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ABSTRACT
Session-based recommendation is to predict an anonymous user’s
next action based on the user’s historical actions in the current
session. However, the cold-start problem of limited number of ac-
tions at the beginning of an anonymous session makes it difficult
to model the user’s behavior, i.e., hard to capture the user’s various
and dynamic preferences within the session. This severely affects
the accuracy of session-based recommendation. Although some
existing meta-learning based approaches have alleviated the cold-
start problem by borrowing preferences from other users, they are
still weak in modeling the behavior of the current user. To tackle
the challenge, we propose a novel cluster-based meta-learning
model for session-based recommendation. Specially, we adopt a soft-
clustering method and design a parameter gate to better transfer
shared knowledge across similar sessions and preserve the charac-
teristics of the session itself. Besides, we apply two self-attention
blocks to capture the transition patterns of sessions in both item
and feature aspects. Finally, comprehensive experiments are con-
ducted on two real-world datasets and demonstrate the superior
performance of CBML over existing approaches.
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1 INTRODUCTION
Recommender systems play an important role in providing users
required information in a timely and effective manner. Most exist-
ing recommendation methods assume that user profiles and past
activities are constantly recorded. However, in many scenarios, a
user is usually anonymous and only a few user historical actions
in an ongoing session can be used to predict the user’s next click.
This motivates session-based recommendation, which has become
an important sub-area of recommender systems. Existing solutions
utilize deep neural networks like improved LSTM [13], GRU [2] and
self-attention mechanism [31] to capture user preferences within
sessions. However, since anonymous sessions tend to contain few
interactions, this cold-start problem severely limits the performance
of session-based recommendation.

As a representative few-shot learning method, meta-learning is
proposed in [5] and shows promising results in many cold-start ap-
plications, such as few-shot image classification [7]. Inspired by this,
some recent studies [3, 12] have adopted meta-learning in recom-
mendation tasks for addressing cold-start problems. In thesemodels,
each user is regarded as a learning task. These models first learn
well-generalized global parameters that can reasonably initialize
the parameters of all tasks. When processing each recommendation
to a user [3], local updates are conducted on initialized parame-
ters using the user’s own data to derive personalized parameters,
which represents user-specific preferences and enables meaningful
recommendation. Since meta-learning turns out to be effective in
cold-start scenarios [3, 12, 37], it provides great opportunity for
session-based recommendation. However, in session-based recom-
mendation where each session becomes a learning task, directly
applying existing meta-learning based recommendation methods
would incur inaccuracy due to two limitations discussed below.

First, previous meta-learning based recommendation models
[3, 4, 12, 37] for cold-start problems assume that the same global
parameters are used to guide parameter initialization for all tasks.
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clothes shoes

Figure 1: An example of category relationship between
items.

However, although a globally shared parameter setting may be su-
perior to others in the overall performance, it is unlikely to achieve
better performance for every session. Recently, [3] tries to resolve
this problem by designing memory matrices with users’ historical
actions to guide the model with personalized parameter initializa-
tion. Yet, this method is not suitable for session recommendation
because users are anonymous and there may be only a few inter-
actions in an ongoing session. In fact, although different sessions
are originated from different distributions, the shared knowledge
can be transferred across similar sessions, because similar users’
preferences are also similar, indicating the generalization among
closely correlated sessions. Thus, in order to avoid the impact of
divergence between different sessions and better transfer shared
knowledge across similar sessions, it would be beneficial to divide
sessions into several clusters and learn shared knowledge in each
cluster respectively.

Second, the content-based methods [23, 29], using auxiliary in-
formation, such as labels, comments, etc, are helpful to address
the cold-start problem of recommendation system. Existing meta-
learning methods [3, 12] for cold-start problems, which are pri-
marily for general situations, embed user features without further
considering contents. However, for the severe cold start problem, it
is essential for session recommendation to take auxiliary informa-
tion into consideration. For example, as is shown in Figure 1, after
clicking shirts and trousers (clothes), a user is more likely to click
shoes to see if it fits the chosen clothes, indicating the category
between items is also important for next item prediction. Thus,
meta-learning methods for session-based recommendation should
be extended to model the collaboration sequence of both the feature
layer and the item layer. In this way, sequential patterns of items
and features can be captured simultaneously for next item predic-
tion, such that auxiliary information is utilized more sufficiently to
alleviate the cold-start problem.

To address the above challenges, in this paper, we propose a
cluster-based meta-learning model (CBML) for session based rec-
ommendation, which is the first to adopt meta-learning to address
the cold start problem in session-based recommendation. Specif-
ically, to better share the generalized knowledge among similar
sessions, whose users are similar, instead of being affected by the
divergence between different sessions, we adopt a soft-clustering
method on training sessions to derive clusters, through which each
session obtains a cluster enhanced representation to contain shared
characteristics of the clusters the session belongs to. Then, we uti-
lize a carefully-designed parameter gate to guide the initialization
of the globally shared parameters to each cluster, such that the

initialization can serve for all sessions belonging to the cluster.
Moreover, CBML integrates an item-based self-attention block and
a feature-based self-attention block in meta-learning to capture the
transition patterns of sessions in both item and feature aspects. The
main contributions of this paper are summarized as follows:
• We propose a novel cluster-based meta-learning for session
recommendation, which is the first to deal with the cold start
problem in session recommendation with meta-learning.
• We adopt a soft-clustering method in meta-learning and
design a parameter gate to better transfer shared knowledge
across similar sessions.
• The proposed meta-learning model fully considers content
information to capture more fine-grained sequential intents
of a user, which includes item-level sequence patterns and
feature-level transition patterns.
• We conduct extensive experiments on two real-world datasets
to demonstrate the effectiveness of our method.

