Problem Formulation
A session-based recommender system aims to provide attractive recommendations for anonymous users given current
sessions. As a result, it requires the model to accurately capture
users’ interests by making use of short sessions instead of their
complete historical interaction records.
Suppose there are m items and n sessions in total. Let I =
{v1 , v2 , · · · , vm } and D = {s(1) , s(2) , · · · , s(n) } denote the
item set and the anonymous session data respectively with s(i)
representing the i-th session. Each session s(i) is an ordered
(i)
(i) (i)
(i)
sequence [v1 , v2 , · · · , v|s(i) | ], where vj ∈ I is the j-th
clicked item of the i-th session. Our goal is to predict the
(i)
next item v|s(i) |+1 for any session s(i) .
B. The Unsupervised Pre-training Process
Previous studies ignore global item information and focus
on intra-session learning. Here we introduce an unsupervised
pre-training process to learn such global information and argue
that they are beneficial to the subsequent recommendation process. We start by constructing the global graph and generating
random walks. The item representations are then learnt by
maximizing the probability of predicting contextual items.
1) Constructing the global graph: The global graph G =
(V, E, W) is constructed based upon all session data (denoted
as D). In this case, the node set V is equivalent to the full
item set I, E denotes all the edges in G, and W denotes the
weight matrix of each node pair. If two items vi and vj are
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observed to occur consecutively in D, they are linked together
with a directed edge ei,j and the weight of this edge is the
corresponding co-occurence frequency in D. For example, in
Fig. 1, v2 and v3 occur consecutively twice (in s(1) and s(3)
respectively), so the weight of e2,3 is 2.
2) Learning item embeddings: With the weighted directed
graph G, we use a weighted version of node2vec [42] to learn
embeddings for different items. The basic assumption behind
it is that adjacent nodes should have similar representations.
To be specific, we first generate a set of random walks on
G according to the weight matrix W. Suppose the previous
transition in the current walk is vi → vs , the transition
probability between the source node vs and any possible target
node vt is defined as
(
α(vi ,vt )Ws,t
P
, vt ∈ N (vs )
j∈N (vs ) α(vi ,vj )Ws,j
(1)
P (vt |vs ) =
0,
otherwise,
where N (vs ) is the set of neighborhood nodes for vs and
α(vi , vj ) is an adjustment factor that corrects the weight Ws,j
between the source node vs and a potential target node vj .
α(vi , vj ) is defined as
 1
 p if di,j = 0 (vj = vi )
1
if di,j = 1 (vj ∈ N (vs ) ∧ vj ∈ N (vi ))
α(vi , vj ) =
 1
if
di,j = 2 (vj ∈ N (vs ) ∧ vj 6∈ N (vi )
q
(2)
where di,j ∈ {0, 1, 2} denotes the distance from vi to vj .
di,j = 0 means the current walk repeats the previous transition
in a reverse way, i.e., vs → vi . di,j = 1 means the current walk
proceeds with a target node within the common neighbors of
vi and vs . And di,j = 2 means the current walk procceeds with
vs ’s neighbor node that is not adjacent to vi . The probabilities
of these three types of transitions are controled by the return
parameter p ∈ R and the in-out parameter q ∈ R. If the return
parameter p is set to a large value (> max(q, 1)), the current
walk would be less likely to return to the previous node vi .
Otherwise, it would encourage the walk to continue with node
vi , i.e., vt = vi . If the in-out parameter q is set to a large value
(q > 1), the current walk would be always biased toward nodes
near the previous node vi and can therefore better exploit
the local structure; otherwise, it would encourage the walk
to explore nodes that are further away from vi . Note that, di,j
must be one of {0, 1, 2}, otherwise the node vj can not be
reached from the source node vs , i.e., vj 6∈ N (vs ).
After collecting a fixed number of walks for each node,
item (node) embeddings are then learned via the Skip-Gram
algorithm which maximizes the probability of observing the
context node of vi given its embedding φ(vi ):
X
max
log Pr({vi−c , · · · , vi+c \vi }|φ(vi )),
(3)
φ

vi ∈V

where c is the size of context window. Using the conditional
independence assumption, this optimization problem can be
reduced to:
max
φ

X

i+c
X

vi ∈V j=i−c,j6=i

log Pr(vj |φ(vi )),

(4)
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where the conditional probability Pr(vj |φ(vi )) is modeled by
a softmax unit that takes the dot product of φ(vj ) and φ(vi )
as input:
exp(φ(vj )T φ(vi ))
T
vk ∈V exp(φ(vk ) φ(vi ))

Pr(vj |φ(vi )) = P

(5)

Since the denominator of Pr(vj |φ(vi )) is computationally
expensive, the optimization problem (4) is usually solved by
adopting negative sampling. As a result, the final objective
function is
min
φ

X

i+c
X

log σ(φ(vj )T φ(vi ))+

vi ∈V j=i−c,j6=i

X

log σ(−φ(vk )T φ(vi )),

vk ∈S(vi )

(6)

