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Abstract. Session-based recommendation aims at predicting the next
interaction based on short-term behaviors within an anonymous session.
Conventional session-based recommendation methods primarily focus on
studying the sequential relationships of items in a session while often fail-
ing to adequately consider the impact of user interest on the next inter-
action item. This paper proposes the Multi-granularity User Interest-
aware Graph Neural Networks (MUI-GNN) model, which leverages
item attributes and global context information to capture users’ multi-
granularity interest. Specifically, in addition to capturing the sequential
information within sessions, our model incorporates individual and group
interest of users at item and global granularity, respectively, enabling
more accurate item representations. In MUI-GNN, a session graph uti-
lizes the sequential relationships between different interactions to infer
the scenario of the session. An item graph explores individual user inter-
est by searching items with similar attributes, while a global graph mines
similar behavior patterns between different sessions to uncover group
interest among users. We apply contrastive learning to reduce noise inter-
ference during the graph construction process and help the model obtain
more contextual information. Extensive experiments conducted on three
real-world datasets have demonstrated that the proposed MUI-GNN out-
performs state-of-the-art session-based recommendation models.

Keywords: Recommender system - Session-based recommendation -
Graph neural network - Self-supervised learning

1 Introduction

Recommender systems can effectively alleviate the issue of information over-
load encountered in the digital age. They are widely used in domains such as
online shopping, social applications, and news media. Traditional recommenda-
tion methods [1,7,23] predict items or services based on the interaction history
of a specific user over a long period. However, in some real-world scenarios, user
information may be anonymous, while platforms can record only short-term
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interactions of a user within a session. The research on session-based recom-
mendation has consequently emerged, which employs interactions logged in the
session to predict the next item or service, without relying on the user iden-
tity [22].

Early researchers use Markov chains (MCs) to capture short-term transi-
tion relationships between items in a session [6, 18], which assume that the next
item is only related to the most recent one or a few preceding items. Recurrent
Neural Networks (RNNs) are then utilized to solve sequence-related problems.
RNN-based approaches [8,19] consider each session as a sequential sequence and
have shown fine results. However, RNNs heavily rely on the temporal order of
items in a session, limiting the accuracy of item predictions. In recent years,
Graph Neural Networks (GNNs) [27] have become popular in session-based rec-
ommendation tasks [16,17,25,26,30]. GNN methods employ graph structures to
transfer information between items in a session. These methods have demon-
strated superior performance compared to previous models.

Despite achieving remarkable results, most previous methods primarily focus
on analyzing the sequential patterns of items in sessions without exploring the
multi-granularity user interest adequately. As a result, the potential wealth of
auxiliary information can be untapped during calculation. While session-based
recommendation mainly addresses short and anonymous sequences, it is possible
to incorporate individual and global user interest by combining item attribute
information and global contextual information, respectively. For instance, Fig. 1
illustrates an example of a session-based recommendation task, demonstrating
the collective utilization of sequential relationships with individual and group
user interest contributes to more comprehensive and enriched recommendation
outcomes.

From the granularity of a session, we can infer the session scenario and user
demands by the sequential relationships among different items within the session.
As in Fig. 1, we recommend items such as a mouse and a USB drive based on the
presence of a keyboard and a computer in the session. At the item granularity,
we explore individual user interest by identifying items with similar attributes
to those already recorded in the session. As can be seen, we may recommend a
black phone (in the same category as iPhone) or an iPad (in the same brand
as iPhone). In terms of global granularity, we measure the similarity between
different sessions by comparing the frequency of occurrences of the same item.
Then we are able to understand the group interest of multiple users with similar
behavior patterns. In the figure, a data cable and Airpods are recommended
based on the contextual information derived from other sessions. Therefore, by
analyzing user interest at different levels of granularity, the comprehensiveness
and diversity of recommendation results can be further improved.

