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Abstract001

Session-based recommendation aims to pre-002
dict users’ next actions from anonymous in-003
teraction sessions. Existing approaches com-004
monly adopt L2-based smoothing to enforce005
global stability and convergence; however,006
such strategies often overlook fine-grained lo-007
cal variations within session sequences and008
fail to fully exploit the adaptive modeling ca-009
pacity of graph neural networks (GNNs). To010
overcome these limitations, we propose SR-011
EGNN, an Elastic Graph Neural Network for012
session-based recommendation that explicitly013
models adaptivity at both local and global lev-014
els. Specifically, the proposed framework de-015
composes adaptivity into two complementary016
components: local adaptivity, which captures017
subtle and dynamic variations within individ-018
ual sessions, and global adaptivity, which pre-019
serves overall smoothness and training stabil-020
ity across the session graph. By jointly mod-021
eling these two aspects, SR-EGNN achieves022
a more effective trade-off between local sen-023
sitivity and global consistency than conven-024
tional smoothing-based methods. Concretely,025
SR-EGNN first encodes session representa-026
tions using GNNs equipped with multi-head027
attention, and then applies dedicated local028
and global smoothing mechanisms to refine029
the representations. Extensive experiments030
on two real-world benchmark datasets demon-031
strate that SR-EGNN consistently outperforms032
strong baselines, validating the effectiveness033
of the proposed elastic modeling framework.034
The implementation is publicly available at035
https://gitcode.com/Zane507/SR-EGNN036

1 Introduction037

With the exponential growth of online informa-038

tion, recommendation systems have become es-039

sential for alleviating information overload and040

enabling users to efficiently access relevant con-041

tent. Conventional recommendation approaches042

typically rely on user profiles and long-term be-043

havioral histories to deliver personalized recom- 044

mendations. However, in many real-world scenar- 045

ios, user identity information is unavailable, and 046

only short-term interaction data within a single 047

session can be observed. This setting gives rise 048

to the session-based recommendation task, which 049

aims to predict a users next action solely based 050

on anonymous click sequences in the current ses- 051

sion. Despite the lack of persistent user identi- 052

fiers, session-based recommendation is of substan- 053

tial practical importance, as it supports effective 054

personalization under severe data sparsity and pri- 055

vacy constraints. 056

A wide range of methods have been proposed 057

for session-based recommendation. Early ap- 058

proaches such as POP and S-POP rank items by 059

their occurrence frequency in the training data. 060

Item-KNN (Davidson et al., 2010) applies item- 061

based collaborative filtering by constructing item- 062

to-item similarity matrices using cosine similar- 063

ity. Neural sequence models, exemplified by 064

GRU4Rec (Hidasi et al., 2015b), leverage recur- 065

rent neural networks to capture sequential depen- 066

dencies for next-item prediction. NARM (Li et al., 067

2017) introduces an attention mechanism to em- 068

phasize informative items and infer the main user 069

intent within a session. SR-GNN (Wu et al., 070

2019) models session sequences as graphs and 071

employs gated graph neural networks with self- 072

attention over the last clicked item. More re- 073

cently, Amazon-M2 (Jin et al., 2024) provides a 074

large-scale multilingual and multi-locale shopping 075

session dataset, facilitating comprehensive empir- 076

ical evaluation. SRGI-CM (Wang et al., 2024b) 077

enhances dynamic item-transition modeling by 078

incorporating global item-transition information, 079

while Re2LLM (Wang et al., 2025) explores large 080

language models guided by lightweight retrieval 081

agents for session-based recommendation. 082

Despite their strong empirical performance, ex- 083

isting methods still face fundamental challenges. 084
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First, accurately modeling user preferences from085