where S(vi ) is a set of negative samples for node vi . Finally,
item embeddings φ(vi ) ∈ Rd are learnt by optimizing problem
(6) with stochastic gradient descent.
Using random walks instead of session sequences to learn
item embeddings has several benefits. First, it assures all
nodes are eligible to be the origin and will generate a fixed
number of sequences, which contributes to learn good semantic representations for cold items and can alleviate the long
tail phenomenon widely existed in recommendation. Some
experiments are reported in Section IV-E to demonstrate the
effect. Second, it explores dependency relations that do not
occurred in session data. Last but not least, by introducing the
return parameter p and the in-out parameter q, we can generate
sequences flexibly according to the properties we want.
C. The Supervised Learning Process
The overall workflow of the supervised learning process
is shown in Fig. 2. A session sequence s(i) is first turned
into a session graph G (i) with nodes’ features initialized by
item embeddings pre-trained in the proposed unsupervised pretraining process. Note that we propose to introduce a taskspecific bias for each item to overcome the gap between the
two processes. We then use a graph network to combine
and update node representations. Last but not least, unlike
other methods, the session representation is aggregated via
an exponential decaying readout function and then used to
calculate the output distribution.
1) Constructing session graphs: Unlike the global graph, a
session graph G (i) = (V (i) , E (i) , W(i) ) is built on a single
session s(i) . The node set V (i) and the edge set E (i) are
defined in the same way as in Section III-B1 but with respect
(i)
(i)
to the session graph s(i) . Note that W(i) = [Wout ; Win ]
(i)
(i)
(i)
(i)
(i)
(i)
where Wout ∈ R|V |×|V | and Win ∈ R|V |×|V | are
the normalized weight matrices for the outgoing edges and
incoming edges respectively. In this way, messages can flow
bi-directionally in the subsequent message passing process,
which is beneficial to enrich the information that a node
receives. An example of W(i) is demonstrated in Fig. 3.
2) Setting up node representations: For each item (node)
v in a session graph G (i) , the representation contains two
parts, i.e., h<0>
= φ(v) + β(v). The first part φ(v) is a fixed
v
vector learned in the unsupervised pre-training process, which
is global-graph-aware and has abundant semantic information.
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The second part β(v) is a learnable vector with random initialization. This vector is referred to as a bias term in this paper
since it biases φ(v) towards an item representation that fits the
downstream session-based recommendation task. We introduce
this term for two reasons. First, transferring the knowledge
obtained from the pre-training process may introduce noises
and hurt the performance of the target task unexpectedly,
which is known as the “negative transfer” phenomenon [43]
in transfer learning. The bias term can learn to offset such
harmful noises. Second, since the global information is not
enough to accurately describe a session, the bias term serves
as a residual term that aims to complement the information
needed to solve a specific recommendation task.
3) Message passing: To combine and update item information, we use a message passing graph network to further
process the session graphs. Specifically, in each step, we use
the Gated Graph Neural Network (GGNN) [44] to update the
representation of each node. From Fig. 2 we can see that
a node receives messages from both of its incoming edges
(red arrows) and outgoing edges (blue arrows) to update itself
during this process. The message that a node v receives at
time step t is defined as
m<t>
= Wv: [h<t−1>
, h<t−1>
, · · · , h<t−1>
]T + b,
v
n
1
2

(7)

where Wv: ∈ R2|V| is the row in W corresponding to node v,
h<t−1>
stands for the representation of node v at the previous
v
time step, and b ∈ R2d is a bias vector. The message m<t>
v
is then used to update node v’s representation in the following

v

z

r

2d×d

v

z

v

r

(8)

v

d×d

where P , P , P ∈ R
, Q ,Q ,Q ∈ R
are learnable
parameter matrices. zv and rv are the update and reset
gates that decide the quantity of information to be saved
or discarded. If we stack T layers of graph networks, the
information will be passed over T time steps and therefore a
node can receive messages sent by its T -hop neighbors. Note
that the above formulas are discussed under a session graph
G (i) . We ignore the superscript (i) to keep them simple and
neat, similarly hereinafter.
4) Readout and make recommendations: Suppose we stack
T layers of graph networks, the message passing process
>
for each node v. As shown
outputs a representation h<T
v
in Fig. 2, the next step is to readout the session graph
G (i) to obtain a single representation for the whole session
sequence s(i) . To reach this goal, previous works such as SRGNN [12] adopt the short-term attention priority mechanism
and some common graph neural networks use permutation
invariant function such as mean and summation [45]. Since
user’s interest drifts along with time, the nature of the sessionbased recommendation problem is highly sensitive to the order
that an item appears. In this paper, we adopt an exponential
decaying strategy to aggregate item (node) representations into
a session representation:
X
>
hs(i) =
wv h<T
, where
v
v∈s(i)

exp(−(|s(i) | − poss(i) (v))/τ )
wv = P
(i)
u∈s(i) exp(−(|s | − poss(i) (u))/τ )

(9)

poss(i) (v) is the position of node v in a session sequence s(i) .
Since |s(i) | is fixed for all items in s(i) , the later items have
larger weights and therefore are more influential on the session
representation hs(i) . The temperature parameter τ is a hyperparameter controlling the degree of attenuation. If τ is set to
a small value, the vast majority of the probability density will
be accumulated on the last few clicks; otherwise, it decays
softly along with time.
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TABLE I
S TATISTICS OF THE DATASETS .
Statistics
# of clicks
# of train sessions
# of test sessions
# of items
Average length

Yoochoose 1/64

Yoochoose 1/4

Diginetica

557,248
369,859
55,898
17,376
5.11

8,326,407
5,917,745
55,898
30,444
4.70

982,961
719,470
60,858
43,097
4.13

TABLE II
D EFAULT VALUES OF HYPER - PARAMETERS FOR node2vec.
Hyper-parameter
embedding size
walk length
# of walks per node
window size
return parameter p
in-out parameter q
# of epochs

Default value
100
80
10
10
0.25
4
5

Finally, we use the session representation hs(i) to predict
(i)
the next item v|s(i) |+1 . Using a fully-connected neural network
layer to compute the prediction can be problematic due to the
gigantic output space for massive number of items. A viable
option is to reuse the initial representation h<0>
for each node
v
v. Specifically, the output distribution ŷ ∈ R|I| is computed
as:
<0>
ŷ = softmax(hT
),
(10)
s(i) h:
∈ R|I|×d denotes the initial representations for
where h<0>
:
all items. The ground-truth item can be converted to a one-hot
vector y ∈ R|I| . Then the model parameters Θ is optimized
by minimizing the categorical cross-entropy:
L(Θ) =

n
X

y(i) log(ŷ(i) ) + (1 − y(i) ) log(1 − ŷ(i) ). (11)