The remainder of this paper is organized as follows. We firstly
review the related work in Section 2. Then, we present our problem
in Section 3. Next, in Section 4, we present our proposed method
CBML for addressing user cold-start problems in session-based
recommendation in detail. In Section 5, we compare our model with
the state-of-the-art methods and ablation experiments to confirm
the effectiveness of our model. Finally, in Section 6, we conclude
the general idea of this paper.

2 RELATEDWORK
2.1 Session-based Recommendation
Session-based recommendation selects required information for
users based on anonymous behavior sequences, including implicit
feedbacks instead of explicit preferences. Therefore, the model-
based methods which make use of user profiles cannot be applied
for session-based recommendation.

In this scenario, early works on session-based recommendation
focused on employing item-to-item relations, such as transition
relation and co-occurrence relation. For example, typical Markov
chain-based methods [8, 9] map the recurrent session into a Markov
chain, and then rely on the last element in the session to infer a
user’s next action. [22] captures long-term preferences and short-
term item-item transitions respectively for recommendation by
fusing matrix factorization and first-order Markov chains.

In recent years, many studies utilize deep neural networks like
GRU [2, 27] and attention mechanism [10] to model the sequential
patterns within sessions. More recently, graph neural networks
(GNN) [30, 31, 34] are embedded in the sequential models to further
capture the pairwise item transitions by modeling the session as a
graph structure. What is more, the self-attention method has also
become popular in many areas for sequential patterns, such as nat-
ural language processing [14] and recommendation areas [16, 31].
For example, Xu et al. [31] and Luo et al. [16] utilize multi-head self-
attention methods to capture the item-item transitions and global
dependencies between the whole input sequence without regard to
the distances of items. This can make full use of user’s historical
records to capture user’s preferences for better recommendation.

Although these neural network methods can effectively model
sequential patterns for recommendation, their performances still
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have more room to improve in session scenarios, because there
are just a few historical interactions in one ongoing anonymous
session and content information can also be helpful to capture user
preference.

2.2 Meta-learning for Recommendation
Meta-learning [11], also called learning-to-learn, aims to learn
the general knowledge through several tasks that can rapidly be
adapted to new tasks. It is usually divided into three categories:
memory-based meta-learning method [18, 19, 24], metric-based
meta-learning method [25, 26, 28] and optimization-based meta-
learning method [1, 5, 6].

Recently, meta-learning methods have been applied in many
areas, such as few-shot learning in computer vision [33, 35], and
natural language processing [17, 20]. Inspired by few-shot problem,
some recent studies [3, 4, 12, 15, 37] have adopted meta-learning
methods in recommendation tasks for addressing cold-start prob-
lems. Most existing meta-learning works for recommendation uti-
lize optimization-based strategies. They learn a meta-optimizer that
learns globally shared initial parameters through several tasks so
that these initial parameters can make new tasks quickly adapt
to the model’s best point. For example, [12] globally updates the
whole model to get well-generalized initial parameters for all users
and locally updates the prediction layers to get personalized recom-
mender. [15] utilizes the similar idea of [5] to learn well-generalized
initial parameters by locally and globally updating the whole het-
erogeneous information networks (HINs). [3] tries to embed user
representation into meta-learning to guide the model with person-
alized parameter initialization, which considers user’s personalized
preferences based on [12].

Although existing works try to address the cold-start problem of
general recommendation, which provides great opportunities for
session-based recommendation, they cannot well support session-
based recommendation because of lacking user attributes in anony-
mous sessions which are important for user embedding [3, 12,
15]. To this end, this paper aims to propose a cluster-based meta-
learningmodel, which particularly ensures shared knowledge among
similar sessions, whose users are similar, to be transferred and
design suitable initial parameters for each session to provide an
accurate recommendation.

3 PROBLEM DEFINITION AND
PRELIMINARIES

3.1 Problem Statement
Session-based recommendation aims to predict which item the
anonymous user will click next based on the current session. Here,
in our model, we make 𝑉={𝑣1, 𝑣2, ..., 𝑣 |𝑉 |} denote all the unique
items and also 𝑈={𝑢1, 𝑢2, ..., 𝑢 |𝑈 |} be a set of anonymous sessions.
A session with𝑚 click actions can be denoted as 𝑢𝑖={𝑥1, 𝑥2, ..., 𝑥𝑚}
in chronological order, where 𝑥𝑡 ∈ 𝑉 represents a clicked item at
time step 𝑡 . Each item 𝑣𝑖 has some attributes. We mainly consider
category, brand, and seller in this paper, while other attributes can
be incorporated if needed.

The goal of session-based recommendation is to predict the
next click (i.e., 𝑥𝑚+1) given a session 𝑢𝑖 . Formally, we consider
the recommendation for a session as one task. Given a session

𝑢𝑖={𝑥1, 𝑥2, ..., 𝑥𝑚}, our recommendation model aims to calculate
the probabilities 𝑦={𝑦1, 𝑦2, ..., 𝑦 |𝑉 |} of all candidate items and then
choose 𝑁 candidate items with the highest probabilities for recom-
mendation.

