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Abstract

Session-Based Recommendation (SBR) based on Graph Neu-
ral Networks (GNN) has become a new paradigm for recom-
mender systems, and plays a fundamental role in e-commerce
and other relevant domains. Existing graph aggregation meth-
ods primarily form node representations by capturing basic
relationships between neighboring and central nodes. Despite
their encouraging results, the global relationships of items
and user intentions within sessions typically change over
time, which degrades the effectiveness of existing embedding
schemes. To resolve this challenge, we propose a Long and
Short-Term Temporal Graph Neural Network (LS-TGNN) for
SBR. LS-TGNN employs a novel temporal session graph to
aggregate neighborhood information, and models user inter-
ests from both long and short-term perspectives. Specifically,
we design long-term and short-term encoders to model the
long and short-term interests of users, respectively. In order
to better model the interests of users in different time dimen-
sions, we introduce an item-granularity method that distin-
guishes between long and short-term interests. Extensive ex-
periments on three widely used datasets demonstrate that LS-
TGNN outperforms existing methods with a large margin.

Introduction
Session-Based Recommendation (SBR) has become a fo-
cused recommendation scenario (Jannach, Ludewig, and
Lerche 2017), where its essence lies in making recommen-
dations in an anonymous and ad hoc session environment.
SBR is more challenging than conventional recommenda-
tion tasks. In the rapidly evolving field of recommenda-
tion systems, accurately modeling user preferences is crucial
for enhancing user experience and engagement. In recent
years, methods based on Graph Neural Networks (GNN)
have emerged (Liu et al. 2023). By introducing complex
user-item interaction learning mechanisms, user preferences
are modeled (Mao et al. 2023). Although these methods have
made progress in handling complex relationships, they still
have to explicitly model the spatiotemporal coupling be-
tween user purchases.

In session-based recommendation, the degree of rele-
vance between items depends on their temporal sequence.

*Corresponding author.
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Figure 1: Changes in association pairs between an item and
other items in a session.

As shown in Fig. 1, in a user session, taking v1 as an ex-
ample, we extract the first-order neighbors of v1 items from
the session data. Its neighbors also form a time series based
on the order of their appearances in the original session. In
constructing the representation of user interests, v1 is more
relevant to its most recently appearing neighbor v7, than to
earlier ones such as v2.

To better harness the potential of evolving user interests,
we propose to model the evolution of user interests over
time from a new perspective. We name the scheme Long and
Short-Term Temporal Graph Neural Network (LS-TGNN),
which is a novel framework specifically designed to dis-
tinguish and model the two critical dimensions of user in-
terests: the temporal scope (long and short-term interests)
and the adaptability to evolving patterns. LS-TGNN not
only distinguishes between short-term and long-term user
interests, but also investigates the evolution and changes
in user interests over time, thus resulting in more accurate
and personalized recommendations. It proposes a unique ar-
chitecture that integrates Temporal Graph Neural Network
(TGNN) and self-supervised learning mechanisms to dy-
namically and precisely capture user preferences. The pro-
posed model consists of multiple layers, each designed to
address specific challenges in recommendation systems, in-
cluding modeling long-term and short-term user interests,
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session representation learning, and the final prediction layer
for next-click recommendations.

The contributions are summarized as follows:

• We propose an approach to achieve Long and Short-
term (LS-term) interest disentanglement based on item
granularity, which facilitates accurate modelling of users
LS interests.

• We introduce a new temporal perspective model that ef-
fectively captures the dynamic migration of item neigh-
borhood information over time in a session by construct-
ing a Temporal Graph Neural Network (TGNN).

• We conduct extensive experiments on three widely-used
datasets to verify the effectiveness of LS-TGNN. Exper-
imental results demonstrate that LS-TGNN outperforms
the state-of-the-art (SOTA) schemes by a large margin.