i=1

IV. E XPERIMENTS AND A NALYSIS
In this section, we first describe the experimental setup
including datasets, baselines, and evaluation metrics (Section IV-A). Then, we elaborate the experimental performance
of the proposed G3 SR method compared with other methods.
We start by discussing the comparison results (Section IV-B)
and then verify the effectiveness of G3 SR by performing
detailed ablation studies (Section IV-C). We also conduct
sensitivity analyses of G3 SR under different hyper-parameters
settings (Section IV-D). Last but not least, we provide a case
study on popular items and cold items to further illustrate the
effect of the proposed method (Section IV-E). To make our
results fully reproducible, all the relevant source codes will be
released upon acceptance.
A. Experimental Setup
1) Datasets: Following [10]–[12], we use two publicly
available benchmark datasets to evaluate the proposed method,
i.e., Yoochoose1 and Diginetica2 . Both of them are challenging
1 http://2015.recsyschallenge.com/challege.html
2 http://cikm2016.cs.iupui.edu/cikm-cup
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datasets that contain massive session data. The former comes
from the RecSys Challenge 2015 and the latter comes from
the CIKM Cup 2016. Sessions of length 1 and items that
appear less than 5 times are removed. The data augmentation
technique proposed in [27] is adopted to make better use of
the data. The training/test sets splitting is based on time, i.e.,
the sessions of the last day and the last week are used to
build the test sets for Yoochoose and Diginetica respectively.
Note that, for the Yoochoose dataset, two smaller datasets
are constructed with the most recent fractions 1/64 and 1/4
of session data in previous researches. This is because the
original dataset is too large and directly training on this entire
dataset yields poor results since behavioral patterns and user’s
interests change over time [10]. For both Yoochoose and
Diginetica, the validation set is constructed using the most
recent 10% session data extracted from the training set. The
statistics of datasets are summarized in Table I.
2) Baseline methods: The roadmap of session-based recommendation starts from GRU4REC [9] which first proposes
this problem and uses recurrent neural networks to process
session sequences. NARM [10] and STAMP [11] are two
milestones as they introduce well-designed attention mechanisms into this problem. Most recently, SR-GNN [12] adopts
graph neural networks to model complex transitions between
items and becomes the new state-of-the-art. In this paper, we
further study the use of graph pre-training techniques that
fits the session-based recommendation problem. Therefore, we
consider three types of baseline methods, namely, traditional
methods, e.g. Item-KNN, Bayesian Personalized Ranking
(BPR) [46] and FPMC, deep-learning-based methods, e.g.
GRU4REC, NARM and STAMP, and graph-aware methods,
e.g. SR-GNN, FGNN and GCE-GNN:
• POP and S-POP are two widely used baselines which
recommend items based on item popularity in the training
set and in the current session respectively.
• Item-KNN [20] is an item-to-item collaborative filtering
method, which recommends items similar to the last
clicked item in the current session. Specifically, cosine
similarity is used to measure the similarity.
• BPR [46] is a classical recommendation algorithm which
optimizes the MF model with a pairwise ranking loss
function via stochastic gradient descent.
• FPMC [6] is a sequential prediction method based on
Markov chain, used for next-basket recommendation. In
order to make it work on session-based recommendation,
the user latent representation is ignored when computing
recommendation scores.
• GRU4REC [9] is a deep learning model based on RNN.
It utilizes session-parallel mini-batch training, mini-batch
based output sampling and a well-designed TOP1 loss
function to help the RNN model to fit into the sessionbased recommendation problem.
• NARM [10] is a method which introduces attention
mechanism to capture the user’s main purpose. The main
purpose is then combined with sequential behavioral
feature and used as the final representation to generate
the next item.
• STAMP [11] is a method which utilizes simple MLP
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TABLE III
P ERFORMANCE COMPARISON BETWEEN G3 SR AND BASELINE METHODS OVER THREE BENCHMARK DATASETS
P@20

Yoochoose 1/64
MRR@20

NDCG@20

P@20

Yoochoose 1/4
MRR@20

NDCG@20

P@20

Diginetica
MRR@20

NDCG@20

POP
S-POP
Item-KNN
BPR
FPMC

6.71 (-88.93%)
30.44 (-49.80%)
51.60 (-14.91%)
31.31 (-48.37%)
45.62 (-24.77%)

1.65 (-92.79%)
18.35 (-19.83%)
21.81 (-4.72%)
12.08 (-47.23%)
15.01 (-34.43%)

2.92 (-90.71%)
20.23 (-35.63%)
29.93 (-4.77%)
17.89 (-43.08%)
19.68 (-37.38%)

1.33 (-97.77%)
27.08 (-54.51%)
52.31 (-12.13%)
3.40 (-94.29%)
-

0.30 (-98.67%)
17.75 (-21.46%)
21.70 (-3.98%)
1.57 (-93.05%)
-

0.55 (-98.22%)
19.78 (-36.07%)
29.68 (-4.07%)
2.46 ( -92.05%)
-

0.89 (-96.98%)
21.06 (-28.49%)
35.75 (-21.39%)
5.24 (-82.21%)
26.53 (-9.92%)

0.20 (-97.60%)
13.68 (+64.23%)
11.57 (+38.90%)
1.98 (-76.23%)
6.95 (-16.57%)

0.36 (-97.27%)
14.70 (+11.28%)
17.05 (+29.07%)
3.22 (-75.62%)
11.64 (-11.88%)

GRU4REC
NARM
STAMP
SR-GNN

60.64
68.32 (+12.66%)
68.74 (+13.36%)
70.57 (+16.38%)

22.89
28.63 (+25.08%)
29.67 (+29.62%)
30.94 (+35.17%)

31.43
37.09 (+18.01%)
38.41 (+22.21%)
39.20 (+24.72%)

59.53
69.73 (+17.13%)
70.44 (+18.33%)
71.36 (+19.87%)

22.60
29.23 (+29.34%)
30.00 (+32.74%)
31.89 (+41.11%)

30.94
37.53 (+21.30%)
38.85 (+25.57%)
40.61 (+31.25%)