3.2 Meta-learning Setting
Here for the meta-learning setting, we consider one session as one
task and divide the sessions into a training set 𝑇 𝑡𝑟𝑎𝑖𝑛 for meta-
training and a test set 𝑇 𝑡𝑒𝑠𝑡 for meta-testing. For each session
𝑢𝑖={𝑥1, 𝑥2, ..., 𝑥𝑚} ∈ 𝑇 𝑡𝑟𝑎𝑖𝑛∪𝑇 𝑡𝑒𝑠𝑡 , we generate𝑚−2 sub-sequences
({𝑥1}, 𝑥2), ({𝑥1, 𝑥2}, 𝑥3), ..., and ({𝑥1, 𝑥2, ..., 𝑥𝑚−2}, 𝑥𝑚−1) forming
a support set 𝐷𝑡𝑟𝑎𝑖𝑛𝑢 , and take the original sequence {𝑥1, 𝑥2, ..., 𝑥𝑚}
as a singleton query set 𝐷𝑡𝑒𝑠𝑡𝑢 . The support set and query set are
used to update model parameters locally and globally, which are
detailed in Section 4.2.

4 APPROACH
4.1 Overview
In this section, we will detail our proposed method a cluster-based
meta-learning model for session-based recommendation (CBML)
in Figure 2(a). First, we will introduce a base model IF-SAN for the
session-based recommendation, which integrates an item-based
self-attention block and a feature-based self-attention block to cap-
ture the transition patterns of sessions in both item aspects and
feature aspects for more fine-grained sequential intents of a user.
Then, we will present the details of the designed meta-learning
framework of CBML model to learn the suitable initial parameters
for each session to address the problem of user cold-start. Themodel
CBML considers the situation that different sessions require differ-
ent initial parameters for better recommendation on the basis of
the traditional optimization-based meta-learning method [1, 5, 6].

4.2 Session-based Recommender
For session-based recommendation, the state-of-the-art models
[30, 31, 34] can be directly applied as a base model for meta-learning
framework. However, they consider sequential patterns between
items only, ignoring the sequential patterns between features that
are crucial for sufficient utilization of auxiliary information for
recommendation. As a result, in our base mode IF-SAN, we further
exploit feature-level transition patterns on the basis of the state-of-
the-art models [30, 31, 34] for alleviating the cold-start problem to
some extent.

Specifically, our proposed session-based recommender IF-SAN
with parameters \∗ = {\𝑒 , \𝑠 , \𝑝𝑟𝑒 } is composed of four compo-
nents, i.e., embedding layers \𝑒 for both item-level and feature-level
embedding, item-based self-attention layers and feature-based self-
attention layers \𝑠 for transition patterns of both item-item and
feature-feature, and prediction layers \𝑝𝑟𝑒 to select next items for
users. Next, we will discuss the implementation of each component
in detail.

4.2.1 Embedding Layers. Since the length of the different sessions
are not equal, we take a fixed-length vector to represent a session
embedding, 𝑢 = {𝑥1, 𝑥2, ..., 𝑥𝑛}, where 𝑛 is a predefined size of the
sequence, and adopt a zero-padding at the front of the sequence if
a sequence does not have enough items. Then, we apply a lookup
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(b) 𝑆𝐴𝑁𝑥𝑠 (𝑆𝐴𝑁𝑐𝑠)

Figure 2: (a) the framework of CBML. The embedding layers, SANs and prediction layers (marked with grey box) constitute
the recommendationmodel for sessions. The task-clustering layer and parameter gate (marked with blue box) are designed to
guide the initial parameters to serve for each session separately. We locally update the recommendation model based on the
support set of each session and globally updated all layers based on the query set of all sessions. (b) the composed 𝑆𝐴𝑁𝑥𝑠 (𝑆𝐴𝑁𝑐𝑠)
blocks.

layer to transform the one-hot vectors of item sequence into a
dense vector representation. Thus, the embedding of item 𝑥𝑖 can
be obtained, denoted as 𝑒𝑥𝑖 .

Similarly, the attribute sequences are processed in the same
way. Given an item 𝑥𝑖 , its attributes can be embedded as 𝑎𝑖 =

{𝑣𝑒𝑐 (𝑟𝑖 ), 𝑣𝑒𝑐 (𝑏𝑖 ), 𝑣𝑒𝑐 (𝑙𝑖 )}, where 𝑣𝑒𝑐 (𝑟𝑖 ), 𝑣𝑒𝑐 (𝑏𝑖 ) and 𝑣𝑒𝑐 (𝑙𝑖 ) repre-
sent the dense vector representations of category, brand and seller
of item 𝑥𝑖 .

Since different attributes are often heterogeneous and have dif-
ferent effects on a user’s decision, we follow the way in [36] to
adopt a vanilla attention mechanism to transform the weighted
sum of the item 𝑥𝑖 ’s attribute vector representations into a feature
representation 𝑒𝑎𝑖 . The attention mechanism is as follows,

𝛼𝑖 = 𝑠𝑜 𝑓 𝑡𝑚𝑎𝑥 (𝑊 𝑓 𝑎𝑖 + 𝑏 𝑓 ) (1)

where𝑊 𝑓 is 𝑑 × 𝑑 matrice and 𝑑 𝑓 is 𝑑−dimensional vector.
Finally, the feature representation of item 𝑖 can be computed as:

𝑒𝑎𝑖 = 𝛼𝑖𝑎𝑖 (2)

Note that if there is only one attribute (e.g., category) in item 𝑖 ,
the vanilla attention mechanism is unnecessary and the feature
representation of item 𝑖 is 𝑒𝑎𝑖 = 𝑣𝑒𝑐 (𝑟𝑖 ).