Self-supervised learning(SSL) [9,14] has recently gained significant attention
recommender systems. In our case, we employ self-supervised learning to facili-
tate the model in studying global representation information. Additionally, given
the large number of items with similar attributes, contrastive learning methods
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Fig. 1. An example of session-based recommendation incorporating multi-granularity
user interest. The gray box recommends items by sequential relationships in the session.
The blue and red boxes capture the users’ multi-granularity interest and offer richer
options to enhance recommendation performance. (Color figure online)

can also be used to reduce noise interference during the initial construction pro-
cess of the item graph.
Overall, the main contributions of this paper are summarized as follows:

— We propose a model structure which captures sequential relationships, indi-
vidual interest, and group interest of users from three different levels of gran-
ularity: session, item, and global, respectively. Multi-granularity user interest
is used to enhance the result of the model prediction.

— We apply contrastive learning to fuse global representations and reduce noise
interference during model construction, thereby enabling the model to obtain
more contextual information and improve recommendation effectiveness.

— Extensive experiments on three real-world datasets have shown that our
model achieves greater performance compared to the state-of-the-art methods
in session-based recommendation tasks.

The remainder of this paper is organized as follows. Section 2 briefly discusses
related work. Section 3 presents the methodology. In Sect. 4, we demonstrate the
effectiveness of this method through experiments. Section 5 gives a conclusion.
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2 Related Work

2.1 Session-Based Recommendation

The initial research on session-based recommendation primarily focuses on the
temporal information of items in a session, and Markov chains have been widely
applied [6,18]. FPMC [18] combines MCs with matrix factorization techniques
to capture user sequence behaviors and preferences simultaneously. Fossil [6]
addresses data sparsity issues and the long-tailed distribution problem in the
datasets by fusing similarity-based methods with MCs. The models mentioned
above only consider the most recent few interactions while predicting and fail to
capture the transfer of user interest and higher-order information.

With the rise of deep learning techniques in fields such as computer vision
and natural language processing, researchers started using RNNs for analyzing
session data. Compared to conventional methods, RNN-based models offer supe-
rior learning capabilities and effectively extract data patterns within sequences.
The GRU4REC [8] method is a typical representative, which introduces Gat-
ing Recurrent Units (GRUs) to session-based recommendation and yields good
results. Later, data augmentation techniques [19] are used to further improve
the recommendation performance by RNN-based models. NARM [12] proposes
a hybrid encoder with an attention mechanism, which allows the model to focus
on the most relevant items during the recommendation process. STAMP [13]
employs simple multi-layer perception and attention networks to capture user
interest and explicitly accounts for users’ current behavior on their next action.

GNNs have recently gained significant attention in session-based recommen-
dation tasks. Compared to previous methods, GNNs capture complex item tran-
sition relationships by the graph structure and offer improved accuracy in cal-
culating item and session representations. SR-GNN [26] is a pioneering work
in this area, employing Gated Graph Neural Networks (GGNNs) to learn the
transition relationships of items in the session, and achieves promising results.
GC-SAN [30] obtains local dependencies and long-range dependencies through
GNNs and multi-layer self-attention networks, respectively. FGNN [17] uses a
multi-head attention layer to help aggregate neighbor information by nodes with
different weights. TAGNN [31] takes into account the diverse interest of users
towards target items, thereby personalizing the recommendation task. GCE-
GNN [24] utilizes a subtle approach to exploit the item transition relationships
across all sessions to better infer the user preferences in the current session.
SHARE [21] employs hypergraph attention networks to exploit item correlations
within various contextual windows.

