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Abstract

Session-based recommendation aims to pre-
dict users’ next actions from anonymous in-
teraction sessions. Existing approaches com-
monly adopt L2-based smoothing to enforce
global stability and convergence; however,
such strategies often overlook fine-grained lo-
cal variations within session sequences and
fail to fully exploit the adaptive modeling ca-
pacity of graph neural networks (GNNs). To
overcome these limitations, we propose SR-
EGNN, an Elastic Graph Neural Network for
session-based recommendation that explicitly
models adaptivity at both local and global lev-
els. Specifically, the proposed framework de-
composes adaptivity into two complementary
components: local adaptivity, which captures
subtle and dynamic variations within individ-
ual sessions, and global adaptivity, which pre-
serves overall smoothness and training stabil-
ity across the session graph. By jointly mod-
eling these two aspects, SR-EGNN achieves
a more effective trade-off between local sen-
sitivity and global consistency than conven-
tional smoothing-based methods. Concretely,
SR-EGNN first encodes session representa-
tions using GNNs equipped with multi-head
attention, and then applies dedicated local
and global smoothing mechanisms to refine
the representations. Extensive experiments
on two real-world benchmark datasets demon-
strate that SR-EGNN consistently outperforms
strong baselines, validating the effectiveness
of the proposed elastic modeling framework.
The implementation is publicly available at
https://gitcode.com/Zane507/SR-EGNN

1 Introduction

With the exponential growth of online informa-
tion, recommendation systems have become es-
sential for alleviating information overload and
enabling users to efficiently access relevant con-
tent. Conventional recommendation approaches
typically rely on user profiles and long-term be-

havioral histories to deliver personalized recom-
mendations. However, in many real-world scenar-
ios, user identity information is unavailable, and
only short-term interaction data within a single
session can be observed. This setting gives rise
to the session-based recommendation task, which
aims to predict a users next action solely based
on anonymous click sequences in the current ses-
sion. Despite the lack of persistent user identi-
fiers, session-based recommendation is of substan-
tial practical importance, as it supports effective
personalization under severe data sparsity and pri-
vacy constraints.

A wide range of methods have been proposed
for session-based recommendation. Early ap-
proaches such as POP and S-POP rank items by
their occurrence frequency in the training data.
Item-KNN (Davidson et al., 2010) applies item-
based collaborative filtering by constructing item-
to-item similarity matrices using cosine similar-
ity. Neural sequence models, exemplified by
GRU4Rec (Hidasi et al., 2015b), leverage recur-
rent neural networks to capture sequential depen-
dencies for next-item prediction. NARM (Li et al.,
2017) introduces an attention mechanism to em-
phasize informative items and infer the main user
intent within a session. SR-GNN (Wu et al.,
2019) models session sequences as graphs and
employs gated graph neural networks with self-
attention over the last clicked item. More re-
cently, Amazon-M2 (Jin et al., 2024) provides a
large-scale multilingual and multi-locale shopping
session dataset, facilitating comprehensive empir-
ical evaluation. SRGI-CM (Wang et al., 2024b)
enhances dynamic item-transition modeling by
incorporating global item-transition information,
while Re2LLLM (Wang et al., 2025) explores large
language models guided by lightweight retrieval
agents for session-based recommendation.

Despite their strong empirical performance, ex-
isting methods still face fundamental challenges.



First, accurately modeling user preferences from
highly sparse session data remains difficult. Ses-
sions are anonymous and typically contain only
a few implicit behavioral signals, making it chal-
lenging to construct reliable user representations
or effective retrieval agents. Most neural ap-
proaches encode user intent implicitly through
hidden representations (e.g., SR-GNN), while
large-model-based methods depend on auxiliary
retrieval mechanisms (e.g., Re2LLM); both are
constrained by the limited information available
within a single session. Second, although prior
studies have shown that information enhancement
plays a crucial role in session-based recommen-
dation (Wang et al., 2024b, 2025), existing ap-
proaches primarily focus on global item interac-
tion enhancement or task-specific feedback mod-
eling, while largely overlooking the elastic adapt-
ability of session representationsnamely, the abil-
ity to flexibly adjust representation structures in
response to diverse and evolving session dynam-
ics.