4.2.2 Feature-based Self-Attention Layers. Self-attention has been
applied in many areas. It can capture the global dependence of
the whole sequence regardless of the distance of the sequential
input and output. Thus, we employ two self-attention blocks on
item sequence and feature sequence for item-item and feature-
feature transition patterns. Since the difference between item-based
self-attention block and feature-based self-attention block is only
their input, we illustrate the process of feature-based self-attention

block in detail. We adopt a multi self-attention block [31] on the
feature sequence to obtain the feature-feature transitions across
the entire input and output sequence itself. The framework of the
self-attention network (𝑆𝐴𝑁∗𝑠) can be seen in Figure 2(b). The
𝑆𝐴𝑁𝑥𝑠 blocks represent self-attention network for item-level and
the 𝑆𝐴𝑁𝑐𝑠 blocks represent self-attention network for feature-level.

After the embedding layers and the vanilla attention mecha-
nism, we can obtain the embeddings of all the attributes in the ses-
sion 𝑢, i.e., 𝐸𝑢𝑎 = {𝑒𝑎1 , 𝑒𝑎2 , ..., 𝑒𝑎𝑛 }. Then, we adopt a self-attention
network to better capture the global preference from the input
sequence,

𝐹𝑢𝑎 = 𝑆𝐴𝑁 (𝐸𝑢𝑎) (3)
Since different layers can capture different types of features, we

stack the self-attention block to obtain complex feature transitions.
Thus, the 𝑙-𝑡ℎ (𝑙 > 1) self-attention layer is:

𝐹 𝑙𝑢𝑎 = 𝑆𝐴𝑁 (𝐹 𝑙−1𝑢𝑎 ) (4)

where 𝐹 1𝑢𝑎 = 𝐹𝑢𝑎 and 𝐹 𝑙𝑢𝑎 is the final output of the multi-layer
self-attention network.

Then, in order to better describe the feature-level sequence pat-
terns, we combine the long-term preference and the current interest
of the session 𝑢 as the session representation in the feature-level,

𝑆𝑙𝑢𝑎 = 𝑤𝑎𝐹
𝑙
𝑢𝑎 + (1 −𝑤𝑎)𝑒𝑎𝑚 (5)

where 𝑤𝑎 is a weighting parameter and 𝑎𝑚 is the last element in
the original feature sequence of session 𝑢 which is not padded by
zero.

4.2.3 Item-based Self-Attention Layers. Since the difference be-
tween the item-based self-attention block and the feature-based
self-attention block is only their input, it is easy to see that the
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item-based self-attention block can be constructed like the feature-
based self-attention block. Thus, the representation of the session
𝑢, in the item-level can be obtained by,

𝐹 𝑙𝑢𝑥 = 𝑆𝐴𝑁 (𝐹 𝑙−1𝑢𝑥 ) (6)

𝑆𝑙𝑢𝑥 = 𝑤𝑥𝐹
𝑙
𝑢𝑥 + (1 −𝑤𝑥 )𝑒𝑥𝑚 (7)

where 𝑤𝑥 is the weighting parameter, 𝐹 1𝑢𝑥 = 𝐹𝑢𝑥 and 𝐹 𝑙𝑢𝑥 is the
final output of the item-based multi-layer self-attention network,
𝑥𝑚 is the last element in the original item sequence of session 𝑢
before zero-padding.

4.2.4 Prediction Layers. In order to capture the transition patterns
of items and features at the same time, we combine the session
representation in item-level 𝑆𝑙𝑢𝑥 and feature-level 𝑆𝑙𝑢𝑎 as the final
session specific representation, and feed them into a fully-connected
layer for the final calculation of user preferences for items.

𝑦𝑢𝑖 = 𝐹𝐶\𝑝𝑟𝑒 (𝑆𝑢 )𝑒𝑇𝑣𝑖 (8)

where 𝑆𝑢 ∈ R2𝑑 , 𝐹𝐶\𝑝𝑟𝑒 (·) is a fully-connected layer with param-
eters \𝑝𝑟𝑒 for prediction, 𝑒𝑣𝑖 (𝑣𝑖 ∈ 𝑉 ) is the embedding of the 𝑖-𝑡ℎ
item and 𝑦𝑢𝑖 is the probability of the 𝑖-𝑡ℎ item to be the next click
in the session 𝑢.

4.3 Cluster-based Meta Optimization
In this section, we elaborate a cluster-based meta-learning frame-
work with parameters 𝜙 , which addresses the problem that differ-
ent sessions are expected to have different initial parameters on
the basis of traditional optimization-based meta-learning method
[1, 5, 6] for better recommendation. The framework consists of
two components, task clustering and cluster-aware parameter gate.
The former component is to adopt a soft-clustering method on the
training sessions to derive clusters. Since similar users have similar
preferences, indicating the generalization among closely correlated
sessions, each session can obtain a cluster enhanced representation
that contains the shared characteristics of the clusters the session is
classified to. The latter component aims to guide the initialization
of the globally shared parameters to each cluster, such that the
initialization can serve for all the sessions belonging to the cluster.
At last, we will introduce the process of the local updating for each
session and global updating for the initialization of the globally
shared parameters.