Preliminaries
Problem Statement
Let V = {v1, v2, v3, . . . , vM} represent all items, with M
being the total number of items. An anonymous session Sq is
represented by Sq = {vt1, vt2, . . . , vtl}. It refers to a series
of interactions by the user in the current session in chrono-
logical order. All anonymous sessions are represented by
S′ = {S1, S2, . . . , SN}, with N being the total number of
sessions. vi is the ID of the item that the user clicks dur-
ing the i-th interaction in the session Sq , and l is the length
of Sq . Given a session Sq , session-based recommendation
aims to recommend the top-K items (1 ≤ K ≤ M) from V
that are most likely to be clicked by the user in the current
session.

Temporal Session Graph Construction
In session-based recommendation, the transition between
items reflects the evolution of user interests over time. We
construct the session as a temporal graph to learn node rep-
resentations. Given a session Sq = {vt1, vt2, . . . , vtl}, de-
note Gs = (Vs, Es) as the corresponding session graph,
where Vs ⊆ V is the set of items that the user has clicked
in session Sq . Es = {eij | (vi, vj) | vi ∈ Sq, vj ∈ Nq(vi)}
denote the edge set, wherein Nq(vi) represents the neigh-
bor to the item vi in Sq . To ensure the temporal order of
each neighbor, for each item vi in session Sq , we first add
it to the edge set along with its left neighbor edge. An
example of a temporal session graph construction is illus-
trated in Fig. 2. For a central node v2 in the current session
{v1 → v2 → v3 → v2 → v4 → v5 → v2}, the set of its
neighbors is {v1, v3, v4, v5}, which has a temporal order.

Item-Granularity LS-Term Interest Proxy
A user’s interaction history Sq reflects both long and
short-term interests (Liu et al. 2022). A recommender sys-
tem first learns these interests from Sq , and then pre-
dicts future interactions based on both aspects (Jiang et al.
2024). To better learn long and short-term interests, we
define the item-granularity long-short term interest proxy.
Specifically, for vi in a session Sq , its long-term proxy
puli = {N1(vi),N2(vi), . . . ,Nq(vi), . . . ,NN (vi)} includes

all neighbors of vi in S′, and the short-term proxy pusi is the
last item in Nq(vi).

LS-TGNN Network Structure
In this section, we describe the network architecture of LS-
TGNN. We first introduce the LS-TGNN framework, we
then present the three components of LS-TGNN: the user
interest modeling layer, the disentanglement of long-short
term interests layer, and the session representation learning
layer. Finally, we describe the final prediction layer.

Framework of LS-TGNN
The overall framework of LS-TGNN is depicted in Fig. 2.
LS-TGNN mainly consists of three components, i.e., 1⃝, 2⃝,
and 3⃝ in Fig. 2. The first component ( 1⃝) models users’
long-short term interests from two perspectives. The second
component ( 2⃝) disentangles users’ long-short term inter-
ests by designing a long-short term interest proxy through
a comparative learning approach. The third component ( 3⃝)
incorporates the user’s long-short term interests into the final
recommendation.

User Interest Modelling Layer
Motivated by recent studies (Shen et al. 2023; Li et al.
2023b) that separately learn LS-term interests using two dif-
ferent models, we propose to utilize two separate encoders,
i.e., Long-term Encoder and Short-term Encoder, to capture
these two aspects, respectively.

Long-term Interest Encoder. Long-term interests reflect
an overall view of user preferences, and are relatively sta-
ble and less affected by recent interactions (Zheng et al.
2022). Thus, a user’s long-term interests can be determined
from the entire session of historical interactions. First, each
item is embedded into a unified embedding space. Let H =
[hv1 ; hv2 ; . . . ; hvl

], where hvi = Emb(vi) ∈ Rd denotes the
item embedding for item vi, and Emb(·) is the item em-
bedding look-up table and d is the dimension of the vec-
tors. We also use a learnable position embedding matrix
P = [pv1

; pv2
; . . . ; pvl

], where pvi
∈ Rd is a position vec-

tor for specific position i, and l is the length of the current
session. Then, we combine the original embedding with po-
sition information as follows:

h
′

vi
= hvi + pvi . (1)

Inspired by (Hou et al. 2022; Kang and McAuley 2018),
we utilize L layers of self-attention modules to learn the la-
tent relationships among session items.