29.45
49.70 (+68.76%)
45.64 (+54.97%)
50.73 (+72.26%)

8.33
16.17 (+94.11%)
14.32 (+71.91%)
17.59 (+111.16%)

13.21
23.52 (+78.05%)
21.24 (+60.79%)
24.68 (+86.83%)

FGNN
GCE-GNN
G3 SR
* Note that

71.75 (+18.32%)
71.75 (+18.32%)
72.61 (+19.74%)

32.45 (+15.77%)
30.43 (+32.94%)
30.74 (+34.29%)

39.92 (+27.01%)
40.29 (28.19%)

72.48 (+21.75%)
70.48 (+18.39%)
71.62 (+20.31%)

32.71 (+44.73%)
30.24 (+33.81%)
30.68 (+35.75%)

39.43 (+27.44%)
40.02 (29.35%)

51.67 (+75.45%)
54.18 (+83.97%)
54.05 (+83.53%)

18.69 (+124.37%)
19.01 (+128.21%)
18.72 (+124.73%)

26.46 (+100.30%)
26.59 (101.29%)

Method

Yoochoose 1/64 and Yoochoose 1/4 share the same test set. While some methods perform well with more training data by using Yoochoose 1/4, the others work
better on Yoochoose 1/64 since it is less noisy w.r.t. users’ most recent interests. Most importantly, the time cost for training on Yoochoose 1/64 is far less than Yoochoose 1/4,
i.e., 19+ mins/epoch v.s. 4+ hours/epoch. Therefore, for similar performance, the method works well on Yoochoose 1/64 is better.

enhanced by attention mechanism to capture user’s general interest and current interest of the current session
simultaneously.
• SR-GNN [12] is a state-of-the-art method that first introduces GNN to capture complex item transitions. To
generate the next item of the current session, it uses the
same idea as STAMP, i.e., utilizes an attention mechanism
to capture user’s general interest and current interest.
• FGNN [34] and GCE-GNN [35] are two contemporary
approaches that also utilize global information in sessionbased recommendation but in different ways compared
with G3 SR. FGNN extends the session graph to include
global information and GCE-GNN modifies the model
structure to introduce the information learned from the
global graph. Both of these two approaches focus only
on the supervision learning process.
3) Evaluation measures: Following the previous works,
we use three widely adopted evaluation measures to evaluate the performance, namely Precision (P), Mean Reciprocal
Rank (MRR), and Normalized Discounted Cumulative Gain
(NDCG). In particular, these metrics are calculated on the
top-K recommendations. P@K measures the recommendation
accuracy, i.e., whether the ground-truth item shows up among
the top-K results or not. On the other hand, MRR@K and
NDCG@K focus more on ranking quality. When there is
only one ground-truth item (as in our setting), MRR@K
and NDCG@K only differ in the sensitivity concerning the
ranking. Since the ranking score discounts logarithmically in
NDCG, it decreases much slower than in MRR. In this case,
items hit at the back of the recommendation list can still
contribute considerably to the performance.
4) Hyper-parameters: For fair comparison, following the
previous works [10]–[12], we set the embedding size d =
100 for both the unsupervised pre-training process and the
supervised learning process. Model parameters are initialized
using a Gaussian distribution with a mean of 0 and a standard
deviation of 0.1. We use the mini-batch Adam optimizer to
optimize model parameters by setting the initial learning rate
as 1e−3. The default values of hyper-parameters for node2vec
is shown in Table II. We only modify the return parameter p
and the in-out parameter q in the following experiments. Other
hyper-parameters are tuned on the validation set.

B. Comparison Results
To demonstrate the overall performance of the proposed
G3 SR method, we compare it with the eleven baselines described in Section IV-A on three datasets. The experimental
results are presented in Table III and we bold the top-2 results3 .
We also show the improvement w.r.t. the GRU4REC [9]
model for each other method. As we can see from the table,
G3 SR achieves very promising results on all three datasets.
Remark that the test set for Yoochoose 1/64 and Yoochoose
1/4 are the same. In general, a model trained on a larger
amount of data (1/4) performs better than a model trained
on fewer data (1/64), but here we observe an adverse effect.
On the one hand, we notice that using more training data
does not necessarily improve performance since it may also
introduce noisy information and can not reflect user’s recent
interests precisely. On the other hand, G3 SR achieves 72.61
in P@20 with merely 1/64 training data, even higher than the
performance of all other models trained on 1/4 training data,
including the two contemporary approaches FGNN and GCEGNN. This significantly reduces the training time and verifies
the effectiveness of G3 SR for using fewer data to achieve
better results.
Over the traditional recommendation methods, Item-KNN
achieves the best results, even better than the FPMC method
which takes item transition into consideration. This reveals that
the independence assumption widely used in MC-based methods is too strong. As one of the most popular recommendation
methods, BPR works poorly on all three datasets, especially
on Yoochoose 1/4, even worse than the simple S-POP method.
Overall, the experimental results show that traditional methods
fail to fit the session-based recommendation problem since the
identities of users are missing and contextual information are
unconsidered.
Deep-learning-based methods consistently outperform traditional methods, owing to their extraordinary representation
learning ability for sequential data. GRU4REC and NARM use
RNN to learn behavioral patterns in session data and achieve
decent performance. NARM also uses the attention mechanism
to learn user’s general interest which significantly improves
3 Experimental results for different choices of K are reported in Appendix A.
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TABLE IV
D EFAULT SETTINGS FOR ABLATION STUDIES AND SENSITIVITY
ANALYSES .
Factor
readout strategy
pre-train dataset
temperature parameter τ
# of layers T
return parameter p
in-out parameter q