highly sparse session data remains difficult. Ses-086

sions are anonymous and typically contain only087

a few implicit behavioral signals, making it chal-088

lenging to construct reliable user representations089

or effective retrieval agents. Most neural ap-090

proaches encode user intent implicitly through091

hidden representations (e.g., SR-GNN), while092

large-model-based methods depend on auxiliary093

retrieval mechanisms (e.g., Re2LLM); both are094

constrained by the limited information available095

within a single session. Second, although prior096

studies have shown that information enhancement097

plays a crucial role in session-based recommen-098

dation (Wang et al., 2024b, 2025), existing ap-099

proaches primarily focus on global item interac-100

tion enhancement or task-specific feedback mod-101

eling, while largely overlooking the elastic adapt-102

ability of session representationsnamely, the abil-103

ity to flexibly adjust representation structures in104

response to diverse and evolving session dynam-105

ics.106

To address these limitations, we propose SR-107

EGNN, an Elastic Graph Neural Network frame-108

work for session-based recommendation that ex-109

plicitly models elasticity adaptability within ses-110

sions. Elastic Graph Neural Networks (Elas-111

ticGNNs) (Liu et al., 2021) are designed to learn112

flexible graph representations and have demon-113

strated strong performance in various domains, in-114

cluding natural language processing and computer115

vision, such as text embedding (Daneshfar et al.,116

2024), image classification (Qin and Qian, 2024),117

and edge prediction (Li et al., 2023). Inspired118

by these advances, we introduce elastic modeling119

mechanisms into session-based recommendation120

for the first time. By enhancing both local and121

global elasticity in graph-based session represen-122

tations, SR-EGNN captures structural variations123

that are difficult to model using conventional meth-124

ods such as NARM, SR-GNN, and Re2LLM, en-125

abling more accurate next-item prediction under126

sparse and anonymous session settings.127

Figure 1 illustrates the overall framework of128

SR-EGNN. Each session is modeled as a directed129

graph, consisting of input and output graphs along130

with an association matrix. The graphs are pro-131

cessed by graph neural networks to obtain node132

representations, which are aggregated via a multi-133

head attention mechanism. A soft attention mod-134

ule integrates session-level information, followed135

by a local elastic operation to enhance intra-136

session adaptability. Subsequently, a global elastic 137

operation is performed using the association ma- 138

trix to capture cross-session elasticity. Finally, SR- 139

EGNN predicts the click probabilities of candidate 140

items for the next interaction. Extensive experi- 141

ments on real-world datasets demonstrate that SR- 142

EGNN consistently outperforms strong baselines 143

and achieves state-of-the-art performance. 144

The main contributions of this work are summa- 145

rized as follows: 146

• We are the first to introduce elastic graph neu- 147

ral networks into session-based recommenda- 148

tion, explicitly modeling elasticity adaptabil- 149

ity throughout the recommendation process. 150

• We propose a novel message-passing frame- 151

work that jointly captures both local and 152

global elasticity in session modeling. 153

• Extensive experiments on benchmark 154

datasets demonstrate the effectiveness of SR- 155

EGNN, yielding consistent and significant 156

improvements over state-of-the-art methods. 157

2 Related Work 158

In this section, we will introduce works related 159

to our method, including session recommendation, 160

graph neural networks, elasticity mechanism. 161

2.1 Session Recommendation 162

In session recommendation, it is common to pre- 163

dict items of interest to users based on the order 164

in which they click on them. PME (Wu et al., 165

2013) proposed a personalized Markov embed- 166

ding model that maps users and items to Euclidean 167

space, where the user item distance and item 168

item distance reflect their respective importance. 169

GRU4Rec (Hidasi et al., 2015a) introduced re- 170

current neural networks into session-based recom- 171

mendation tasks for the first time, addressing the 172

inaccuracy of matrix factorization methods.Each 173

item in the session has different importance for 174

predicting future behavior, so many of the rec- 175

ommended methods use attentional mechanisms 176

to assign weight. (Wang et al., 2018) proposes 177

an effective attention based transaction embedding 178

model that strengthens relevant items and dilutes 179

items unrelated to the next choice. (Liu et al., 180

2018) proposed a new short-term memory prior- 181

ity model to address the issue of user interest drift 182

caused by accidental clicks in long-term conversa- 183

tions. This model captures the overall interest of 184
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users in long-term conversations and considers the185