F = Transformers([h ′
v1
; h ′

v2
; . . . ; h ′

vn
]). (2)

where F ∈ Rl×d and d represents the output dimension
of the feedforward network in the final layer of the self-
attention module. Subsequently, we obtain the normalized
weights α1 ∈ Rn:

α1 = softmax(W1 ⊙ F⊤). (3)
where W1 ∈ Rd×1 is a learnable parameter, and ⊙ indicates
element-wise product. The final learned long-term interests
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Figure 2: An overview of the proposed LS-TGNN: 1⃝ represents the user interest modeling stage, where user interests are
modeled from both long-term and short-term perspectives. 2⃝ is the disentangling stage of long-term and short-term interests,
guided by a self-supervised approach that directs the long-term and short-term encoders. 3⃝ represents the final prediction stage.

representation is a weighted aggregation of the entire inter-
action history, with weights computed from the attentive net-
work mentioned above and calculated as follows:

ul = α1 ⊙ H . (4)

Short-term Interest Encoder. Short-term interest cru-
cially reflects immediate user tendencies and its tempo-
ral nature is vital. Nevertheless, existing studies (Liu et al.
2022) usually focus on the basic connections between ses-
sion items and their neighbors, but ignore the temporal na-
ture of the neighbor nodes themselves. This oversight can
lead to several issues, particularly in dynamic network set-
tings where user interests evolve. Neglecting the temporal
aspects of neighboring nodes can result in models that fail
to accurately track these changes. Moreover, the relevance
and significance of certain neighbors may shift over time,
a factor not considered by traditional methods. To address
these challenges, we introduce a novel method that con-
structs a temporal session graph centered on session items
to integrate neighbor nodes’ temporal data, thereby enhanc-
ing item representation. Recognizing the time-sensitive na-
ture of short-term interests, our approach prioritizes the lat-
est item transitions. We employ a new layer using Temporal
Graph Neural Networks (TGNN) to capture these transitions
and underscore the importance of recent relational dynamics
in accurately depicting short-term user interests.

As shown in Fig. 2, we create a temporal session graph
for each session. For vi (vi ∈ Sq) and its neighbor nodes vj

(vj ∈ Nq(vi)), we form a time series H ′ = [h ′
1; h

′
2; . . . ; h

′
o]

of neighbor nodes, where h ′
j = Emb(vj) ∈ Rd denotes the

neighbor nodes embedding, and o is the number of neigh-
bor nodes. Moreover, we propose a GRU-like (Chung et al.
2014) time-aware module to capture the variation of the
neighbor sequence in the time dimension:

zts,j = σ
(
Wz[H

′
t ||hvi

] + Uzn
t−1
j + bz

)
. (5)

rts,j = σ
(
Wr[H

′
t ||hvi

] + Urn
t−1
j + br

)
. (6)

ñt
j = tanh

(
Wo[H

′
t ||hvi ] + Uh

(
rts,j ⊙ nt−1

j

)
+ bh

)
. (7)

nt
j =

(
1− zts,j

)
⊙ nt−1

j + zts,j ⊙ ñt
j . (8)

where Wz,Wr,Wo ∈ Rd×2d, Uz,Ur,Uh ∈ Rd×d are
learnable parameters, ⊙ indicates element-wise product, and
|| represents concatenation operation. To emphasise the im-
portance of the central node, we add the embedding of the
central node hvi

at each time step of the input neighbor se-
quence. Finally, we acquire a representation nt

j of the se-
quence of neighbors of each node through the time-aware
module.