Most existing works analyze sessions primarily based on the sequential infor-
mation of items in the session and do not comprehensively consider user interest
from multi-granularity, which impedes the model performance.
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2.2 Self-supervised Learning

Self-supervised learning is a type of unsupervised learning method where the
label of positive and negative samples is marked through the inherent prop-
erties of the data itself, without manual intervention. Self-supervised learning
can mainly be categorized into contrastive learning [4,9] and generative learn-
ing [3,15]. Generative learning, represented by auto-encoding [10], transforms
the original data into vector representations using an encoder and then recon-
structs it by a decoder. Contrastive learning usually consists of the paradigm
of agent tasks combined with an objective function. Positive and negative sam-
ple pairs are automatically generated by agent tasks, and the Noise Contrastive
Estimation (NCE) is used for the loss function. Notable examples of contrastive
learning methods include SimCLR [2] and MoCo [5].

Self-supervised learning has also been introduced into sequence-related rec-
ommendation tasks. S3-Rec [32] employs Mutual Information Maximization
(MIM) principle to establish correlations among attributes, items, subsequences,
and sequences. S2-DHCN [29] first introduces self-supervised learning to session-
based recommendation and applies contrastive learning on two hypergraph
channels to improve recommendation performance. COTREC [28] explores the
internal and external connectivity of sessions from two different perspectives.
MGS [11] utilizes attribute information in sessions and adopts a contrastive
learning strategy to reduce noise generated by neighboring items with similar
attributes. Self-supervised learning can effectively alleviate the data sparsity
issue that appeared in session-based recommendation.

3 The Proposed Method

In this section, we first formalize the definition of session-based recommendation.
Then we present a detailed introduction to the proposed model. Figure 2 gives a
graphic illustration of the problem definition. Figure 3 demonstrates the overall
structure of the MUI-GNN model.
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Fig. 2. A graphic illustration of a session-based recommendation task.
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3.1 Problem Definition

Session-based recommendation tasks aim to predict the next item based on
a user’s limited historical interaction sequence. Here, we use V. = {vy, vo,

. UIV\} to represent the item set, where |V| is the total number of the
items. Each session is composed of several chronological items, denoted as
s = {vs1, Vs2, ...y Usn}, where vy, € V(1 < i < n) denotes the i-th item
in session s, and n is the length of the session s. The embedding vector for each
item wv; is represented as x;. The ultimate goal of the recommendation model is
to predict the next item vy 41 by recommending top-K items under the given
session s.

For each item wv; in the session, we label its attribute values as A,, =
{av,1,00,2,..,00,,0}, where a,, ; (1 < j < o) denotes the value of item v; under
the j-th attribute. The number of attribute types o varies from different datasets.
By utilizing item attributes, we can find k neighbors which share the same
attribute value with v;. We formalize this item set as N, for each attribute,

NG| = k.
Item Graph
Contrastive m == vl | vi
Learning > o] v2 T w2 v2 1
[ v3 v3
o ”; - "g V;‘ Positional
v5 110 v v5 | .
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% Session Graph ¢ ¢ ¢
Sessions = Attenti
v2 g ention -
Contrastive
[ oslivlo w2 V3o vd | v3 om ;
| 520025 v3o w5 : v Learning
Cos3ivlo w2 s wd N N N
T ———
Pooling 1 com
v2 v2 ] v2
\—> v3 T |::> v3 | ree | v3 oo
v4 O v4 T v4 pEm
v5 5

Fig. 3. The overall structure of MUI-GNN.

3.2 Session Graph

Session Graph Construction. Graph neural networks are applied to capture
sequential information about items in a session. Specifically, we represent each
session s as a directed graph Gy = {Vs, &}, where each node v, ; € Vs denotes
an item in session s and each edge e = (vs, vsi41) € & connects two adja-
cent items v, ; and v, ;41 in the session, representing the transition relationship
between two items. A self-loop is added to each node to prevent information loss
during the iterative process. The middle part in Fig. 3 shows the construction
process of the session graph for session sl.
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Session Graph Convolution. Graph convolution is operated to learn the
transition relationships of adjacent items in the session. We use Graph Attention
Networks(GAT') [20] to help each node learn the representation of the neighbor-
ing nodes. Specifically, for each item v; in the session, the attention coefficients
of each neighboring node are computed:

exp (LeakyReLU <6iTj (x(l_l) © xél_1)>)