current interest based on the short-term memory186

of the last click. (Pan et al., 2020) designed a self-187

attention mechanism to correct the importance of188

items in a sequence and predict users’ long-term189

preferences.(Jin et al., 2024) proposes a multilin-190

gual dataset to enhance the personalization and un-191

derstanding of user preferences and benchmarks a192

series of algorithms. (Zhang et al., 2024) identifies193

and distinguishes the impact of ID and modality194

on modeling user behavior. Although these meth-195

ods have proven effective and have advanced re-196

search in the session-based recommendation do-197

main, they all overlook the elasticity adaptability198

in session modeling. This oversight can lead to199

models overfitting the noise in the data, prevent-200

ing them from achieving optimal performance.201

2.2 Graph Neural Networks202

In recent years, Graph Neural Networks (GNNs)203

have played a significant role in various fields,204

such as natural language processing (Mikolov205

et al., 2013), image segmentation (Felzen-206

szwalb and Huttenlocher, 2004), citation networks,207

knowledge graphs (Kipf and Welling, 2022), and208

recommendation systems (He et al., 2020). How-209

ever, due to the heterogeneity between node clas-210

sification tasks and session-based recommenda-211

tion tasks, some research efforts have been pro-212

posed in the field of session-based recommenda-213

tion. SRGNN (Wu et al., 2019) was the first214

to apply graph neural network algorithms to the215

field of session-based recommendation, aiming to216

capture the complex transition relationships be-217

tween items. (Xu et al., 2019) used Graph Neu-218

ral Networks (GNNs) to capture rich local de-219

pendencies and constructed a Broadly Connected220

Sequence (BCS) graph to connect different se-221

quences, proposing a new Full Graph Neural Net-222

work (FGNN) to learn complex item dependencies.223

(Yu et al., 2020) proposed a sequence-based model224

that adaptively activates different user interests for225

different predicted items. (Wang et al., 2024a) pro-226

posed a knowledge graph-based session adaptive227

propagation algorithm that adaptively aggregates228

the neighbor information of items, addressing the229

issue that the intent of each session cannot adap-230

tively change. Although GNNs have strong ca-231

pabilities in handling graph data and have been232

widely applied in the field of session-based rec-233

ommendation, existing methods have overlooked234

the elasticity adaptability of GNNs in session mod-235

eling. Therefore, our method is based on GNN 236

modeling and considers the elasticity adaptability 237

in session modeling. 238

3 Proposed Method 239

We propose elastic graph neural network for ses- 240

sion recommendation. First, following (Wu et al., 241

2019), we construct the information within and 242

between nodes of session si, including the out- 243

put information of nodes Aout
si and the input in- 244

formation of nodes Ain
si . Unlike previous meth- 245

ods, we introduce the information between nodes 246

and edges ∆si , which is often overlooked in his- 247

torical session modeling. Second, we learn the 248

session embedding through graph neural networks 249

and a multi-head attention mechanism. Then, we 250

perform a local elasticity operation on the items 251

within the session. Subsequently, we execute a 252

global elasticity operation. Finally, we combine 253

the results of global and local elasticity to recom- 254

mend the next item. We present the architecture of 255

our model in Figure 1. 256

3.1 Notations 257

We use S to denote all session sequences. The 258

i-th session sequence si ∈ S is represented as 259

{vsi1 , vsi2 , · · · , vsim}, where m denotes the number 260

of items in si. Ain represents the relationships 261

where nodes are pointed to by other nodes within 262

the session, and Aout represents the relationships 263

where nodes point to other nodes. 264

3.2 Constructing session graph 265

To clearly express the internal relationships be- 266

tween nodes, we provide a case. In S, the transi- 267

tion relationships between nodes can be described 268

as A, where Acase ∈ A. 269

Acase =


0 0 1 1
1 0 0 1
1 0 0 0
0 1 0 1

 (1) 270

Acase is a case we present, and it is further divided 271

into Ain
case and Aout

case. 272

Ain
case =


0 1

2
1
2 0

0 0 0 1
1 0 0 0
1
3

1
3 0 1

3

 Aout
case =


0 0 1

2
1
2

1
2 0 0 1

2
1 0 0 0
0 1

2 0 1
2


(2) 273

where the term Ain
case represents the relationships 274

where node is pointed to by other nodes within a 275
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Figure 1: The workflow of the proposed SR-EGNN method.