4.3.1 Task Clustering. Since there exists impact from the diver-
gence between different sessions and the shared knowledge can be
transferred across similar sessions, where users are similar, we pro-
pose a clustering method to locate the cluster the session belongs
to in order to better transfer shared knowledge among similar ses-
sions for each session. Although there already exist meta-learning
methods and clustering methods for the recommendation problems,
no one has combined the advantages of the two methods. There
are no sufficient records for a cold user in a session to obtain suffi-
cient preferences. However, the clustering method can help transfer
shared knowledge across similar sessions and the meta-learning
method can learn general knowledge through several sessions that
can rapidly be adapted to new sessions. Thus, it is suitable to com-
bine the clustering method with the meta-learning method to solve
the cold-start problem. In this framework, we adopt soft-clustering

method instead of hard-clustering method. There are mainly two
reasons. First, in reality, session groups are overlapping and the shar-
ing knowledge between sessions often exists because anonymous
users from the same crowd have similar hobbies and preferences.
Second, soft assignment can guarantee differentiability while hard
assignment cannot.

Here we follow the traditional method of clustering. First, we
conduct a cluster assignment to each cluster for each session. In
particular, as introduced in Section 4.1, we use embedding layers
and two self-attention blocks in both item-level and feature-level to
obtain a session specific representation 𝑆𝑢 , reflecting the anonymous
user’s preference, and then linearly project the representation to
get the query vector 𝑞𝑢 for the clusters, which is formulated as
follows:

𝑞𝑢 =𝑊𝑞𝑆𝑢 + 𝑏𝑞 (9)
where𝑊𝑞 ∈ R2𝑑×𝑑 and 𝑏𝑞 ∈ R𝑑 are learned parameters.

Next we compute the soft-assignment probability vector 𝑝𝑘𝑢 by
calculating the distance between the query vector 𝑞𝑢 ∈ R𝑑 and
each learned cluster center {𝑔𝑘 }𝐾𝑘=1, i.e.,

𝑝𝑘𝑢 =
exp(⟨𝑞𝑢 , 𝑔𝑘 ⟩)∑𝐾
𝑘=1 exp(⟨𝑞𝑢 , 𝑔𝑘 ⟩)

(10)

where 𝐾 denotes the number of clusters and determining 𝐾 will be
discussed in experiments.

Finally, the cluster enhanced representation of the session𝑢, which
contains shared characteristics of the clusters this session belongs
to, can be calculated as:

𝐶𝑢 =

𝐾∑
𝑘=1

𝑝𝑘𝑢 · 𝑔𝑘 (11)

Here · is the multiplication.
Note that cluster centers are being updated continuously, be-

cause new training sessions are coming in due to new clicks or
newly established conversations, and outdated training sessions
are being discarded. We randomly initialize each cluster center at
the beginning.

4.3.2 Cluster-aware Parameter Gate. Since different sessions are
originated from different distributions (denoting different prefer-
ences or hobbies), it is irrational to utilize a single globally shared
parameter for the recommendation of all sessions. [32] indicates
that similar meta-parameters can be shared across similar tasks.
Thus, in order to preserve the personalization of each session and
include the generalization among similar sessions, we propose to
combine the session specific representation 𝑆𝑢 and the cluster en-
hanced representation𝐶𝑢 . And we design a cluster-aware parameter
gate to guide the globally shared initial parameters to suitable ini-
tial parameters for each session to achieve better performance. The
parameter gate is designed as follows,

𝑜𝑢 = 𝐹𝐶𝜎 (𝑆𝑢 ⊕ 𝐶𝑢 ) (12)

where ⊕ means the tensors concatenation, and 𝐹𝐶𝜎 is a fully-
connected layer activated by a sigmoid function𝜎 . Then the globally
shared initial parameters \∗ = {\𝑒 , \𝑠 , \𝑝𝑟𝑒 } of the session-based
recommendation model IF-SAN can be guided for session 𝑢 as
follows,

\𝑒𝑢 ← \𝑒 , \𝑠𝑢 ← \𝑠 (13)
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\
𝑝𝑟𝑒
𝑢 ← \𝑝𝑟𝑒 · 𝑜𝑢 (14)

Therefore, the final prediction for next item in the session 𝑢 can
be calculated as,

𝑦𝑢𝑖 = 𝐹𝐶\𝑝𝑟𝑒𝑢
(𝑆𝑢 ⊕ 𝐶𝑢 ) · 𝑒𝑇𝑣𝑖 (15)

Here 𝐹𝐶
\
𝑝𝑟𝑒
𝑢

is the prediction layer in Section 4.1 with guided initial
parameters, 𝑣𝑖 ∈ 𝑉 is candidate item for session 𝑢 and 𝑒𝑇𝑣𝑖 is the
transpose of the embedding of the candidate item 𝑣𝑖 .

4.3.3 Local Update. Typically, the parameters of a neural network
are randomly initialized, and then the initialization of the parame-
ters converges to a good local optimum by minimizing prediction
loss based on the training set. Similar to the neural network, in
meta-learning, we aim to update the local parameters for each
session by minimizing the prediction loss of the recommendation
based on the support set of a single session. After we guide the
globally shared initial parameters for a session in the cluster-aware
parameter gate, we can locally update the recommender param-
eters to minimize the prediction loss of session 𝑢. Here the local
parameters \∗𝑢 = {\𝑒𝑢 , \𝑠𝑢 , \

𝑝𝑟𝑒
𝑢 } of the session-based recommender

IFSAN for session 𝑢 can be updated as follows,

\̂∗𝑢 ← \∗𝑢 − 𝛽 · ∇\ ∗𝑢L𝑢 (𝜙, \
∗
𝑢 ) (16)

where 𝛽 is the learning rate for updating the local parameters of
recommender for each session and L𝑢 (·, ·) is the prediction loss of
support set 𝐷𝑡𝑟𝑎𝑖𝑛𝑢 in session 𝑢.