K3

EvkEN% erp (Leak;yReLU (eg;_ (xz(_lﬂ) QJU;(CFI))) ) (1)

Q5 =

where e;; is the embedding of the relation between z; and x;, and [ denotes

(-1

( )
O]

%

chl): Z aijxy_l), (2)

IjeNmi

the layer of graph convolution. x is the embedding vector of item v; in the

previous layer. The representation x;’ in the [-th layer is then summed:

(0)

where z; ' = x; in the first layer.

3.3 Item Graph

Item Graph Construction. Collecting items with similar attributes helps us
better explore the individual interest of users at the item granularity. Thus we
construct an item graph. To initialize the representations in the item graph,
an attention mechanism is utilized to aggregate attribute information from the
neighbors of item wv;:

exp (LeakyReLU (qf (x;|x;))
Zwker exp (LeakyReLU (q;f (zillzx))

m; = Z Q;5U5, (4)

m]‘GNmi

3)

Q5 =

where m; is the initial representation of the item v; in the item graph. || is the
concatenation operator, and ¢; is the embedding vector of the j-th attribute.

Item Graph Convolution. We update representations in item and session
graphs together by a dual refinement method. First, we update x; with m;:

(fo§’>)T Wm{~Y

ﬁi = \/Zi ) (5)

xEl) - :EZ(-Z) + B; (mz(-lfl) — :cgl)) , (6)
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where d is the size of the embedding vector, W§ W5 € R*? are learnable
parameters, and [ denotes the number of layers in the item graph convolution,

mEO) = m,; in the first layer.
Then we use the updated mgl) to adjust mgl) by following attention mecha-
nism,
eo:p< (l 1) Wg”:é”)
B 1) 20 @
& o ((vpmi™0) wpal?)
N
m{ =3 " aym{ Y, (8)
j=1

where W™ Wi € R4*4 are also learnable parameters. Note that they are dif-
ferent from previous W7 and W3. Finally, after the convolution of L layers, we
get the final representation of the session items:

™ = sigmoid (Wh [xz(-O)Hml(.L)D , (9)

IEL) =mx (O) +(1- W)IZ(-L), (10)

where W), € R4%24 is a learnable parameter.

3.4 Global Graph

Global Graph Construction. The group interest of users can be captured
by mining similar behavior patterns across sessions. Specifically, we treat each
session as a node in the global graph. Sessions are connected if there is at least
one common item appears.

The weight of the edge is set to W; ;, whose value is the size of the inter-
section set of items in the two sessions divided by the size of the union set. For
example, in Fig. 3, the edge weight between session s1 and session s2 is 2/5, as
the intersection set is {v2,v3}, and the union set is {v1,v2,v3,v4,v5}.

Global Graph Convolution. The initial embedding 6(°) of each session is the
average of all item embedding x; in the session, and then a convolution process
is operated.

o+ = D=1 ApW, (11)

where D! is the inverse matrix of the degree matrix. At each convolution
layer, 00 learns different levels of cross-session information. Thus we average
the embedding of each layer to obtain the final session representation.

0 = LZQ@. (12)
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3.5 Prediction Layers

Session Representation. Intuitively, items at different positions in the session
contain different semantic information, so we impose a positional encoding p; on
each item in the session:

We use a soft attention mechanism to obtain the session representations
fusing the user’s individual interest and the last item.

8; = g7 sigmoid (Wlhz- + Wam!P) + WazP) + b) , (14)

=) fihi, (15)
i=1

(L)

where Wi, Wy, W3 € R¥? and ¢,b € R? are all learnable parameters. m,; ’ and

sc%L) denote the final result in the item graph and session graph convolution,
respectively.

Finally, a gated mechanism is employed to reinforce the last behavior a:%L)
to the importance of the session representation explicitly.