Setting
exponential decaying (Eq. (9))
Yoochoose 1/64 or Diginetica
1.0
1
0.25
4

the performance. STAMP abandons the RNN model and
adopts simple MLP architecture enhanced by a well designed
short-term priority attention mechanism. This frees the model
from calculating the session representation sequentially and
therefore makes better use of the parallel computing ability of
GPUs. Overall, this part of experiments demonstrates that it
is highly important to model the complete session sequence
instead of merely considering the last click. However, both
RNN and MLP fail to capture the complex transitions between
items in session data. This is why they work worse than graphaware methods.
For the graph-aware methods, we can see that they outperform other baselines by a large margin. In particular, G3 SR
outperforms SR-GNN on all three metrics for the Diginetica
dataset. For the Yoochoose dataset, it seems that SR-GNN
performs slightly better on MRR@20 while G3 SR has better
or competitive performance on P@20 and NDCG@20. Compared with the two contemporary approaches that also utilize
global information, namely FGNN and GCE-GNN, G3 SR
achieves competitive results or even performs better, especially
when comparing the results on Yoochoose 1/64 with those on
Yoochoose 1/4. These results further affirms the effectiveness
of the proposed method.
Remark that recommendation is usually decomposed into
two phases in the industrial community [47], i.e., recall and
ranking. The recall phase aims to accurately shortlist candidate
items from the full item set with relatively fewer features.
In contrast, the ranking phase introduces fine-grained features
and refines the ranking quality based on the results provided
by the recall phase. Higher precision is of significance for the
recall phase since it implies the model can accurately recall
candidate items. The proposed G3 SR method deals with the
full item set and achieves a high precision with only the ID
feature, which makes it a good recall model. What’s more, the
pre-trained embeddings can be useful for many downstream
tasks [48], [49].
To validate this experimental result, we perform detailed
ablation studies and sensitivity analyses in Section IV-C and
Section IV-D respectively. Last but not least, in Appendix B,
we study the performance of our method when used with other
model structures, e.g., GC-SAN [32] and GCE-GNN [35].
For clarity, we use the default settings shown in Table IV,
which use the same data volume and model structure as in [12]
to conduct experiments in the following sections and only
modify one of the factors in each experiment.
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TABLE V
T HE PERFORMANCE OF G3 SR WITH DIFFERENT READOUT STRATEGIES .
Method

P@20

Yoochoose 1/64
MRR@20
NDCG@20

P@20

Diginetica
MRR@20
NDCG@20

SR-GNN

70.57

30.94

39.20

50.73

17.59

24.68

G3 SR-last
G3 SR-mean
G3 SR-sum
G3 SR-attn
G3 SR

71.03
67.85
68.55
71.44
71.58

30.53
27.48
28.45
30.83
30.33

39.77
36.62
37.57
40.10
39.71

52.86
51.67
51.99
53.18
53.62

18.45
17.96
17.71
18.71
18.52

26.08
25.40
25.29
26.31
26.30

TABLE VI
T HE PERFORMANCE OF G3 SR AND G3 SR- ATTN WITH DIFFERENT SIZE OF
PRE - TRAINING DATA .
Proportion
1/1
1/2
1/4
1/8
1/16
1/32
1/64

P@20

G3 SR
MRR@20

NDCG@20

P@20

72.51
72.31
72.55
72.43
72.24
72.02
71.58

30.67
30.70
30.73
30.76
30.58
30.60
30.33

40.18
40.21
40.27
40.26
40.10
40.05
39.71

72.20
72.34
72.25
72.16
72.17
71.65
71.44

G3 SR-attn
MRR@20 NDCG@20
31.51
31.50
31.26
31.06
30.93
30.91
30.83

40.76
40.80
40.50
40.42
40.34
40.19
40.10

C. Ablation Studies
1) Performance of different readout mechanisms: Although
we only describe the exponential decaying readout strategy
in Section III-C4, G3 SR can be modified to adopt various
readout strategies such as mean, summation and the widely
used attention mechanism. In this section, we compare the
proposed method with its variants that use different readout
functions:
3
• G SR-last readouts the last click only.
3
• G SR-mean readouts the average of item representations.
3
• G SR-sum readouts the summation of item representations and passes it through a linear layer.
3
• G SR-attn uses the short-term priority attention mechanism [11], [12] to weight item representations.
The experimental result is shown in Table V. First, we can
see that all the four variants achieve competitive results,
confirming the validity of the unsupervised pre-training process. Among these variants, only G3 SR-sum and G3 SR-attn
require additional model parameters. According to the results
of G3 SR-mean and G3 SR-sum, we can see that permutation
invariant readout strategies have the worst results because it
regards all nodes (items) as having equal importance, which
is easily affected by noisy data and violates the nature of the
session-based recommendation problem —– user’s interests
drift along with time. G3 SR-last performs fairly well since
the message passing process has delivered information of other
items to the last clicked item. Overall, we can see that G3 SRattn and G3 SR perform the best with the former wins on the
ranking metrics and the latter wins on precision. This further
affirms the experimental results we observed in Table III.
The reason why SR-GNN performs better in MRR@20 is
that it uses the attention mechanism, which can be easily
equipped to the proposed G3 SR method as well. Note that
the proposed exponential decaying strategy requires neither
additional model parameters nor matrix multiplications but
still beats the attention-based strategy in P@20 which implies
that it captures user’s potential interests more precisely.
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71.58
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Fig. 4. The effect of the temperature parameter τ .
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TABLE VII
T HE EFFECT OF THE PRE - TRAINING PROCESS AND THE TASK - SPECIFIC
BIAS .
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Fig. 5. The effect of the number of layers T .