session, while Aout
case represents the relationships276

where node points to other nodes.277

In the session, not only does it include the rela-278

tionships between nodes, but it also includes the279

relationships between nodes and edges. We use ∆280

to represent the relationships between edges and281

nodes, where ∆case ∈ ∆.282

∆case =


−1 1 0 0
−1 0 1 0
0 −1 0 1
0 0 0 0

 (3)283

The term ∆case represents the relationships be-284

tween different edges and nodes in Acase after re-285

moving bidirectional connections and self-loops.286

3.3 Learning session embedding287

We initialize the embedding of items in each ses-288

sion to obtain {v1
si , v

2
si , · · · ,v

m
si} ∈ Vsi . Then,289

we use graph neural network to learn the spatial290

structural features of the input graph Ainput
si and291

the spatial structural features of the output graph292

Aout
si for Vsi .293

Gsi = Ain
siVsiW1 +Aout

si VsiW2 + b (4)294

where Ain
si ∈ Rm×m, Aout

si ∈ Rm×m, Vsi ∈295

Rm×d, W ∈ Rd×3d, b ∈ Rm, W and bepresent296

learnable parameters, and d denotes the dimension297

of the hidden layer.298

Zsi = MultiHeadAttention(Gsi) (5)299

where Gsi ∈ Rd×3d, Zsi ∈ Rd×d.300

3.4 Local elasticity 301

By learning the embedding of the si items, we ob- 302

tain {z1si , z
2
si , · · · , z

m
si} ∈ Zsi . Then, we learn the 303

local embeddings of the items and perform elastic- 304

ity operation. 305

In si, we first define the attention coefficient for 306

the j-th term as follows: 307

αj = q⊤σ
(
W3z

m
si +W4z

j
si + c

)
(6) 308

where j ∈ [1,m], W3, W4 ∈ Rd×d, and q, c ∈ 309

Rd represents learnable weight parameters. 310

Local embedding is defined as the embedding 311

operation on the last k items clicked within si. 312

zlocalsi =
m∑

j=m−k

αjz
j
si (7) 313

Then, we assign zlocalsi to the last clicked item. 314

zmsi := zlocalsi (8) 315

where := denotes the reassignment of the value 316

to zmsi . Then, we obtain {z1si , z
2
si , · · · , z

local
si } ∈ 317

Zlocal
si . Finally, we perform elasticity operation us- 318

ing the l norm. 319

zlocalsi :=


sign(zlocalsi ) ·min(|zlocalsi |, λ1) (OptionI :l1 norm)

zlocalsi

||zlocalsi ||2
·min(||zlocalsi ||2, λ1) (OptionII :l21 norm)

(9) 320

where the reassigned zlocalsi represents the result of 321

local elasticity using either the l1 norm or the l21 322

norm. 323
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3.5 Global elasticity324

After performing local elasticity to obtain Zlocal
si ,325

we proceed with a global elasticity operation. The326

global elasticity operation integrates the relation-327

ships between nodes as well as between nodes and328

edges. We initialize H0
si = Zlocal

si , and then329

Yt
si = γH0

si + (1− γ)Afusion
si Ht

si (10)330

where Afusion
si = Ain

si + Aout
si , Afusion

si ∈ Rm×m,331

Ht
si ∈ Rm×d, γ represents a hyperparameter.332

H̃t+1
si = Yt

si − γ∆̃T
siO

t
si (11)333

where ∆̃si ∈ ∆̃, ∆̃ = ∆D̂− 1
2 , D̂ii =

∑
j ∆̂ij ,334

O0
si = 0m×d, 0m×d represents all matrices whose335

values are 0.336

Ot+1
si = Ot

si − β∆̃siH̃
t+1
si (12)337

where β is a hyperparameter. Then, we perform338

the elasticity operation using the l-norm.339

Õt+1
si =


sign(Ot+1

si ) ·min(|Ot+1
si |, λ1) (OptionI :l1 norm)