To address these limitations, we propose SR-
EGNN, an Elastic Graph Neural Network frame-
work for session-based recommendation that ex-
plicitly models elasticity adaptability within ses-
sions. Elastic Graph Neural Networks (Elas-
ticGNNs) (Liu et al., 2021) are designed to learn
flexible graph representations and have demon-
strated strong performance in various domains, in-
cluding natural language processing and computer
vision, such as text embedding (Daneshfar et al.,
2024), image classification (Qin and Qian, 2024),
and edge prediction (Li et al., 2023). Inspired
by these advances, we introduce elastic modeling
mechanisms into session-based recommendation
for the first time. By enhancing both local and
global elasticity in graph-based session represen-
tations, SR-EGNN captures structural variations
that are difficult to model using conventional meth-
ods such as NARM, SR-GNN, and Re2LLM, en-
abling more accurate next-item prediction under
sparse and anonymous session settings.

Figure 1 illustrates the overall framework of
SR-EGNN. Each session is modeled as a directed
graph, consisting of input and output graphs along
with an association matrix. The graphs are pro-
cessed by graph neural networks to obtain node
representations, which are aggregated via a multi-
head attention mechanism. A soft attention mod-
ule integrates session-level information, followed
by a local elastic operation to enhance intra-

session adaptability. Subsequently, a global elastic
operation is performed using the association ma-
trix to capture cross-session elasticity. Finally, SR-
EGNN predicts the click probabilities of candidate
items for the next interaction. Extensive experi-
ments on real-world datasets demonstrate that SR-
EGNN consistently outperforms strong baselines
and achieves state-of-the-art performance.

The main contributions of this work are summa-
rized as follows:

* We are the first to introduce elastic graph neu-
ral networks into session-based recommenda-
tion, explicitly modeling elasticity adaptabil-
ity throughout the recommendation process.

* We propose a novel message-passing frame-
work that jointly captures both local and
global elasticity in session modeling.

* Extensive experiments on benchmark
datasets demonstrate the effectiveness of SR-
EGNN, yielding consistent and significant
improvements over state-of-the-art methods.

2 Related Work

In this section, we will introduce works related
to our method, including session recommendation,
graph neural networks, elasticity mechanism.

2.1 Session Recommendation

In session recommendation, it is common to pre-
dict items of interest to users based on the order
in which they click on them. PME (Wu et al.,
2013) proposed a personalized Markov embed-
ding model that maps users and items to Euclidean
space, where the user item distance and item
item distance reflect their respective importance.
GRU4Rec (Hidasi et al., 2015a) introduced re-
current neural networks into session-based recom-
mendation tasks for the first time, addressing the
inaccuracy of matrix factorization methods.Each
item in the session has different importance for
predicting future behavior, so many of the rec-
ommended methods use attentional mechanisms
to assign weight. (Wang et al., 2018) proposes
an effective attention based transaction embedding
model that strengthens relevant items and dilutes
items unrelated to the next choice. (Liu et al.,
2018) proposed a new short-term memory prior-
ity model to address the issue of user interest drift
caused by accidental clicks in long-term conversa-
tions. This model captures the overall interest of



users in long-term conversations and considers the
current interest based on the short-term memory
of the last click. (Pan et al., 2020) designed a self-
attention mechanism to correct the importance of
items in a sequence and predict users’ long-term
preferences.(Jin et al., 2024) proposes a multilin-
gual dataset to enhance the personalization and un-
derstanding of user preferences and benchmarks a
series of algorithms. (Zhang et al., 2024) identifies
and distinguishes the impact of ID and modality
on modeling user behavior. Although these meth-
ods have proven effective and have advanced re-
search in the session-based recommendation do-
main, they all overlook the elasticity adaptability
in session modeling. This oversight can lead to
models overfitting the noise in the data, prevent-
ing them from achieving optimal performance.