0 = sigmoid <W4 I:Zbe’EIL):|) , (16)
sp=(1—pb)® 2z + pd ©xll), (17)

where W, € R?*24 is the learnable parameter. y controls the weight of the gating
unit. s¢ is the session representation we eventually gain.

Prediction. We implement the inner product of the embedding x; of the item
and the final representation sy of the session to get a score 2; for each item.

A softmax function is used to calculate the probability § that the item will
be recommended.
7 = softmax (%) . (19)

The model is optimized by a cross-entropy loss function, which is also com-
monly used in recommender systems.

N
L. (9) = —Z yilog (9:) + (1 — i) log (1 — i) , (20)

where y; is the one-hot representation of the item xz; being recommended ground
truth.
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Self-supervised Learning. To further enhance the feature representation, we
also set up self-supervised auxiliary tasks to optimize the model, which is primar-
ily used to learn feature information across sessions. We use InfoNCE [5] with a
standard binary cross-entropy loss function on positive and negative samples.

Lssr = —loga (fp (0}, 0})) — logo (1 —J/p (5?7 9f)> : (21)
The final loss function of the model is:
L=L+¢Lssr, +BLssL, , (22)

where ¢ and (8 are hyper-parameters controlling the weights of Lsgr,, and Lssr.,,
respectively, which are shown as contrastive learning modules in Fig. 3.

4 Experiments

In this section, we first describe the experimental settings. Then a series of evalu-
ations of model performance are conducted by answering the following questions:

RQ1: Does the MUI-GNN model surpass state-of-the-art session-based rec-
ommendation baseline models on several real-world datasets?

RQ2: Does capturing user interest from item and global granularity effectively
enhance the performance of our model?

RQ3: How do key parameters, such as GNN layer number and embedding
size, affect model performance?

4.1 Experimental Settings

Datasets. We conduct experiments on three real-world datasets, namely Digi-
netica, 30music, and Tmall, from different fields and with different data sparsity.
All datasets contain session sequences and attribute information of items. Digi-
netica is a personalized e-commerce search challenge dataset in the CIKM Cup
2016 competition. Here, referring to [17,26,30], we only use its transaction data.
30music is a dataset collected and extracted through the Last. fm API, which
contains user music playback data and divides playback events into different ses-
sions. Tmall records the purchase logs of anonymous users on the Tmall website
during the first six months of “Double Eleven” and the day of “Double Eleven”
from the IJACI-15 competition.

We process the datasets in the same way as [26,29]. We remove sessions of
length 1 and items that appear less than 5 times in the dataset. To enrich the
training and testing data, we subdivide each session into several sub-sessions.
Specifically, on each dataset, from a session s = {vy, va, v3, ..., v,}, We gen-
erate new sequences ([v1], v2), ([v1, ve], wv3), ..., ([v1, vo, ..., vh_1], v,) for
both training and testing sets. Similar to [26,29], sessions with interactions in
the past week are used as the testing data, while other sessions are used as the
training data. Table1 shows the statistical information of three datasets after
preprocessing.
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Table 1. Statistical details of datasets.

Datasets Diginetica | 30music | Tmall
train sessions | 719,470 1,153,622 | 351,268
test sessions 60,858 122,517 | 25,898

clicks 982,961 1,429,251 | 443,479
items 43,097 132,647 | 40,727
average length | 4.85 9.33 6.69

Baseline Methods. We compare our model with the following classical and
state-of-the-art models:

FPMC [18]: It includes Markov Chains and Matrix Factorization models to
capture user interest and interaction sequence.

GRU4REC [8]: It utilizes session parallel mini-batches and a ranking loss
function to enable GRUs to study sequence behaviors.

NARM [12]: It combines RNNs with an attention mechanism to understand
interactions in a session.

SR-GNN [26]: It is the first model to apply GNNs to session-based recom-
mendation, utilizing GGNNs and a soft attention mechanism to learn the repre-
sentation of items.