Ot+1
si

||Ot+1
si ||2

·min(||Ot+1
si ||2, λ1) (OptionII :l21 norm)

(13)340

where Õ represents the result after elasticity using341

either the l1 norm or the l21 norm.342

Ht+1
si = Yt

si − γ∆̃T
siÕ

t+1
si (14)343

The global elasticity is iteratively executed T344

times, ultimately resulting in HT
si .345

zglobalsi = MEAN(HT
si , axis = 0) (15)346

where MEAN(·, axis = 0) indicates taking the347

mean of HT
si along the x-axis, where HT

si ∈ Rm×d,348

and zglobalsi ∈ Rd.349

3.6 Recommend the next item350

After applying local elasticity and global elastic-351

ity, we obtained zlocalsi and zglobalsi , respectively. We352

then fuse the local and global elasticity using learn-353

able weight parameters.354

zlgsi = W5CONCAT(zlocalsi ; zglobalsi ) (16)355

where W5 ∈ Rd×2d represents learnable weight356

parameters, and CONCAT(·) denotes the vector357

concatenation operation.358

After obtaining zlgsi , we calculate the score for359

each item.360

ẑjsi = zlgsi [v
j
si ]

T (17)361

where zlgsi ∈ Rd, vj
si ∈ Rd. Then, we use the 362

softmax function to obtain the final output vector 363

of the model. 364

ŷ = softmax(ẑsi) (18) 365

where ẑsi ∈ Rc, c represents the number of can- 366

didate prediction items. Then, we use the cross- 367

entropy loss function to calculate the loss between 368

the candidate prediction items and the true values. 369

L(ŷ) = −
c∑

i=1

yi log (ŷi)+(1− yi) log (1− ŷi) ,

(19) 370

It is worth noting that the detailed experimental 371

parameters are documented in the experimental de- 372

tails. 373

4 Experiments 374

In this section, we introduce the datasets used to 375

validate the effectiveness of our method, the eval- 376

uation metrics for the experiments, the baseline 377

methods for comparison, and the parameter set- 378

tings of our method. Additionally, we provide a 379

detailed analysis of the performance metrics of our 380

proposed method, including improvements in the 381

P@k and MRR@k metrics. Furthermore, we con- 382

duct an in-depth analysis of the hyperparameters 383

of our method. Finally, we present the results of 384

the ablation study for the proposed method. 385

4.1 Datasets 386

Yoochoose and Diginetica are two commonly used 387

real-world datasets based on session recommenda- 388

tion. The two datasets are derived from the click- 389

stream of users to e-commerce websites within six 390

months of the release of the 2015 RecSys Chal- 391

lenge and transaction data of user clicks recorded 392

within six months of the 2016 CIKM Cup plat- 393

form. For a more fair comparison, according to 394

(Li et al., 2017; Liu et al., 2018), we filtered out 395

all items with a length of 1 and appearing less 396

than 5 times in both datasets. The statistical data 397

of the dataset is summarized in Table 1. Refer- 398

ence to (Tan et al., 2016), We generate sequences 399

and corresponding labels by splitting the input se- 400

quences. For example, there is a sequence S = 401

{v1, v3, v5, v2}, The sequence we generate is la- 402

beled ({v1} , v3),({v1, v3} , v5),({v1, v3, v5} , v2), 403

and the label represents the item that the user 404

clicks next. 405
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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 Metrics406