Instead of directly computing the similarity between the
central node representation and the initial neighbor repre-
sentation (Wang et al. 2020), we take into account the tem-
poral migratory nature of neighbor information at the item
granularity level. By calculating the similarity between the
output of the time-aware module nt

j and the central node
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representation hvi , we differentiate the importance of differ-
ent neighbors based on the temporal dimension. We employ
item-aware attention to aggregate the representations of dif-
ferent neighbor nodes. The equations for attention weights
between the central node and its neighbors are as follows:

αi,j = qT1 LeakyReLU (W2[(hvi ⊙ nt
j)||Wij ]). (9)

Here we choose LeakyRelu as the activation function, Wij ∈
R1 is the weight of edge (vi, vj) in the temporal session
graph, and W2 ∈ Rd+1×d+1 and q1 ∈ Rd+1 are trainable
parameters. This approach makes information dissemination
dependent on the affinity between hvi

and nt
j , which means

that neighbors that match the preferences of the central node
in the time dimension are preferred.

Then we normalize the coefficients across all neighbors
connected with vi by adopting the softmax function:

αi,j =
exp(αi,j)∑

vk∈Nq(vi)
exp(αi,j))

. (10)

As a result, the final attention score is capable of suggesting
which neighbor nodes should be given more attention. We
aggregate the neighbor nodes information by calculating the
acquired attention score:

hNq(vi) =
∑

vj∈Nq(vi)

αi,jh
′
j . (11)

The final step involves aggregating the item representa-
tion hvi

with its neighbor representation hNq(vi). We design
a gated aggregator as follows:

α2 = σ

(
W3

[∑l
i hvi

l

∥∥∥∥
∑l

i hNq(vi)

l

])
. (12)

where W3 ∈ Rd×2d is a trainable parameter to control infor-
mation weight of item representation and neighbor represen-
tation. We calculate the final item representation as follows:

hT
vi

= α2 ∗ hvi
+ (1− α2) ∗ hNq(vi). (13)

The representations of items in the temporal session graph
are aggregated based on the features of the item itself and its
neighbors within the current session. Through the attention
mechanism, the influence of noise on item representation
learning is mitigated. Item representations, captured through
TGNN, are utilized to represent the user’s short-term inter-
ests us.

Disentanglement of LS-Term Interests Layer
As discussed previously, long-term interests offer a compre-
hensive overview of user preferences by summarizing the
entire history of interactions. In contrast, short-term inter-
ests, reflecting recent interactions, evolve dynamically over
time. Consequently, we derive proxies for long and short-
term interests from interaction sequences to guide the two
interest encoders.

Item-Granularity LS-Term Interest Proxy Generation.
Unlike conventional schemes of generating session-grained
long and short-term proxies (Zheng et al. 2022), in order
to better disentangle long and short-term interests, we ex-
tract the long-term and short-term proxies separately for
each item in a session. Specifically, we obtain the long-term
proxy for the current item by computing the average of all
the neighbor representations of each item over all histori-
cal interactions. The short-term interest proxy is obtained by
using the last neighbor representation of the item in the cur-
rent session. Formally, the long-term and short-term interest
proxies for each item are computed as follows:

pu
li =

1

Ci
Emb({N1(vi),N2(vi), . . . ,NN (vi)}). (14)

pu
si = Emb(Nqn(vi)). (15)

where Ci indicates the number of neighbors of item vi in the
full history sessions, and Nqn(vi) denotes the last neighbor
of vi in the current session.

Self-supervised Disentanglement of LS-Term Interests.
With proxies as labels, we utilize them to disentangle long
and short-term interests. Specifically, we focus on learning
comparisons between encoder outputs and proxies. Our goal
is to ensure that long-term and short-term interest represen-
tations are similar to their corresponding proxies, while stay-
ing away from representations that are opposite to them. We
illustrate the contrasting learning tasks in 2⃝ of Fig. 2, in the
form of two contrasting tasks as follows:

sim(us, p
u
s ) > sim(us, p

u
l ). (16)

sim(ul, p
u
l ) > sim(ul, p

u
s ). (17)

where Eq. (16) supervises short-term interests, Eq. (17) su-
pervises long-term interests, and sim(·, ·) indicates embed-
ding similarity. With these two comparison tasks, we are
able to bring the representations of items that constitute
short-term interests closer to short-term proxies in high-
dimensional space. At the same time, we are able to bring
the representations of items that constitute long-term inter-
ests closer to long-term proxies.