GCE-GNN [24]: Tt uses a subtle approach to combine local and global item
transition relationships.

S2-DHCN [29]: It devises two different hypergraph channels to study
inter-session and cross-session information, applying self-supervised learning to
enhance recommendation.

MGS [11]: It constructs a mirror graph based on item attribute information
and employs an iterative dual refinement mechanism to transfer data.

Evaluation Metrics. Similar to previous works [11,29], we measure model
performance through two widely used metrics in session-based recommendation
tasks: PQK and MRR@QK.

P@K (Precision) indicates whether ground truth is at the top-K position of
the prediction list:

PQK = LZ [[(r < K), (23)
|U‘ velU
where |U| is the size of testing set, R, represents the position of ground truth
item v in the top K of the prediction list.
MRR@K (Mean Reciprocal Rank) measures the position of ground truth
in the top-K recommendation list. Compared to PQK, MRRQK considers the
impact of the result order.

1 1
MRROK = — Y —. (24)
U] ; R,
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Hyper-parameters Settings. According to [26,30], the size of each mini-batch
is selected based on the size of the hidden vectors. To ensure a fair comparison, we
quote the experimental results of baseline models reported in the original paper
as possible, which is in their best hyper-parameter settings. All parameters follow
a Gaussian distribution with an average value of 0 and a standard deviation of
1. The L2 norm value of the model is set to 10~° and uses the Adam optimizer.
The initial learning rate is 0.001, and there is a decay rate of 0.1 after the first
three epochs.

Table 2. Performance Comparison of Different Methods on Diginetica dataset.

Method Diginetica

P@10 | MRR@10 | P@20 | MRR@20
FPMC 15.43 | 6.20 26.53 | 6.95
GRU4REC |17.93 | 7.33 29.45 | 8.33
NARM 35.44 1 15.13 49.70 | 16.17
SR-GNN [36.86 | 15.52 50.73 | 17.59
GCE-GNN | 41.54 | 18.29 54.64 | 19.20
S2-DHCN |41.16 |18.15 53.18 | 18.44
MGS 41.80 | 18.20 55.05 |19.13
Ours 42.17 | 18.29 55.67 | 19.23

Table 3. Performance Comparison of Different Methods on 30music dataset.

Method 30music

P@10 | MRR@10 | P@20 | MRR@20
FPMC 1.51 | 0.55 2.40 | 0.61
GRU4REC | 15.91 |10.46 18.28 |10.95
NARM 37.81 |25.95 39.40 |26.55
SR-GNN |36.49 |26.71 39.93 |26.94
GCE-GNN | 39.93 |21.21 44.71 | 21.55
S2-DHCN | 40.05 | 17.58 45.49 | 17.79
MGS 41.51 |27.67 46.46 | 28.01
Ours 42.04 | 28.58 47.26 | 28.89
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Table 4. Performance Comparison of Different Methods on Tmall dataset.

Method Tmall

P@10 | MRR@10 | P@20 | MRR@20
FPMC 13.10 | 7.12 16.06 | 7.32
GRU4REC | 9.47 | 5.78 10.93 | 5.89
NARM 19.17 | 10.42 23.30 | 10.70
SR-GNN | 23.41 |13.45 27.57 1 13.72
GCE-GNN | 29.19 |15.55 34.35 1 15.91
S2-DHCN | 26.22 | 14.60 31.42 1 15.05
MGS 35.39 | 18.15 42.12 | 18.62
Ours 36.33 | 18.42 42.69 | 18.85

4.2 Experimental Results (RQ1)

Tables2 to 4 show the performance of our model and baselines on three real-
world datasets. The best and second-best results are highlighted in boldface
and underlined, respectively. From the above tables, we can obtain the following
observations:

RNN-based models (e.g. GRUAREC, NARM) utilize deep learning meth-
ods to capture item transition relationships in sessions, significantly improving
model performance compared to earlier methods (e.g. FPMC), indicating the
importance of utilizing sequential information in sessions. Among them, NARM
performs better than GRU4REC because it uses an attention mechanism to
model user interaction and purpose distinctively.