Both P@k and MRR@k are widely used as eval-407

uation metrics. The value of k is set to 5, 10 and408

20.409

P@k: We use P@k (Precision) score as a mea-410

sure of precision of prediction. P@k represents411

the proportion of all test cases which has correctly412

recommended items amongst the top-k items.413

P@k =
1

N

N∑
i=1

ci (20)414

where N denotes the number of test data, ci is 0 or415

1. If the predicted result has appeared in the top-k416

items, the value of ci is 1. Otherwise the value of417

ci is 0.418

MRR@k: Another evaluation metric is419

MRR@k (Mean Reciprocal Rank). It is the aver-420

age of reciprocal ranks of all desire items. We set421

the reciprocal rank to 0 if the rank exceeds k. It is422

important in the field of recommendation systems423

because it takes into account the ranking order of424

recommendation list.425

MRR@k =
1

N

N∑
i=1

1

Rank(i)
(21)426

where N denotes the number of test data. If the427

predicted result has appeared in the top-k items,428

the value of Rank(i) is the position index cor-429

responding to the item. Otherwise the value of430
1

Rank(i) is 0.431

4.3 Baseline methods432

POP and S-POP : Recommend the sequence item433

by its frequency in the training set, and select N434

items with the highest frequency as the recommen-435

dation item.436

item-knn (Davidson et al., 2010): uses item-437

based collaborative filtering algorithm, and estab-438

lishes item-to-item similarity matrix by cosine dis-439

tance. Sequence recommendation based on item440

similarity.441

BRP-MF (Rendle et al., 2012): This is a 442

Bayesian personalized ranking algorithm. Many 443

algorithms do not directly optimize the personal- 444

ized ranking. BRF-MF algorithm proposes a gen- 445

eral personalized ranking optimization standard 446

and applies it to matrix factorization and adaptive 447

KNN algorithm. 448

FPMC(Rendle et al., 2010): combines matrix- 449

based methods with Markov chains. In addition, 450

Bayesian personalized ranking is introduced when 451

learning model parameters. 452

GRU4Rec(Hidasi et al., 2015b): This is a 453

deep learning method for sequence prediction. Se- 454

quence is a kind of sequential information, so re- 455

current neural networks can learn this kind of se- 456

quential information. In GRU4Rec, the recurrent 457

neural network is applied to sequence prediction. 458

NARM(Li et al., 2017): Based on the previ- 459

ous sequence prediction, which only considers the 460

sequence information of sequence prediction, the 461

important items in sequence are not considered. 462

Therefore, NARM algorithm considers the impor- 463

tance of sequence items through attention mech- 464

anism to capture the main purpose of users and 465

make recommendations. 466

STAMP(Liu et al., 2018): User click predic- 467

tion STAMP considers the user’s last click item 468

and integrates the user’s last click item with the 469

whole interest. 470

STAN(Garg et al., 2019): This method consid- 471

ers the position of an item in the current sequence, 472

the most recent sequence should be recommended, 473

and the consideration of sequence prediction in 474

neighboring sequence. 475

SRGNN(Wu et al., 2019): This method uses 476

gated GNN to get item embeddings and self- 477

attention with the last item in the sequence. 478

MTD(Huang et al., 2021): This approach 479

leverages an automatic and hierarchical approach 480

to jointly learn the dynamics of intra-sequence and 481

inter-sequence item transitions. 482

SRGI-CM(Wang et al., 2024b): This method 483

introduces global item-transition information to 484

enhance the modeling of dynamic item transitions. 485

486

4.4 Parameter settings 487

We use pytorch to implement our model. The 488

latent vector dimension d of the two datasets is 489

set to 100. We specify the regularization penalty 490

λ = 10−6. Adam optimizer was used to optimize 491

all models, and the batch size and learning rate 492
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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 5.39 1.27 7.17 1.44 6.71 1.65 0.58 0.02 0.75 0.03 0.89 0.20
S-POP 20.57 16.62 26.82 17.63 30.44 18.35 11.06 11.02 16.21 12.71 21.06 13.68

Item-KNN 35.18 19.97 44.64 20.56 51.60 21.81 18.62 9.28 26.93 10.67 35.75 11.57
BPR-MF 21.72 11.08 26.86 11.74 31.31 12.08 3.27 1.11 4.26 1.70 5.24 1.98

FPMC 31.25 13.49 39.80 14.46 45.62 15.01 14.09 5.18 20.29 5.97 26.53 6.95

GRU4REC 41.09 20.80 52.53 22.13 60.64 22.89 15.94 2.36 21.84 2.92 29.45 8.33
NARM 46.23 25.58 58.84 27.53 68.32 28.63 26.31 13.69 37.22 14.53 49.70 16.17
STAMP 46.67 27.12 59.20 28.27 68.74 29.67 24.04 11.53 34.01 12.59 45.64 14.32
STAN 46.86 25.79 60.27 27.90 69.45 28.74 26.03 13.89 37.32 15.34 50.13 16.73