2.2 Graph Neural Networks

In recent years, Graph Neural Networks (GNNs)
have played a significant role in various fields,
such as natural language processing (Mikolov
et al., 2013), image segmentation (Felzen-
szwalb and Huttenlocher, 2004), citation networks,
knowledge graphs (Kipf and Welling, 2022), and
recommendation systems (He et al., 2020). How-
ever, due to the heterogeneity between node clas-
sification tasks and session-based recommenda-
tion tasks, some research efforts have been pro-
posed in the field of session-based recommenda-
tion. SRGNN (Wu et al.,, 2019) was the first
to apply graph neural network algorithms to the
field of session-based recommendation, aiming to
capture the complex transition relationships be-
tween items. (Xu et al., 2019) used Graph Neu-
ral Networks (GNNs) to capture rich local de-
pendencies and constructed a Broadly Connected
Sequence (BCS) graph to connect different se-
quences, proposing a new Full Graph Neural Net-
work (FGNN) to learn complex item dependencies.
(Yu et al., 2020) proposed a sequence-based model
that adaptively activates different user interests for
different predicted items. (Wang et al., 2024a) pro-
posed a knowledge graph-based session adaptive
propagation algorithm that adaptively aggregates
the neighbor information of items, addressing the
issue that the intent of each session cannot adap-
tively change. Although GNNs have strong ca-
pabilities in handling graph data and have been
widely applied in the field of session-based rec-
ommendation, existing methods have overlooked
the elasticity adaptability of GNNs in session mod-

eling. Therefore, our method is based on GNN
modeling and considers the elasticity adaptability
in session modeling.

3 Proposed Method

We propose elastic graph neural network for ses-
sion recommendation. First, following (Wu et al.,
2019), we construct the information within and
between nodes of session s;, including the out-
put information of nodes Agft and the input in-
formation of nodes Af;l1 Unlike previous meth-
ods, we introduce the information between nodes
and edges Ag,, which is often overlooked in his-
torical session modeling. Second, we learn the
session embedding through graph neural networks
and a multi-head attention mechanism. Then, we
perform a local elasticity operation on the items
within the session. Subsequently, we execute a
global elasticity operation. Finally, we combine
the results of global and local elasticity to recom-
mend the next item. We present the architecture of
our model in Figure 1.

3.1 Notations

We use S to denote all session sequences. The
i-th session sequence s; € S is represented as
{vj", 03", -+ , v}, where m denotes the number
of items in s;. A™ represents the relationships
where nodes are pointed to by other nodes within
the session, and A°" represents the relationships
where nodes point to other nodes.

3.2 Constructing session graph

To clearly express the internal relationships be-
tween nodes, we provide a case. In S, the transi-
tion relationships between nodes can be described
as A, where A sc € A.

0 0 1 1
1 001
A = 1
case 1 0 O 0 ( )
01 01
A .. is a case we present, and it is further divided
. N t
into Al .. and A2):,.
03 %0 00 % %
m |0 001 ot _ | 500 3
Acasef 1 0 0 O Acasef l 0 0 0
i 04 0 501
(2

where the term A" represents the relationships

where node is pointed to by other nodes within a
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Figure 1: The workflow of the proposed SR-EGNN method.

session, while ASU represents the relationships
where node points to other nodes.

In the session, not only does it include the rela-
tionships between nodes, but it also includes the
relationships between nodes and edges. We use A
to represent the relationships between edges and

nodes, where A gse € A.

-1 1 00
-1 0 10

Acase— 0 _1 O 1 (3)
0 0 00

The term A5 represents the relationships be-
tween different edges and nodes in A s after re-
moving bidirectional connections and self-loops.

3.3 Learning session embedding

We initialize the embedding of items in each ses-
sion to obtain {v} , v2, --- ,vI"} € V. Then,
we use graph neural network to learn the spatial
structural features of the input graph AZP"* and
the spatial structural features of the output graph

A" for V..
G, = AV, Wi + A"V, Wy +b (4

where Alrl R™>m, AOllt € R™™M Vg, €
R™*d W e R*3d b ¢ Rm W and bepresent
learnable parameters, and d denotes the dimension
of the hidden layer.

Z,, = MultiHead Attention(Gy,) 5)
where G, € R34 7, ¢ RIx4,

3.4 Local elasticity

By learning the embedding of the s; items, we ob-
tain {z} ,z2,--- , 21"} € Z,,. Then, we learn the
local embeddlngs of the items and perform elastic-
ity operation.

In s;, we first define the attention coefficient for
the j-th term as follows:

aj=q o0 (Wszl' + Wuzl +c)  (6)

where j € [1,m], W3, Wy € R¥9 and q, c €
R9 represents learnable weight parameters.

Local embedding is defined as the embedding
operation on the last k items clicked within s;.

Z o,z @)

j=m—k

local

Then, we assign le(ical to the last clicked item.