We leverage the triplet loss function to accomplish con-
trastive learning on Eq. (16) and Eq. (17). Formally, the loss
function which uses the Euclidean distance to capture em-
bedding similarity is calculated as follows:

Ltri(a, p, q) = max{d(a, p)− d(a, q) +m, 0}. (18)

where d denotes the the Euclidean distance, and m denotes a
positive margin value. Ltri is designed to make the anchor a
more similar to the positive sample p than the negative sam-
ple q. Then the contrastive loss for self-supervised disentan-
glement of LS-term interests can be calculated as follows:

Lc = f(us, p
u
s , p

u
l ) + f(ul, p

u
l , p

u
s ). (19)

where f is Ltri or other loss function, e.g., Bayesian Per-
sonalized Ranking (BPR) (Rendle et al. 2012).

To summarize, we present two encoders with different
temporal dimensions in order to learn representations of
long-term and short-term interests. To achieve disentangle-
ment of long-term and short-term interests, we compute

12429



item-level interest proxies from historical interaction se-
quences. We further propose contrastive learning loss func-
tions to guide the two encoders to learn their respective rep-
resentations in a self-supervised manner.

Session Representation Learning.
Aggregating LS-term interest representations obtained
through disentangling remains a challenge. Since LS-term
interest representations are item-based, simple aggregation
methods such as summation and concatenation assume that
all items in the LS-term representations have the same con-
tribution to next-click prediction, which are inappropriate in
many cases. Adaptive fusion of LS-term interest represen-
tations is particularly important for next-click prediction.
For long-term representation, we use the weights learned
through the transformer α1 to aggregate session items to
form session-level representations, which are calculated as
follows:

Ul =
l∑

i=1

α1hvi
. (20)

For short-term representation, the most recently clicked item
is more representative of the user’s preference (Wu et al.
2019). Thus, we use concatenation and linear layer to
combine reversed position information with item represen-
tations learnt from the TGNN layer.

zi = tanh(W4[h
t
vi
||pvl−i+1

] + b1). (21)

where W4 ∈ Rd×2d and b1 ∈ Rd are trainable param-
eters, hT

vi
indicates representations of items after TGNN.

We represent session information by averaging the session
item representations, i.e., s′ = 1

l

∑l
i=1 h

T
vi

. Similar to GCE-
GNN (Wang et al. 2020), we employ a soft attention mech-
anism to acquire the weight for each item βi:

βi = qT2 σ(W5zi +W6s
′
+ b2). (22)

where W5, W6 ∈ Rd×d, and q2, b2 ∈ Rd are learnable pa-
rameters. The short-term session representation can be ob-
tained by linearly combining the item representations:

Us =
l∑

i=1

βih
T
vi
. (23)

Finally, we acquire LS-term session representations that
represent the different interests of users at different times
through different dimensions. We fuse LS-term session rep-
resentations through a gated aggregator similar to Eq. (12)
and Eq. (13), which is listed as follows:

α3 = σ(W6[Ul||Us]). (24)

where W6 ∈ Rd×2d is a trainable parameter to control infor-
mation weight of LS-term session representations. We ag-
gregate the LS-term session representations to form the final
session representation by α3 as follows:

S = α3 ∗ Us + (1− α3) ∗ Ul. (25)

Prediction Layer
Based on the acquired session representation S, the final
recommendation probability of each candidate item is cal-
culated by combining their initial embedding and current
session representation. This process is typically achieved
through a dot product operation to obtain the click proba-
bility for all items:

xi = SThvi . (26)

We normalize the scores of all items using a softmax
layer. Similar to (Pan et al. 2020), we introduce a scaling
coefficient τ to control data scaling and promote model con-
vergence. The final score ŷi is presented as follows:

ŷi =
exp(τxi)∑
i exp(τxi)

. (27)

where ŷi denotes the probability of item vi appearing as the
next-click in the current session.