SR-GNN 47.55 28.44 60.49 30.18 70.57 30.94 26.28 14.97 37.37 16.44 50.73 17.59
MTD 48.57 29.02 61.44 31.11 70.37 31.02 28.29 15.66 40.22 17.58 53.92 19.20

SRGI-CM 50.12 29.13 63.51 31.20 70.31 30.27 29.13 17.13 41.32 18.23 54.71 19.43

SR-EGNN 55.21 38.72 64.12 41.13 71.61 41.37 40.68 29.51 47.6 31.68 55.2 32.77

(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-493

ing rate was decayed to 1/10 of the original after494

every 3 epochs. All parameters were initialized us-495

ing a Gaussian distribution with mean 0 and stan-496

dard deviation 0.1. We set the number of eopch497

that is 10. During global elasticity, the number of498

iterations T ∈ [1, 15]. Apart from this, we directly499

use the entire training set to train the model. Af-500

ter the model training is completed, we select the501

model that converges best on the training set as the502

optimal model and test it on the test set.503

4.5 Performance results504

In Table 2, we present the results of the SR-EGNN505

model with the best convergence performance af-506

ter 10 iterations (E = 10). When performance507

is optimal, the values of T are 5 and 8 for the508

Yoochoose 1/64 and Diginetica datasets, respec-509

tively. At this point, our method shows new im-510

provements in both P@k and MRR@k, with sig-511

nificant enhancements particularly in the MRR@k.512

On Yoochoose 1/64, when k is set to 5, 10, and513

20, SR-EGNN improves by 11.4%, 2.6%, and514

0.3% over the best baseline, respectively. No-515

tably, in terms of the MRR metric, it improves by516

33.43%, 32.21%, and 31.17%, respectively. On 517

Diginetica, when k is set to 5, 10, and 20, SR- 518

EGNN shows improvements of 42.84%, 16.44%, 519

and 2.3% in the P@k over the best baseline, re- 520

spectively. Specifically, in terms of the MRR@k, 521

it improves by 95.95%, 80.2%, and 70.7%, respec- 522

tively. 523

Generally, some baseline methods focus more 524

on the P@20 metric, such as SRGNN and MTD. 525

However, items ranked higher are more likely to 526

be clicked. On the Yoochoose 1/64 and Dig- 527

inectica datasets, SR-EGNN provides experimen- 528

tal results for the P@5, P@10, and P@20 metrics, 529

showing further improvement compared to base- 530

line methods. The higher ranking of session rec- 531

ommendation items and the higher precision when 532

k is smaller contribute to the improvements in the 533

P@5 and P@10 metrics, which are attributed to 534

the enhancement in the MRR performance met- 535

ric. SR-EGNN achieves further improvement in 536

MRR@k, thanks to its embedding learning for ses- 537

sion items, local elasticity mechanism, and global 538

elasticity mechanism. 539

4.6 Convergence analysis 540

To understand the differences between our pro- 541

posed method and the baseline methods, we con- 542

ducted a convergence analysis. The analysis re- 543

sults demonstrate the convergence of SR-EGNN 544

compared to SR-GNN and MTD on the training 545

datasets Yoochoose 1/64 and Diginetica Loss. As 546

shown in Figure 2, SR-EGNN exhibits a more lin- 547

ear convergence trend compared to SR-GNN and 548

MTD, achieving the best convergence result for 549

the training set loss at 10 epochs. 550
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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 39.59 55.37 38.83 55.56 38.54 55.16 38.26
Diginetica 25.07 15.22 41.1 29.9 40.85 29.43 40.85 29.46 40.64 29.81 29.17 21.91