Zg, = lef;cal (8)
where := denotes the reassignment of the value
to z2. Then, we obtain {z!,z2, - ,zlo®} €
le‘zca . Finally, we perform elastlclty operation us-

ing the / norm.

sign(zl°c!) - min(|zl°¢!|, \;) (OptionI :/; norm)

zlqcal = glocal
5 szs)#lll m1n(||zlocal\\2,)\1) (OptionII :l3; norm)
si

©)
where the reassigned z°* represents the result of
local elasticity using elther the {1 norm or the lo;
norm.

local



3.5 Global elasticity

After performing local elasticity to obtain leczcal’
we proceed with a global elasticity operation. The
global elasticity operation integrates the relation-
ships between nodes as well as between nodes and
edges. We initialize Hgi = chzcal, and then
Y! = H + (1 —y)Alsiongr! (10)
fusion in fusion
where A" = A - AJUE AN ¢ R
Hgl € R™*4 ~ represents a hyperparameter.
i+l AT
H' =Y. —yA] O} (11)
where Asi € A, A = Aﬁ_%, ]f)” = Zj Aij’
09 = 0™*?, 0™ represents all matrices whose
values are 0.
Oif' = 0! — pA, HLM! (12)
where [ is a hyperparameter. Then, we perform
the elasticity operation using the [-norm.

sign(OZrl) ~min(|0fs’fl\, A1) (OptionI :/; norm)

o =1 o
1057712
) (13)
where O represents the result after elasticity using
either the /1 norm or the /51 norm.
H{M =Y, —7A[ O (14)
The global elasticity is iteratively executed T
times, ultimately resulting in HZ
z8°" = MEAN(H ,axis = 0)  (15)
where MEAN(+, axis = 0) indicates taking the
mean of HY, along the z-axis, where H. € R™*¢,

and z5°" ¢ RY,

3.6 Recommend the next item

After applying local elasticity and global elastic-
ity, we obtained z\°°! and 28" respectively. We
then fuse the local and global elasticity using learn-
able weight parameters.

28 = W5CONCAT (z2%; z8°P2)

S

(16)

where W5 € R%*2? represents learnable weight
parameters, and CONCAT(+) denotes the vector
concatenation operation.
After obtaining zls%, we calculate the score for
each item.
al, =28v]]" (17

where z}ggi € R?, v}, € R% Then, we use the
softmax function to obtain the final output vector
of the model.

¥y = softmax(zs,) (18)

where z;, € R, crepresents the number of can-
didate prediction items. Then, we use the cross-
entropy loss function to calculate the loss between
the candidate prediction items and the true values.

L) = > yilog (§:)+(1 - yi) log (1 - §1).
=1

(19)
It is worth noting that the detailed experimental
parameters are documented in the experimental de-
tails.

4 Experiments

In this section, we introduce the datasets used to
validate the effectiveness of our method, the eval-
uation metrics for the experiments, the baseline

-min(][05Y||2, A1) (OptionII :l; norm) Methods for comparison, and the parameter set-

tings of our method. Additionally, we provide a
detailed analysis of the performance metrics of our
proposed method, including improvements in the
P@k and MRR @k metrics. Furthermore, we con-
duct an in-depth analysis of the hyperparameters
of our method. Finally, we present the results of
the ablation study for the proposed method.

4.1 Datasets

Yoochoose and Diginetica are two commonly used
real-world datasets based on session recommenda-
tion. The two datasets are derived from the click-
stream of users to e-commerce websites within six
months of the release of the 2015 RecSys Chal-
lenge and transaction data of user clicks recorded
within six months of the 2016 CIKM Cup plat-
form. For a more fair comparison, according to
(Li et al., 2017; Liu et al., 2018), we filtered out
all items with a length of 1 and appearing less
than 5 times in both datasets. The statistical data
of the dataset is summarized in Table 1. Refer-
ence to (Tan et al., 2016), We generate sequences
and corresponding labels by splitting the input se-
quences. For example, there is a sequence S =
{v1,v3,v5,v2}, The sequence we generate is la-
beled ({’Ul} s Ug),({vl, ’03} s U5),({’Ul, Vs, Q}5} > ’1)2),
and the label represents the item that the user
clicks next.



Table 1: Statistics of datasets used in the study.

Statistics Yoochoose 1/64 Diginetica
clicks 557,248 982,961
training sessions 369,859 719,470
test sessions 55,898 60,858
items 16,766 43,097
average length 6.16 5.12

4.2 Evaluation Metrics

Both P@k and MRR @k are widely used as eval-
uation metrics. The value of k is set to 5, 10 and
20.