2) Pre-training on larger datasets: In a real-world situation, companies usually have massive available data though
they tend to use the most recent part in order to keep up with
users’ interests changing in time. The above experiments use
the same size of data in both the unsupervised pre-training
process and the supervised learning process. However, one
of the biggest advantages of the proposed method is that
the pre-training process can make use of more available data
to learn invariant relational information while the model for
downstream task can still be trained on recent data to adapt
to the changes. In this section, we explore the possibility
of using larger datasets for pre-training. Specifically, we use

different proportion of the Yoochoose dataset to pre-train item
embeddings and then train the recommendation model with the
most recent 1/64 of data. The experimental results are shown
in Table VI.
As we can see from the table, the effectiveness of pretraining on larger dataset is obvious. We perform experiments
for both the G3 SR and G3 SR-attn methods and the improvements are consistent. The use of pre-training further pushes
P@20 to a new level for the Yoochoose dataset, i.e., higher
than 72%. It’s clear that G3 SR performs better than G3 SRattn on precision and worse on ranking, again confirming
the observations mentioned above. The best performance for
G3 SR is achieved with 1/4 of data while the counterpart for
G3 SR-attn is 1/2. This is reasonable since G3 SR-attn has
a larger model capacity and can learn importance weights
adaptively. Overall, the experimental results indicate that pretraining on larger datasets is useful but it is unnecessary to
use all available data.
3) Pre-training and task-specific bias learning: As we
describe in Section III-C2, the node representation in a
session graph is constructed by adding a task-specific bias
β(v) to the corresponding item embedding φ(v) learned in
the unsupervised pre-training process. To validate whether
the improvements come from pre-training, task-specific bias
or both, we conduct further experiments that remove these
features and the results are shown in Table VII. Specifically,
G3 SR w/o pre-train uses the same number of parameters but
removes the pre-training process. G3 SR w/o bias removes
the task-specific bias and fine-tunes the item representations
obtained in the unsupervised pre-training process.
From Table VII, we can learn that removing any one of
these two features significantly downgrades the performance.
If we remove the pre-training process, the model fails to
perceive the global graph structure and therefore miss some
key information that is useful for reasoning on session graphs.
If we remove the task-specific bias, the performance drops
dramatically because the goals in the two learning processes
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are essentially different, i.e., the unsupervised pre-training
aims to predict contextual items and the supervised learning
process aims to predict the next item. These experimental
results show that both the pre-training process and the taskspecific bias are of significance in the proposed G3 SR method.
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TABLE VIII
T HE NUMBER OF COLD ITEMS AND POPULAR ITEMS IN DIFFERENT
DATASETS .
Partition
cold items
popular items

Yoochoose

Diginetica

13,336
13,078

16,961
17,280

D. Sensitivity Analyses of Hyper-parameters
1) Temparature parameter τ : In Eq. (9), we use the temperature parameter τ to control the degree of attenuation. With
a small value of τ , the weights are mostly distributed to the
last few clicks. We are interested in how sensitive the proposed
G3 SR method is to the temperature parameter τ .
The experimental results are shown in Fig. 4. Note that,
if we set τ = 0, the weight of the last clicked item goes
to positive infinity. In this case, the exponential decaying
strategy downgrades to G3 SR-last which only readouts the last
click from the session graph. On the contrary, if τ → +∞,
G3 SR downgrades to G3 SR-mean which reads out the average
representation of all items in the session graph. As shown in
the table, the best P@20 is achieved near τ = 1.2 on both
datasets while the observation in MRR@20 shows a slightly
different trend. We see that the performance drops quickly
along with the increase of τ on the Yoochoose 1/64 dataset
while the Diginetica dataset seems to be less sensitive to
the change of τ . According to Eq. (9), the weight for each
position depends on both τ and the session length. Therefore,
the difference in the distribution of session length accounts
for this observation. Specifically, the Yoochoose 1/64 dataset
has longer max length as well as average length than the
Diginetica dataset. To achieve better ranking performance, the
Yoochoose 1/64 dataset requires a smaller τ so that larger
probabilistic density can accumulate on the last few clicks.
Overall, a larger τ leads to more accurate recommendation
since it allows the model to capture more useful contextual
information, but an overlarge τ is inappropriate as it treats
every item equally. Besides, increasing τ may also lead to
worse ranking performance.
2) Number of layers T : Except for the temperature parameter τ , we are also interested in the number of graph
network layers T (the total time steps in the message passing
process). Larger value of T (more time steps) implies that a
node can learn from its higher-order neighbors. Therefore, it
is of significance for large and complex graph structured data.
Figure 5 shows the experimental results for G3 SR and SRGNN with different number of network layers. It is clear that,
with the increase of the number of layers, G3 SR performs
stably with small improvements while the performance of SRGNN drops dramatically in both metrics. Unlike general neural
networks such as MLP, the total number of model parameters
of a graph network does not increase with more layers since
all time steps share the same parameters. As a result, using
more layers does not necessarily incur the notorious overfitting problem. Instead, deep graph networks may easily
fall into the trap of the over-smoothing problem [50], [51]
where node features tend to converge to the same value. The
experimental results verify that the proposed G3 SR method
can alleviate over-smoothing on some level since the fixed

representation φ(v) learned in the pre-training process serves
as an unchangeable part of the node representation during the
message passing process. Note that, although this method is
not exactly the same as the popular techniques used in GNNs
to avoid over-smoothing, e.g., residual connections and multihop methods [51]–[54]. They follow the same principle, i.e.,
maintaining the distinguishing ability of the node representations.
3) Return parameter p and in-out parameter q: The return
parameter p and the in-out parameter q are introduced in
the unsupervised pre-training process to control the learning
of item embeddings. More specifically, as discussed in [42],
p and q control how fast the walk explores and leaves the
neighborhood of a source node. They allow the random
walk procedure to approximately interpolate between BreadthFirst Sampling (BFS) and Depth-First Sampling (DFS) and
therefore affect the contextual nodes in the objective function,
i.e., Eq. (6). Note that, node2vec degenerates to DeepWalk [55]
when p = q = 1, as all the neighborhood nodes are sampled
with equal probability.
The experimental results of different combinations of the
return parameter p and the in-out parameter q are shown
in Fig. 6. We can see that the effects on different datasets
are quite different. Changing p and q doesn’t seem to affect
the performance significantly on the Yoochoose dataset. Both
P@20 and MRR@20 remain level with the increase of p and
the decrease of q. In contrast, an appropriate choice of the
hyper-parameter p and q can improve the performance on
Diginetica. The best P@20 is achieved when p = 2, q = 0.5
and we can observe an upward trend in MRR@20 with the
increase of p and the decrease of q. Such differences can
be attributed to the differences in the distribution of item
popularity as we will discuss in Section IV-E. The distribution
of Yoochoose has a heavy tail, i.e., the vast majority of items
are rarely clicked, which greatly restricts the performance
of explorations (larger p and smaller q). The distribution of
Diginetica, by contrast, is much smoother and therefore can
easily benefit from extra explorations.
E. Case Studies
1) Item popularity: As stated in Section III-B2, we use
random walks instead of session sequences to learn item
embeddings in the unsupervised pre-training process and we
argue that cold items can benefit from this process. In this
section, we conduct experiments to further study the effect of
the proposed method.
We first analyse the distribution of item popularity (the
number of occurrence in the training set) for the Yoochoose
dataset and the Diginetica dataset. As shown in Fig. 7, the long
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Fig. 7. The distributions of item popularity for the Yoochoose dataset and the Diginetica dataset.