4.3.4 Global Update. In optimization-based methods [5, 21], they
learn a well-generalized model through several tasks by updating
the shared initial parameters. Similar to these methods, in our meta-
optimization process, we take one-step gradient descent to update
the global parameters, \∗ = {\𝑒 , \𝑠 , \𝑝𝑟𝑒 } and 𝜙 , according to the
sum of the loss on query set 𝐷𝑡𝑒𝑠𝑡𝑢 of each session 𝑢 ∈ 𝑇 𝑡𝑟𝑎𝑖𝑛 after
the local updating on support set 𝐷𝑡𝑟𝑎𝑖𝑛𝑢 ,

\∗ ← \∗ − 𝛾
∑

𝑢∈𝑇 𝑡𝑟𝑎𝑖𝑛

∇\ ∗L
′
𝑢 (𝜙, \̂∗𝑢 ) (17)

𝜙 ← 𝜙 − 𝛾
∑

𝑢∈𝑇 𝑡𝑟𝑎𝑖𝑛

∇𝜙L
′
𝑢 (𝜙, \̂∗𝑢 ) (18)

Here, 𝛾 is the learning rate for updating the initialization of globally
shared parameters. L′𝑢 (·, ·) is the prediction loss of query set in
session 𝑢.

5 EXPERIMENTS
In this section, we conduct extensive experiments on two real-
world datasets to evaluate the performance of our proposed method
CBML. Here we first describe the experimental setup and compared
methods. Then we compare our method CBML with other variants
of CBML. Finally, we analyze the influence of different experimental
settings in CBML.

5.1 Experimental Setup
5.1.1 Datasets. Table 1 shows the statistics of the two represen-
tative real-world datasets, Yoochoose1 and Diginetica2. The Yoo-
choose dataset is a public dataset released by the RecSys Challenge
1http://2015.recsyschallenge.com/challege.html
2http://cikm2016.cs.iupui.edu/cikm-cup

Table 1: Statistics of datasets used in the experiments

Dataset Yoochoose1/64 Yoochoose1/4 Diginetica
#of train 65,172 1,090,115 133,724
#of test 9,347 40,618 11,446
#of items 37,487 37,487 43,097
Averg length 4.95 4.66 4.98

2015, which contains 6 months of a stream of user clicks on an
e-commerce website. The Diginetica dataset is obtained from CIKM
Cup 2016, and we only utilize its transactional data. For our model,
we set the session data of last week as the test set for meta-testing,
and the remaining as a training set for meta-training. And we fol-
low the way in [30] to generate sub-sequences of each session as
introduced in Section 3.

5.1.2 Parameter Setup and Metrics. Through several comparisons
of different experimental settings in Section 5.5∼5.7, we choose
the settings with the best performance as our model CBML set-
tings. We set the dimension of latent vectors as 100, the number
of self-attention layers as 2. And the number of clusters is set as
8. The initial learning rates of local update and global update are
set as 0.001 and 0.001 respectively. We utilize Adam as an opti-
mizer to evaluate models and adopt three common metrics, i,e., Hit
Rate ( Hit@N), Mean Reciprocal Rank ( MRR@N), and Normalized
Discounted Cumulative Gain ( NDCG@N). The former one is an
evaluation of unranked retrieval results, while the latter two are
evaluations of ranked lists. Here, we consider Top-N (N = 5) for the
recommendation.

5.2 Baselines
To evaluate the effectiveness of our model, CBML, we compare it
with the state-of-the-art session-based recommendation models
(SR-GNN, GC-SAN, TAGNN) and our proposed base model IF-SAN.
In addition, we also compare our model with methods that deal with
cold-start problems, e.g., transfer learning based model Multi-FT
and meta-learning based models (MeLU, MAMO, MetaHIN). This
further confirms the effectiveness of our model for alleviating cold-
start problems. To be fair, we use the same base model IF-SAN for
Multi-FT, MeLU, MAMO, and our model CBML and we add the
same self-attention blocks that are from IF-SAN for MetaHIN to
make this model suitable for our session-based recommendation
problem.
• SR-GNN [30] models the sessions as a graph to capture
complex item interactions and combines the user’s global
preferences and current interests through an attention mech-
anism. It only considers interactions on item-level.
• GC-SAN [31] follows a similar idea of SR-GNN to generate
complex item interactions and then utilizes a self-attention
network to represent each session, which just considers item-
level transitions.
• TAGNN [34] builds the model based on item-level transi-
tions and adopts similar methods of SR-GNN to capture the
user’s global preferences and current interests and addition-
ally utilizes target attentive network to activate the users’
diverse interests in sessions.
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Table 2: The performance of CBML compared with other baseline methods.