P@k: We use P@k (Precision) score as a mea-
sure of precision of prediction. P@k represents
the proportion of all test cases which has correctly
recommended items amongst the top-k items.

1 N
P@k:N;q

where N denotes the number of test data, ¢; is O or
1. If the predicted result has appeared in the top-k
items, the value of ¢; is 1. Otherwise the value of
C; is 0.

MRR@k:  Another evaluation metric is
MRR @k (Mean Reciprocal Rank). It is the aver-
age of reciprocal ranks of all desire items. We set
the reciprocal rank to O if the rank exceeds k. It is
important in the field of recommendation systems
because it takes into account the ranking order of
recommendation list.

(20)

N

1 1
MRRQk = — E —_
R N — Rank(4)

2D

where IV denotes the number of test data. If the

predicted result has appeared in the top-k items,

the value of Rank(i) is the position index cor-

responding to the item. Otherwise the value of
1 .

Rank(z) is 0.

4.3 Baseline methods

POP and S-POP : Recommend the sequence item
by its frequency in the training set, and select N
items with the highest frequency as the recommen-
dation item.

item-knn (Davidson et al., 2010): uses item-
based collaborative filtering algorithm, and estab-
lishes item-to-item similarity matrix by cosine dis-
tance. Sequence recommendation based on item
similarity.

BRP-MF (Rendle et al., 2012): This is a
Bayesian personalized ranking algorithm. Many
algorithms do not directly optimize the personal-
ized ranking. BRF-MF algorithm proposes a gen-
eral personalized ranking optimization standard
and applies it to matrix factorization and adaptive
KNN algorithm.

FPMC(Rendle et al., 2010): combines matrix-
based methods with Markov chains. In addition,
Bayesian personalized ranking is introduced when
learning model parameters.

GRU4Rec(Hidasi et al., 2015b): This is a
deep learning method for sequence prediction. Se-
quence is a kind of sequential information, so re-
current neural networks can learn this kind of se-
quential information. In GRU4Rec, the recurrent
neural network is applied to sequence prediction.

NARM(Li et al., 2017): Based on the previ-
ous sequence prediction, which only considers the
sequence information of sequence prediction, the
important items in sequence are not considered.
Therefore, NARM algorithm considers the impor-
tance of sequence items through attention mech-
anism to capture the main purpose of users and
make recommendations.

STAMP(Liu et al., 2018): User click predic-
tion STAMP considers the user’s last click item
and integrates the user’s last click item with the
whole interest.

STAN(Garg et al., 2019): This method consid-
ers the position of an item in the current sequence,
the most recent sequence should be recommended,
and the consideration of sequence prediction in
neighboring sequence.

SRGNN(Wu et al., 2019): This method uses
gated GNN to get item embeddings and self-
attention with the last item in the sequence.

MTD(Huang et al., 2021): This approach
leverages an automatic and hierarchical approach
to jointly learn the dynamics of intra-sequence and
inter-sequence item transitions.

SRGI-CM(Wang et al., 2024b): This method
introduces global item-transition information to
enhance the modeling of dynamic item transitions.

4.4 Parameter settings

We use pytorch to implement our model. The
latent vector dimension d of the two datasets is
set to 100. We specify the regularization penalty
A = 107%. Adam optimizer was used to optimize
all models, and the batch size and learning rate



Table 2: Performance of SR-EGNN and other baseline methods on two datasets.

Method | Yoochoose 1/64 | Diginetica
| P@5 MRR@5 P@10 MRR@10 P@20 MRR@20 |P@5 MRR@5 P@10 MRR@10 P@20 MRR@20