To train the main task, we employ cross-entropy as the
optimization objective to learn the parameters:

Lmain = −
∑
i∈V

yilog(ŷi) + (1− yi)log(1− ŷi). (28)

wherein yi denotes the one-hot encoding vector of the
ground truth items. Finally, we acquire the overall loss func-
tion L of the model as follows:

L = Lmain + λLc. (29)

where λ is a hyper-parameter to control the scale of the self-
supervised disentanglement of LS-term interests.

Experimental Settings
Datasets
To evaluate the effectiveness of LS-TGNN, we con-
duct experiments on three widely-used datasets: Tmall1,
RetailRocket2, and Diginetica3. The Tmall dataset comes
from the IJCAI-15 competition, which contains anonymous
user shopping logs on Tmall online shopping platform. Re-
tailRocket is a dataset on a Kaggle contest released by an
e-commerce company, which contains user browsing activ-
ity within six months. Diginetica is a dataset from CIKM
Cup 2016 and contains music listening behavior of users.
The statistics of the datasets are presented in Table 1.

Similar to existing studies (Wang et al. 2020; Wu et al.
2019), we augment and annotate the training and test
datasets by using a sequence splitting method. It gener-
ates multiple labeled sequences with the corresponding
labels ([vt1 ], vt2), ([vt1 , vt2 ], vt3)..., ([vt1 , vt2 , ..., vtl−1

], vtl)
for every session S = {vt1 , vt2 , ..., vtl}. Note that the label
of each sequence is the last click item in it. We consider Pre-
cision@20 (P@20 for short) and MRR@20 as the metrics,
all of which are widely adopted for evaluation (Wang et al.
2020; Wu et al. 2019; Xia et al. 2021a).

1https://tianchi.aliyun.com/dataset/42
2https://www.kaggle.com/datasets/retailrocket/ecommerce-

dataset
3https://competitions.codalab.org/competitions/11161
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Statistics Tmall Retailrocket Diginetica
#clicks 818,479 1,085,217 982,961
#train sessions 351,268 433,643 719,470
#test sessions 25,898 15,132 60,858
#items 40,728 36,968 43,097
Average session length 6.69 5.43 5.12

Table 1: Statistics of the datasets, including Tmall, Retail-
rocket, and Diginetica.

Baselines
We compare the proposed LS-TGNN with the state-of-the-
art (SOTA) session-based recommendation methods, includ-
ing RNN-based models, e.g., GRU4REC (Hidasi et al. 2015)
and NARM (Li et al. 2017), attention-based models, e.g.,
STAMP (Liu et al. 2018) and SRGNN (Wu et al. 2019), and
graph-based approaches including GCE-GNN (Wang et al.
2020), S2-DHCN (Xia et al. 2021c), and COTREC (Xia
et al. 2021b). Additionally, we consider CORE (Hou et al.
2022), MGIR (Han et al. 2022), and SPARE (Peintner, Mo-
hammadi, and Zangerle 2023) as the SOTA baselines. De-
tailed description of these baselines can be found in the sup-
plementary materials.

Implementation Details
We fix the dimension of latent vectors to 256, and set the
minimum batch size for all models to 256, and fix the λ to
0.1. Following the recommendations from the original stud-
ies, we carefully tune the other hyper-parameters of the base-
line models and report their performance under the best set-
tings. For LS-TGNN, all parameters are initialized using a
Gaussian distribution with a mean of 0 and a standard devi-
ation of 0.1. We employ the Adam optimizer with an initial
learning rate of 0.001, decay it by a factor of 0.1 every 3
epochs, and set the L2 penalty term coefficient to 10−5. Ad-
ditionally, we set the number of neighbors for each item in
the temporal session graph to 8, and globally to 100. We
conduct all the experiments on Nvidia GeForce RTX 3090
GPU.