datasets Diginetica Yoochoose 1/64 Yoochoose 1/4
method Hit@5 MRR@5 NDCG@5 Hit@5 MRR@5 NDCG@5 Hit@5 MRR@5 NDCG@5
SR-GNN 10.6238 6.7439 5.3291 34.7170 21.7888 17.6824 32.9840 21.2593 18.1067
TAGNN 10.5713 6.7518 5.3608 35.1129 21.7958 17.9213 33.0129 21.9036 18.4814
GC-SAN 11.0377 6.7981 5.4416 35.5710 21.7277 18.0992 33.2085 22.1026 18.6842
IF-SAN 12.3362 6.9917 5.5532 36.8246 21.8294 18.2128 35.3381 23.8499 19.3483
Multi-FT 21.2476 13.6995 11.2924 40.6654 26.9981 20.6601 41.5497 27.0685 21.7091
MeLU 24.0665 16.1092 12.3892 41.3181 28.5153 21.6111 41.6478 27.6303 21.9064
MAMO 23.6495 15.6417 12.2010 41.7781 28.4535 22.0710 41.6818 28.1440 21.9601
MetaHIN 24.2852 16.8975 12.9186 42.2595 28.6755 22.2812 42.9977 28.5743 22.2757
CBML 25.9869 18.0444 13.8275 44.2923 29.9502 23.0022 46.1218 30.8459 23.7872
Improv. 7.01% 6.79% 7.04% 4.81% 4.45% 3.24% 7.27% 7.95% 6.79%

Table 3: The performance of CBML compared with variants of CBML.

datasets Diginetica Yoochoose 1/64 Yoochoose 1/4
method Hit@5 MRR@5 NDCG@5 Hit@5 MRR@5 NDCG@5 Hit@5 MRR@5 NDCG@5
CBML-G 23.3840 16.0934 13.0412 41.1897 28.3094 22.0884 43.8435 29.0522 22.6139
CBML-C 23.7696 16.2853 13.0605 43.6660 29.2582 22.5653 44.6453 29.9803 23.0246
CBML-S 24.5453 17.0526 13.2658 42.8112 29.0723 22.3395 44.2970 29.3859 23.0103
CBML-F 20.9593 15.0459 12.5786 40.6768 27.6011 21.8482 42.2095 27.7935 21.3036
CBML 25.9869 18.0444 13.8275 44.2923 29.9502 23.0022 46.1218 30.8459 23.7872

• IF-SAN is our basemodel. It utilizes two self-attention blocks
on item-level and feature-level to capture item-level sequen-
tial patterns and feature-level sequential patterns. More de-
tails can be seen in Section 4.2.
• Multi-FT is a transfer learning-based method, which trains
IF-SAN based on training sessions and fine-tunes the model
for test sessions.
• MeLU [12] adopts the traditional optimization-based meta-
learning method. It feeds the item embeddings into fully
connected layers for recommendation. It locally updates the
parameters of the fully connected layers for personalized
recommendation and globally updates the parameters of the
whole model for all users.
• MAMO [3] is an improvement on MeLU. It designs two
memory matrices with user profiles to guide the model with
personalized parameter initialization. In our setting, since
users are anonymous, we remove the memory matrices with
user’s profiles.
• MetaHIN [15] combines MAML with HINs to exploit the
power of meta-learning at the model level and HINs at the
data level simultaneously to alleviate the cold-start problem.
The rich semantic of HINs provides a fine-grained prior
which is beneficial to fast adaptations of new tasks.

5.3 Comparisons of Performance
For a fair comparison, we run three times of each method and
take the average value as the final result. Table 2 illustrates the
experimental results of all methods on both datasets and we have
the following observations.

5.3.1 Base Model Comparison. To evaluate the performance of
our base model IF-SAN, we compare it with the start-of-the-art
session-based recommendation methods, including SR-GNN, GC-
SAN, and TAGNN. As shown in Table 2, GC-SAN performs better
than SR-GNN and TAGNN, which indicates that the self-attention
mechanism is effective for sequential patterns. The IF-SAN model,
which is our base model and considers item-level and feature-level
sequential patterns at the same time, further improves the Hit@5,
MRR@5, and NDCG@5 metrics. This can be explained that the
more sufficient use of auxiliary information can make the model
obtain more fine-grained sequential intents of a user, which helps
alleviate the cold start problem. Therefore, we consider IF-SAN
as the most effective meta-learning base model for session-based
recommendation.

5.3.2 Meta-learning Strategy Comparison. Then we evaluate the
effectiveness of the transfer learning method (Multi-FT) and differ-
ent meta-learning strategies (MeLU, MAMO, MetaHIN, and CBML).
From Table 2, we can observe that the transfer learning-based ap-
proach Multi-FT significantly outperforms all the base models(SR-
GNN, TAGNN, GC-SAN, and IF-SAN), indicating that the transfer
learning method can alleviate the cold-start problem to some ex-
tent. In addition, the meta-learning based models (MeLU, MAMO,
MetaHIN, and CBML) further perform better than Multi-FT on all
datasets. This demonstrates that the meta-learning method may
be more preferred than the transfer learning method for session-
based recommendation because the main idea of all meta-learning
methods is to capture the generalization among different sessions.