POP 539 127 717 1.44 6.71 1.65 058 002  0.75 0.03 0.89 0.20
S-POP |20.57 16.62 26.82 17.63 3044 1835 11.06 11.02 1621 1271 21.06  13.68
Item-KNN |35.18 19.97 44.64 2056 51.60 21.81 18.62 928 2693 10.67 3575 11.57
BPR-MF |21.72 11.08 26.86 11.74 3131  12.08 327 111 4.26 1.70 5.24 1.98
FPMC [31.25 1349 39.80 1446 45.62 1501 1409 518 2029 597 26.53 6.95
GRU4REC |41.09 20.80 5253 22.13  60.64 22.89 1594 236 21.84 292 2945 8.33
NARM |46.23 2558 5884 2753 6832 28.63 2631 13.69 3722 1453 4970  16.17
STAMP |(46.67 27.12 5920 2827 68.74 29.67 24.04 11.53 3401 1259 4564 1432
STAN [46.86 2579 6027 2790 6945 28.74 26.03 1389 3732 1534 5013 16.73
SR-GNN |47.55 2844 6049 30.18 70.57 30.94 26.28 1497 3737 1644 50.73  17.59
MTD 4857 29.02 6144 3111 7037 31.02 2829 15.66 4022 1758 5392  19.20
SRGI-CM |50.12 29.13 63.51 31.20 70.31  30.27 29.13 1713 4132 1823 5471 1943
SR-EGNN|55.21 38.72 64.12 4113 71.61 4137 |40.68 2951 476 31.68 552  32.77
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SRGLCM 8] SRGLCM
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P
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(a) Yoochoose 1/64 (b) Diginetica
Figure 2: The convergence of SR-EGNN with base-
lines on the Yoochoose 1/64 and Diginetica.

were 100 and 0.001 respectively, where the learn-
ing rate was decayed to 1/10 of the original after
every 3 epochs. All parameters were initialized us-
ing a Gaussian distribution with mean O and stan-
dard deviation 0.1. We set the number of eopch
that is 10. During global elasticity, the number of
iterations T € [1, 15]. Apart from this, we directly
use the entire training set to train the model. Af-
ter the model training is completed, we select the
model that converges best on the training set as the
optimal model and test it on the test set.

4.5 Performance results

In Table 2, we present the results of the SR-EGNN
model with the best convergence performance af-
ter 10 iterations (£ = 10). When performance
is optimal, the values of T are 5 and 8 for the
Yoochoose 1/64 and Diginetica datasets, respec-
tively. At this point, our method shows new im-
provements in both P@k and MRR @k, with sig-
nificant enhancements particularly in the MRR @k.
On Yoochoose 1/64, when k is set to 5, 10, and
20, SR-EGNN improves by 11.4%, 2.6%, and
0.3% over the best baseline, respectively. No-
tably, in terms of the MRR metric, it improves by

33.43%, 32.21%, and 31.17%, respectively. On
Diginetica, when k is set to 5, 10, and 20, SR-
EGNN shows improvements of 42.84%, 16.44%,
and 2.3% in the P@k over the best baseline, re-
spectively. Specifically, in terms of the MRR @k,
it improves by 95.95%, 80.2%, and 70.7%, respec-
tively.

Generally, some baseline methods focus more
on the P@20 metric, such as SRGNN and MTD.
However, items ranked higher are more likely to
be clicked. On the Yoochoose 1/64 and Dig-
inectica datasets, SR-EGNN provides experimen-
tal results for the P@5, P@10, and P@20 metrics,
showing further improvement compared to base-
line methods. The higher ranking of session rec-
ommendation items and the higher precision when
k is smaller contribute to the improvements in the
P@5 and P@10 metrics, which are attributed to
the enhancement in the MRR performance met-
ric. SR-EGNN achieves further improvement in
MRR @k, thanks to its embedding learning for ses-
sion items, local elasticity mechanism, and global
elasticity mechanism.

4.6 Convergence analysis

To understand the differences between our pro-
posed method and the baseline methods, we con-
ducted a convergence analysis. The analysis re-
sults demonstrate the convergence of SR-EGNN
compared to SR-GNN and MTD on the training
datasets Yoochoose 1/64 and Diginetica Loss. As
shown in Figure 2, SR-EGNN exhibits a more lin-
ear convergence trend compared to SR-GNN and
MTD, achieving the best convergence result for
the training set loss at 10 epochs.



Table 3: Performance of SR-EGNN with different k-value.

Data k=2 k=3 k=4 k=5 k=6 k=8
P@5 MRR@5 P@5 MRR@5 P@5 MRR@5 P@5 MRR@5 P@5 MRR@5 P@5 MRR@5
Yoochoose 1/64 56.37 39.48 56.21 39.83 55.69 3959 5537 38.83 5556 3854 55.16 38.26
Diginetica  25.07 15.22 41.1 29.9 40.85 29.43 4085 2946 4064 2981 29.17 2191
P@10 MRR@10 P@10 MRR@10 P@10 MRR@10 P@10 MRR@10 P@10 MRR@10 P@10 MRR@10
Yoochoose 1/64 64.88 42.16  64.97 4194 64.63 4133 6429 4132 6449 4103 64.13 40.81
Diginetica  34.71 16.42 47.84 32.11 47.87 3155 4791 3199 4767 31.86 33.11 23.66