TABLE XI
T HE PERFORMANCE ON LONG SESSIONS AND SHORT SESSIONS .

TABLE IX
T HE PERFORMANCE ON COLD ITEMS AND POPULAR ITEMS .
Method

P@20

Yoochoose
MRR@20
NDCG@20

P@20

Diginetica
MRR@20 NDCG@20

Method

P@20

Yoochoose
MRR@20
NDCG@20

cold items
G3 SR
G3 SR-attn
SR-GNN

59.60
59.11
53.81

25.56
25.47
23.21

G3 SR
G3 SR-attn
SR-GNN

86.05
85.95
85.79

40.04
41.09
41.54

33.28
33.10
30.15

12.30
12.43
9.54

17.08
17.21
14.51

G3 SR
G3 SR-attn
SR-GNN

68.08
67.90
66.65

25.46
25.98
25.51

69.76
68.67
66.66

25.22
25.19
25.21

35.28
35.01
34.51

G3 SR
G3 SR-attn
SR-GNN

73.06
72.96
72.19

32.45
32.88
32.77

long sessions
short sessions

35.12
35.49
34.81

51.35
50.70
49.02

16.38
16.29
15.55

24.09
23.87
22.91

54.87
53.94
52.55

19.51
19.39
18.56

27.36
27.07
26.06

short sessions

TABLE X
T HE NUMBER OF LONG SESSIONS AND SHORT SESSIONS IN DIFFERENT
DATASETS .
Partition

Diginetica
MRR@20 NDCG@20

long sessions
34.28
34.36
32.42

popular items
50.79
51.55
51.85

P@20

Yoochoose

Diginetica

16,713
39,185

14,363
46,495

tail phenomenon is observed on both datasets as cold items
dominate the session data. Since the range of item popularity
varies from one dataset to another, we use different scales
for the two datasets to depict the figures. For the Yoochoose
dataset, the item popularity ranges from 1 to 19,805 and over
95% of items occur less than 500 times. In this case, we
refer to items with popularity lower than or equal to 500 as
cold items and items with popularity higher than 5,000 as
popular items. The thresholds for the Diginetica dataset is set
to 50 and 300 respectively, smaller than its counterparts for the
Yoochoose dataset since its distribution of item popularity is
much narrower. About 60% of items in the Diginetica dataset
occur less than 50 times and 20% of items occur between 50
times and 100 times. Overall, we can see that both datasets
obey the long tail distribution and the Diginetica dataset has a
smoother distribution than the Yoochoose dataset. To validate
the effectiveness of the proposed method, we split the test set
according to the item popularity of label items. For example,
the threshold of cold items for Yoochoose is 500. If the label
(i)
item v|s(i) |+1 for session s(i) occurs less than 500 times in the
training set then s(i) is partitioned into cold. The number of
sessions in different partitions is shown in Table VIII.
Table IX shows the comparison results of G3 SR, G3 SR-attn
and SR-GNN on the two datasets in terms of cold items and
popular items. Generally, the proposed methods (both G3 SR
and G3 SR-attn) achieve better results than SR-GNN for cold
items and popular items. This again confirms the effectiveness