Experimental Results
Overall Performance
In this section, we compare LS-TGNN with the SOTA base-
lines to verify its effectiveness. We boldface the best results
and underline the second-best results. Experimental results
of all methods are listed in Table 2. Improv. (%) represents
the percentage of improvement that LS-TGNN achieves rel-
ative to the best result among the baseline models. From the
table, we make three important observations.

First, graph-based baseline approaches (e.g., GCE-GNN
and SR-GNN) perform well in modelling session data, com-
pared to RNN-based approaches (e.g., NARM and STAMP),
which highlights the potential of GNNs in this domain.
Particularly noteworthy that GCE-GNN exhibits better per-
formance than SR-GNN, which suggests that fusing dif-
ferent levels of information (both local and global) can

Method Diginetica Retailrocket Tmall
P@20 MRR@20 P@20 MRR@20 P@20 MRR@20

GRU4REC 29.45 8.33 44.01 23.67 10.93 5.89
NARM 49.70 16.17 50.22 24.59 23.30 10.70
STAMP 45.64 14.32 50.96 25.17 26.47 13.36
SR-GNN 51.26 17.66 50.32 26.57 27.57 13.72
GCE-GNN 54.22 19.04 54.58 28.09 33.42 15.42
S2-DHCN 53.18 18.44 53.66 27.30 31.42 15.05
COTREC 54.18 19.07 56.17 29.97 36.35 18.04
CORE 52.84 18.47 56.68 30.09 39.16 19.52
MGIR 53.73 18.77 56.62 29.84 36.41 17.42
SPARE 54.08 18.59 56.91 30.22 39.28 20.07
LS-TGNN 55.10 19.47 58.01 30.74 42.61 20.33
Improv.(%) 1.62 2.09 1.93 1.72 8.47 1.30

Table 2: Performance(%) comparison of LS-TGNN against
the baselines. The best results are boldfaced and the second-
best results are underlined.

effectively improve the accurate prediction of user intent
in session-based recommender systems. In addition, the
richness of cross-session information is further exploited
through unsupervised task-assisted learning (e.g., S2-DHCN
and COTREC), which further improves performance of the
model.

Second, SPARE (Peintner, Mohammadi, and Zangerle
2023) demonstrates outstanding performance across three
datasets, particularly excelling in the Tmall dataset. It in-
dicates that explicitly modeling multi-hop information ag-
gregation mechanisms via shortest-path edges across mul-
tiple layers is effective for session-based recommendation
systems. Moreover, CORE (Hou et al. 2022) achieves the
best performance on most metrics among all baseline mod-
els, highlighting the necessity of matching users and items
within a consistent representation space and underscoring
the advantages of lightweight models in terms of both per-
formance and efficiency.

Third, as shown in Table 2, our proposed LS-TGNN
outperforms all baselines, especially in the Tmall dataset,
where it surpasses the best baseline by 8.47% in terms
of Precision@20. We attribute these improvements to our
approach of modeling user interests from both long-term
and short-term perspectives and proposing a temporal ses-
sion graph construction method. Additionally, unlike the
neighbor information aggregation method proposed in GCE-
GNN (Wang et al. 2020), we capture the temporal transitions
of neighbor information to model the relevance to the central
node, thereby effectively aggregating information. We also
employ a long-short term disentangling method at the item
granularity to form item node representations.

Ablation Study
To demonstrate the effectiveness of the key components in
LS-TGNN, we conduct an ablation study on the Diginetica,
Tmall, and Retailrocket datasets under the following con-
ditions: (1) -LIE: removing the Long-term Interest Encoder,
(2) -SIE: removing the Short-term Interest Encoder, and (3) -
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Figure 3: Performances of LS-TGNN with its variants on
Diginetica, Retailrocket, and Tmall datasets.

Figure 4: Performances of LS-TGNN with different global
number of neighbors for each item on Diginetica, Retail-
rocket, and Tmall datasets.