P@20 MRR@20 P@20 MRR@20 P@20 MRR@20 P@20 MRR@20 P@20 MRR@20 P@20 MRR@20

Yoochoose 1/64 72.35 42.54 72.53 4245 7221  41.79 72.03 41.39 71.87 41.51 71.65 41.15
Diginetica  45.53  17.05 55.09 33.63 5547 32.98 55.44 333 55.15 33.24 37.69 2493
Table 4: Performance metric of SR-EGNN with different ablation module.
Datasets | Ablation Module | Metric
\ LESI(-) LS(~) GS(~) \ P@5 MRR @5 P@10 MRR@10 P@20 MRR@20
Yooch 1/64 v v X 41.37 26.43 53.06 26.93 63.41 26.74
oochoose v X v 7.42 4.61 12.15 4.69 20.96 4.6
X v v 42.4 27.07 54.95 26.78 65.79 26.67
N v Ve X 1.83 0.71 2.95 0.89 4.51 1.16
Diginetica v X v 2.36 1.48 4.08 1.51 6.6 1.76
X v v 21.0 13.25 31.34 13.13 43.17 13.27

4.7 Parameter analysis
4.7.1 The local elasticity k-value analysis

In the local elasticity, the value of k represents the
last k items clicked by the user in session recom-
mendation task. In Table 3, we analyze the im-
pact of different values of k on the experimental
results. Compared to the performance where k
is set to 7 in Table 2, there is a further improve-
ment in P@k and MRR@k in Table 3. On one
hand, this indicates that the SR-EGNN can further
enhance performance metrics by adjusting hyper-
parameters. On the other hand, it highlights the
importance of modeling the last k items.

4.8 Ablation studies

We conducted ablation experiments on the differ-
ent modules of our proposed method, with the ex-
periments still carried out on the Yoochoose 1/64
and Diginetica datasets. The modules subjected
to ablation include the session embedding learning
module LESI(+), the local elasticity module LS(-),
and the global elasticity module GS(-). In Table
4, a v indicates that the corresponding module is
used in the modeling, while a X indicates the op-
posite. Compared to the experimental results in Ta-
ble 2, in Table 4, removing any one of the modules
LESI(-), LS(-), or GS(-) results in SR-EGNN ex-
hibiting poor performance, highlighting the impor-
tance of each module. Specifically, when the LS(-)
module is removed, the experimental resulss show

poor performance on both the Yoochoose 1/64 and
Diginetica datasets. However, when the LESI(-)
module is removed, the performance metrics are
not as poor. Therefore, the LS(-) module might
deserve more attention in modeling compared to
the LESI(-) module.

5 Conclusion

In this paper, we propose SR-EGNN, an elas-
tic graph neural network framework for session-
based recommendation. Extensive experiments
on the Yoochoose 1/64 and Diginetica datasets
demonstrate that SR-EGNN consistently outper-
forms strong baselines in terms of both P@Qk and
MRR@k. In particular, when k& € {5,10,20},
SR-EGNN achieves substantial improvements in
MRR@k over the best baseline, with gains of
33.43%, 32.21%, and 31.17% on Yoochoose 1/64,
and 95.95%, 80.20%, and 70.70% on Diginet-
ica, respectively. By explicitly modeling both lo-
cal and global elasticity, SR-EGNN captures fine-
grained structural variations in session sequences
while learning effective session representations.
The progressive learning enabled by the elastic
modules allows the model to adapt to diverse ses-
sion dynamics, leading to superior recommenda-
tion performance. Furthermore, convergence anal-
ysis, hyperparameter studies, and ablation exper-
iments consistently validate the effectiveness and
robustness of the proposed framework.



6 Limitations

Despite its strengths, SR-EGNN has several lim-
itations. First, it may struggle with very short
sessions, as capturing fine-grained local variations
in limited interactions is challenging. Second,
the computational complexity introduced by multi-
head attention and graph neural networks (GNNs)
could hinder scalability. Additionally, the model
is vulnerable to cold-start and data sparsity issues,
which restrict its performance for new users or
items. Finally, SR-EGNN’s interpretability is lim-
ited by its complex architecture, making it difficult
to understand how specific session patterns drive
predictions.
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