41.77
42.06
41.78

of the proposed methods. Furthermore, the proposed method
outperforms SR-GNN in both metrics when recommending
cold items, especially on the Yoochoose dataset where the
long tail phenomenon is much more severe. The underlying
reason is that the random walks used in the unsupervised
pre-training process augment session data for cold items,
which is useful for learning good semantic representations.
Although the proposed methods work well in most cases, we
should also notice the exception on the Yoochoose dataset
when recommending popular items. SR-GNN is competitive
in P@20 and is good at ranking popular items. This reveals
that for datasets that are dominated by cold items, improving
the performance on recommending cold items may sacrifice
the ranking performance on popular items, which also explains
the experimental results shown in Table III. In practice, people
need to strike the balance carefully to improve the overall
performance of the system.
2) Session Length: As shown in Section IV-C1, the simple
exponential decaying readout strategy performs better than the
attention mechanism. Seeing as G3 SR-last works fairly well,
the basic assumption used in [11], [12] is empirically true, i.e.,
the last clicked/viewed item is usually more relevant to the next
item. However, these papers also claim that using the attention
mechanism can significantly improve the recommendation
performance for long sessions, which is not necessarily true
according to our experiments. To get a better understanding
of the performance improvements, we conduct experiments to
further analyse the effect of session length in this section.
Each test set is divided into two subsets according to the
length of each session. Sessions longer than 5 are regarded
as long sessions and the rest are short sessions. The statistics
for the partition is given in Table X. We can see that short
sessions dominate both of the datasets, accounting for up to
70.1% and 76.4% respectively. This is also true in real-world
scenarios [56] since most users are unlikely to spend too much
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time on the website and tend to browse only a few webpages.
Table XI shows the experimental results. First, we can see
that the recommendation performance for short sessions is
consistently better than long sessions, which is true for all
the considered methods. Second, G3 SR performs better than
G3 SR-attn and SR-GNN, and the magnitude of improvements
is similar in both cases, i.e., the exponential decaying strategy is effective for both long sessions and short sessions.
Intuitively, an attention-based method should perform better
on long sessions since it’s more flexible and has a higher
model capacity, but the results show the opposite. Although
the superiority on the Yoochoose dataset is less obvious, it
still proves that a simple non-parametric readout strategy that
fits the nature of the problem has the potential to be a better
choice, especially for its simplicity. Note that we are not
claiming that attention-based readout methods are useless but
aiming to call for reconsidering the necessity and how to use
them to better fit the nature of the problem. According to
the results, we can draw a safe conclusion that, after the
pre-training process and the message passing process, the
information accumulated in the representations of the last few
items is already enough for predicting the next item, which
makes attention-based readout methods less attractive.
V. C ONCLUSION
In this work, we propose a simple but strong baseline
for the session-based recommendation problem called Global
Graph Guided Session-based Recommendation (G3 SR). It
decomposes the problem into two processes, i.e., the unsupervised pre-training process and the supervised learning
process. The remarkable and consistent improvements show
some interesting insights. First, learning global information
through pre-training is of significance for improving the
performance of session-based recommendation, especially for
cold items. Second, pre-training on larger datasets is useful
and has great potential. Although we use a simple node2vec
algorithm to pre-train item embeddings in this paper, better
pre-training techniques are to be explored. Last but not least,
as we discussed in Section IV, the proposed exponential
decaying strategy is simple but highly competitive with the
sophisticated attention mechanism. As a result, it’s promising
to design better representation learning methods and/or readout
functions for session-based recommendation in future works.
A PPENDIX A
A CLOSER LOOK AT THE TOP -K RESULTS
To provide a better understanding of the proposed methods,
we compare SR-GNN, G3 SR-attn and G3 SR on the three
datasets w.r.t. different choices of K and the experimental
results are presented in Table XII. Overall, the results suggest
a similar trend as observed in Table III. The proposed methods
consistently perform better than SR-GNN except for the top-1
cases. The experiments in Section IV-C1 have revealed that
attention-based readout function tends to have better ranking
performance so its strength is gradually shown when we
decrease K, which explains why SR-GNN and G3 SR-attn
perform better for smaller K. In practice, we need to strike the
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TABLE XII
P ERFORMANCE COMPARISON BETWEEN SR-GNN, G3 SR- ATTN AND
3
G SR OVER THREE BENCHMARK DATASETS

Method

Yoochoose 1/64
P@K
MRR@K

Yoochoose 1/4
P@K
MRR@K

Diginetica
P@K
MRR@K

K=1
SR-GNN 17.34
G3 SR-attn 17.00
G3 SR
16.54

17.34
17.00
16.54

18.89
18.22
17.00

18.89
18.22
17.00

9.00
9.41
9.32

9.00
9.41
9.32

29.44
29.04
28.15

27.34
28.89
29.10

15.43
16.26
16.30

31.16
30.76
29.92

38.97
40.37
40.85

16.96
17.77
17.86

31.89
31.88
30.68

50.73
53.18
54.05

17.59
18.71
18.72

K=5
SR-GNN 47.11
G3 SR-attn 48.05
G3 SR
48.38

28.13
28.34
28.16

SR-GNN 59.95
G3 SR-attn 60.99
G3 SR
61.80

29.85
30.08
29.96

SR-GNN 70.57
G3 SR-attn 71.44
G3 SR
72.61

30.94
30.83
30.74

48.09
48.18
47.76
K = 10
60.90
61.02
60.88
K = 20

*

71.36
71.14
71.62

Note that MRR@K is exactly the same with P@K when K = 1, i.e.,
the ranking metric degenerates and only cares about whether the predicted
item is correct or not in this case.
TABLE XIII
P ERFORMANCE COMPARISON WITH DIFFERENT MODEL STRUCTURES

Method

Yoochoose 1/64
P@20
MRR@20

Diginetica
P@20 MRR@20

SR-GNN
G3 SR
GC-SAN
G3 SR+GC-SAN
GCE-GNN
G3 SR+GCE-GNN

70.36
72.61
68.49
71.90
71.75
72.83

50.73
54.05
42.75
52.30
54.18
54.29

30.73
30.83
29.54
30.82
30.43
30.78

17.59
18.72
13.86
18.05
19.01
18.94

balance between precision and ranking performance according
to the specific requirements. For example, a simple model having high precision is in need when recalling candidate items
from all items, but a model with better ranking performance
is preferable to generate the final recommendation list. Seeing
as G3 SR’s high precision and simplicity, it has the potential
to be a good recall model.
A PPENDIX B
C OMPARISON WITH OTHER MODEL STRUCTURES
In this section, we study the performance of our method
when used with other model structures. Specifically, GCSAN [32] and GCE-GNN [35] are considered here. The former
introduces the self-attention mechanism to better exploit intrasession information. The latter is currently the best performing
algorithm, which is written in the same timeframe with our
work and also takes global graph into consideration. These
methods are orthogonal to our research since they focus on
designing better model structures while our method pre-trains
item embeddings on global graph and strives to use it to
simplify the downstream task. Therefore, G3 SR can be flexibly
combined with both GC-SAN and GCE-GNN.
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The results are reported in Table XIII. Note that GCEGNN requires loading the global graph into video memory,
and such information for the Yoochoose dataset is too large to
fit in. Therefore, we make a compromise on the batch size for
experiments on the Yoochoose dataset, decreasing it from 100
to 64. To make fair comparisons, we also rerun the experiments
for SR-GNN and our G3 SR methods so the results reported
here are slightly different from Table III4 . Comparing to
GC-SAN and SR-GNN, the superiority of introducing global
information is obvious. Overall, combining G3 SR leads to the
best results.
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