When comparing the meta-learning based strategies, we can see
that MeLU performs better than MAMO on Diginetica, while it
performs worse on Yoochoose1/64 and Yoochoose1/4. This means
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Figure 3: The performance under different cluster numbers 𝐾 .
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Figure 4: The performance under different embedding sizes 𝑑 .
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(b) Yoochoose1/64
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Figure 5: The performance under different number of stacked self-attention blocks 𝑙 .

that MeLU and MAMO are suitable for different datasets. Then
we can find MetaHIN, which enhances the representations of new
users or items, performs better than all existingmeta-learning based
methods, indicating that auxiliary data is important to capture fine-
grained sequential intents of a user in recommendation. However,
as we can see in Table 2, we can find that CBML achieves the best
performance thanMeLU,MAMO, andMetaHINs on all datasets, and

the improvement of Hit@5, MRR@5, and NDCG@5 are in the range
of 3%∼8%. Here the improvement is computed as the difference of
CBML and the best state-of-the-art method over the performance
of the best state-of-the-art method on that metric, shown in per-
centage. The performance demonstrates the superiority of CBML,
which can be explained as that cluster-based meta-learning method
can ensure the shared knowledge among similar sessions be better
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transferred and suitable initial parameters can be guided for each
session. Since the existing meta-learning methods are designed to
alleviate the cold-start problem and our model CBML outperforms
all of them, it is confirmed that CBML is effective in alleviating the
cold-start problem.

5.4 Influence of the Cluster-aware Parameter
Gate

In this section, we aim to evaluate the effectiveness of the cluster-
aware parameter gate, the usefulness of session specific representa-
tion and cluster enhanced representation as input of the gate (accord-
ing to Formula 12), and the importance of feature-level transition
patterns in user’s preferences. Thus, we compare the performance
of CBML with several variants of CBML, including
• CBML-G is the version that removes the cluster-aware pa-
rameter gate from CBML.
• CBML-C takes the session specific representation 𝑆𝑢 as input
of the parameter gate only, without considering the effects
of clusters.
• CBML-S takes the cluster enhanced representation 𝐶𝑢 as
input of the parameter gate only, without considering the
session specific representation.
• CBML-F only considers item-level transition patterns to
capture sequential intents of a user, ignoring feature-level
transition patterns.

In Table 3, we can find that CBML-F performs the worst, indi-
cating that auxiliary information, such as labels, comments, etc, is
also significant to capture more fine-grained sequential intents of a
user to alleviate the cold-start problem of recommendation system.
CBML-G performs worse than CBML-C and CBML-S because a
global initialization is directly shared by all sessions, which confirms
that the cluster-aware parameter gate is helpful to guide suitable
initial parameters for each session. For the parameter gate, CBML-S
performs better on Diginetica and CBML-C performs better on
Yoochoose1/64 and Yoochoose1/4. This indicates that the session
specific representation and the cluster enhanced representation
may have varying importance on different datasets. By considering
feature-level transition patterns in the base model and combin-
ing the two types of representations as input, CBML successfully
achieves almost 1.43%∼5.87% improvements over CBML-*.

We can thus conclude that the cluster-aware parameter gate is
necessary to improve the accuracy of recommendation by capturing
suitable initial parameters for each session, and the session specific
representation and the cluster enhanced representation are both
required in cluster-aware parameter gate. In addition, feature-level
transition patterns are also useful to alleviate the cold-start problem
to some extent.

5.5 Influence of the Number of Clusters K
In this section, we evaluate the effectiveness of cluster numbers. Fig-
ure 3 shows the performance of our model with different numbers
of clusters K on Diginetica, Yoochoose1/64, and Yoochoose1/4. We
can see that when K is smaller than 4, the performance increases as
the number of clusters increases. Then whenK is greater than 4, the
performance of CBML is better than baseline methods, improving
almost 2.3%∼7.77% on Diginetica, 0.47%∼4.81% on Yoochoose1/64,

and 3.73%∼7.95% on Yoochoose1/4. In addition, Figure 3 also shows
that increasing the number of clusters does not change the perfor-
mance very much, with K = 8 winning slightly. It shows that when
the number of clusters is greater than 4, the performance is not
sensitive to the number of clusters in reality.

5.6 Influence of the embedding size d
In Figure 4, we conduct several experiments to investigate the
performance of varying the embedding size d ranging from 20
to 120 on the two real-world datasets. As we can see, when the
embedding size is smaller than 100, the performance increases as
the number of embedding sizes increases. This is because that the
embedding size determines the complexity of the model, which
can extract more sequential intents of a user from input sequences.
However, once a proper value is exceeded, the performance of
CBML does not grow very much, with d = 100 winning slightly.
Thus, in this analysis, we set the number of embedding size d in
our model CBML as 100 for the best performance.

5.7 Influence of the number of self-attention
blocks l

In this section, we investigate how many levels of self-attention
layers can benefit most for CBML. Figure 5 shows the experimental
results of self-attention blocks with l ranging from 1 to 4. On all
datasets, we find that when increasing the number of l (l≤ 2),
the performance of CBML also improves. This is because more
different types of sequential features can be captured frommore self-
attention layers. However, when l gets to properly value, increasing
the number of self-attention layersmay result inworse performance.
The reason is that usingmore blocks (l >2) wouldmake CBML easier
to lose low-layer information.

6 CONCLUSION
In this paper, we propose a novel cluster-based meta-learning model
(CBML) to address cold-start problem. Specifically, in order to avoid
the impact from the divergence between different sessions and
better transfer shared knowledge among similar sessions, we adopt
a soft-clustering method and design a parameter gate to guide
the initialization of the globally shared parameters to better serve
for each session. Besides, in order to obtain more fine-grained
sequential intents of a user, we apply two self-attention blocks to
capture the transition patterns of sessions in both item and feature
aspects. Finally, extensive experiments are conducted on two real-
world datasets to verify our proposed model performs better than
the state-of-the-art methods on two real public datasets.
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