GNN-based methods demonstrate superior performance compared to RNN-
based models, reflecting GNNs’ ability to model sequential information and
understand complex item transition relationships. The SR-GNN model, as it
does not use any information out of session sequence, has a relatively lower per-
formance than GCE-GNN, which combines global information to model user
interest. S2-DHCN uses the strategy of self-supervised learning combined with
the hypergraph structure of multiple channels. MGS uses the attributes of items
to build mirror graphs to help learn the representation information of items.
Their improvement in model results supports that the application of auxiliary
information plays an important role in session-based recommendation.

Our proposed MUI-GNN shows superior results on all three datasets com-
pared to these traditional and deep learning approaches mentioned above, sug-
gesting that considering multi-granularity user interest with sequential relation-
ships in sessions can effectively enhance the model performance in session-based
recommendation tasks.
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4.3 Model Analysis and Discussion (RQ2 and RQ3)

Impact of Item/Global Graph. To explore the distinctive influence of multi-
granularity user interest on prediction results, we adjust the MUI-GNN model to
verify the effectiveness of the item graph and global graph respectively. Ablation
experiments are conducted on Diginetica and 30music datasets. Table 5 demon-
strates the results of the experiments, with the best performance highlighted in
boldface.

Table 5. Impact of item/global graph

Method Diginetica 30music
P@20 | MRR@20 | P@20  MRR@20
MUI-GNN 55.78  19.21 47.26 | 28.89

MUI-GNN w/o global | 54.97 | 19.06 46.49 |28.69
MUI-GNN w/o item |55.32 | 18.73 44.38 | 28.89

In the table, MUI-GNN w/o global and MUI-GNN w/o item indicates the
MUI-GNN model without global graph/ item graph, respectively. We find that
model’s performance is optimal when the MUI-GNN model contains both the
item and global graph modules, which captures the individual and group interest
of users simultaneously. In general, the absence of either module will cut down
the performance in recommendation results.
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Fig. 4. Impact of depths in GNNs.

Impact of Depths in GNNs. We set the item graph and global graph into the
same layer number and tested the performance of models with different depths
over two datasets. The layer number of the graph neural networks in our model
is set to {1, 2, 3, 4, 5}.

As can be seen from Fig.4, in the Diginetica dataset, it is reasonable to
set the depth of the graph neural networks to 3 or 4, as an over-smoothing
problem will arise when the networks get too deep. While in the 30music dataset,
increasing layers of graph neural networks can further improve the performance
of the model. A possible reason is the average length of the 30music dataset
is nearly as double as of Diginetica, which shows that the data pattern in the
30music dataset is more complex and requires deeper networks to mine the users’
individual and global interest.
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Fig. 5. Impact of embedding size.

Impact of Embedding Size. We test the embedding size in {50, 100, 150,
200} of the MUI-GNN model. Results are shown in Fig. 5. When the embedding
vectors rise to the size of 100, our model achieves considerable performance.
However, the continuous increase of embedding size will not always lead to better
results, as an overly large embedding size may cause massive computation and
overfitting problems.

5 Conclusion

The short and anonymous nature of sessions brings great challenges to session-
based recommendation tasks. In this paper, we propose the MUI-GNN model,
which not only incorporates the sequential relationships in a session but also
explores users’ interest at the item and global granularity to enhance model
performance. Existing models often fail to capture this valuable auxiliary infor-
mation comprehensively. Contrastive learning methods are used to reduce the
noise during the graph construction and help the model learn the contextual
information of the session better. Extensive experiments conducted on three
real-world datasets exhibit the effectiveness and superiority of our model con-
sidering multi-granularity user interest.
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