SDL: removing the Self-supervised Disentangling Loss. The
specific results are illustrated in Fig. 3. It is observed that
removing any component results in a performance drop, es-
pecially when the Short-term Interest Encoder is removed.
This highlights that users’ short-term interests are crucial for
predicting the next click, and the construction of the tempo-
ral session graph plays a vital role in modeling users’ short-
term interests. We also conduct the same experiments on
MRR@20, and the conclusions are consistent. Nevertheless,
due to space limit, they are not shown here.

Parameter Sensitivity
We select the global number of neighbors N1 for each item,
and the number of neighbors N2 in the temporal session
graph for each item as two critical hyperparameters to study
their impact on the overall performance. We conduct exper-
iments on three datasets, and the specific results are illus-
trated in Fig. 4 and Fig. 5. From the figures, we can see that
too small or too large values of N1 and N2 negatively affect
the model’s performance. We conclude that if the number of
neighbors for an item is too large, the model tends to focus
more on the information from the neighboring nodes while
losing the item’s own characteristics. Conversely, if the num-
ber of neighbors is too small, it fails to capture sufficient
neighborhood information, thus affecting performance.

Related Work
GNN Session-based Recommendation
Graph Neural Networks (GNNs) are a powerful representa-
tion learning method with outstanding generalization abil-
ities (Xu et al. 2020). Recently, GNNs have been uti-
lized to capture complex transfer relationships in session-
based recommendations. GCE-GNN (Wang et al. 2020)
leverages global-level item transitions across all sessions to
learn about global-level neighbor information. The afore-
mentioned studies demonstrate good performance in mining
item sessions and global transition relationships. MAE (Ye,
Xia, and Huang 2023) addresses label scarcity and data

Figure 5: Performances of LS-TGNN with different number
of neighbors in the temporal session graph for each item on
Diginetica, Retailrocket, and Tmall datasets.

noise in sequential recommendation by dynamically distill-
ing global item transitions for self-supervised augmentation.
Disen-GNN (Li et al. 2023a) decomposes item embeddings
into multiple factors through disentangled learning and uses
Gated Graph Neural Network (GGNN) to learn embeddings
for each factor based on the similarity matrix between fac-
tors. Nevertheless, most studies employ fixed neighbor in-
formation aggregation or leverage inherent session features,
often neglecting temporal variations in neighbor information
(Jiang et al. 2023). This limitation restricts the representa-
tion capabilities of items and impacts the matching process
between users and candidate items.

GNN for Temporal Modeling

Integration of temporal information into graph representa-
tion learning is increasingly receiving attention, highlighting
its critical role in session prediction. A common approach
is to use a time-aware encoder to capture the dynamic in-
formation of the graph and embed it into the node encod-
ings (Kumar, Zhang, and Leskovec 2019). These time-aware
encoders can be designed to synthesize node representations
at different times along with the GNN modules (Zhu et al.
2023). For instance, ST-GNN (Lakmal et al. 2024) utilizes
Gated Recurrent Units (GRU) and Graph Isomorphism Net-
works (GIN) to capture temporal and spatial characteristics.
DGNN (Manessi, Rozza, and Manzo 2020) introduces an
LSTM layer after the graph convolutional layer to sequen-
tially propagate node features. TP-GNN (Liu et al. 2024)
uses a message passing technique with information flows
between nodes to capture long-term temporal dependencies.
But these methods have difficulties in modeling user ses-
sions due to short sequences and time intervals.

Conclusion

In this paper, we proposed a Long and Short-Term Tempo-
ral Graph Neural Network (LS-TGNN), a novel framework
designed to disentangle and model the long-term and short-
term user interests in session-based recommendation sys-
tems. LS-TGNN addresses the limitations of existing meth-
ods by incorporating temporal graph neural networks and
self-supervised learning mechanisms, which effectively cap-
ture the dynamic evolution of user interests over time. Ex-
periments on three datasets prove LS-TGNN’s effectiveness.
Future research may explore multi-modal data integration to
improve its prediction accuracy.
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