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 41.94 64.63 41.33 64.29 41.32 64.49 41.03 64.13 40.81
Diginetica 34.71 16.42 47.84 32.11 47.87 31.55 47.91 31.99 47.67 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 42.45 72.21 41.79 72.03 41.39 71.87 41.51 71.65 41.15
Diginetica 45.53 17.05 55.09 33.63 55.47 32.98 55.44 33.3 55.15 33.24 37.69 24.93

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

Yoochoose 1/64 ✓ ✓ × 41.37 26.43 53.06 26.93 63.41 26.74
✓ × ✓ 7.42 4.61 12.15 4.69 20.96 4.6
× ✓ ✓ 42.4 27.07 54.95 26.78 65.79 26.67

Diginetica ✓ ✓ × 1.83 0.71 2.95 0.89 4.51 1.16
✓ × ✓ 2.36 1.48 4.08 1.51 6.6 1.76
× ✓ ✓ 21.0 13.25 31.34 13.13 43.17 13.27

4.7 Parameter analysis551

4.7.1 The local elasticity k-value analysis552

In the local elasticity, the value of k represents the553

last k items clicked by the user in session recom-554

mendation task. In Table 3, we analyze the im-555

pact of different values of k on the experimental556

results. Compared to the performance where k557

is set to 7 in Table 2, there is a further improve-558

ment in P@k and MRR@k in Table 3. On one559

hand, this indicates that the SR-EGNN can further560

enhance performance metrics by adjusting hyper-561

parameters. On the other hand, it highlights the562

importance of modeling the last k items.563

4.8 Ablation studies564

We conducted ablation experiments on the differ-565

ent modules of our proposed method, with the ex-566

periments still carried out on the Yoochoose 1/64567

and Diginetica datasets. The modules subjected568

to ablation include the session embedding learning569

module LESI(·), the local elasticity module LS(·),570

and the global elasticity module GS(·). In Table571

4, a ✓ indicates that the corresponding module is572

used in the modeling, while a × indicates the op-573

posite. Compared to the experimental results in Ta-574

ble 2, in Table 4, removing any one of the modules575

LESI(·), LS(·), or GS(·) results in SR-EGNN ex-576

hibiting poor performance, highlighting the impor-577

tance of each module. Specifically, when the LS(·)578

module is removed, the experimental results show 579

poor performance on both the Yoochoose 1/64 and 580

Diginetica datasets. However, when the LESI(·) 581

module is removed, the performance metrics are 582

not as poor. Therefore, the LS(·) module might 583

deserve more attention in modeling compared to 584

the LESI(·) module. 585

5 Conclusion 586

In this paper, we propose SR-EGNN, an elas- 587

tic graph neural network framework for session- 588

based recommendation. Extensive experiments 589

on the Yoochoose 1/64 and Diginetica datasets 590

demonstrate that SR-EGNN consistently outper- 591

forms strong baselines in terms of both P@k and 592

MRR@k. In particular, when k ∈ {5, 10, 20}, 593

SR-EGNN achieves substantial improvements in 594

MRR@k over the best baseline, with gains of 595

33.43%, 32.21%, and 31.17% on Yoochoose 1/64, 596

and 95.95%, 80.20%, and 70.70% on Diginet- 597

ica, respectively. By explicitly modeling both lo- 598

cal and global elasticity, SR-EGNN captures fine- 599

grained structural variations in session sequences 600

while learning effective session representations. 601

The progressive learning enabled by the elastic 602

modules allows the model to adapt to diverse ses- 603

sion dynamics, leading to superior recommenda- 604

tion performance. Furthermore, convergence anal- 605

ysis, hyperparameter studies, and ablation exper- 606

iments consistently validate the effectiveness and 607

robustness of the proposed framework.608
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6 Limitations609

Despite its strengths, SR-EGNN has several lim-610

itations. First, it may struggle with very short611

sessions, as capturing fine-grained local variations612

in limited interactions is challenging. Second,613

the computational complexity introduced by multi-614

head attention and graph neural networks (GNNs)615

could hinder scalability. Additionally, the model616

is vulnerable to cold-start and data sparsity issues,617

which restrict its performance for new users or618

items. Finally, SR-EGNN’s interpretability is lim-619

ited by its complex architecture, making it difficult620

to understand how specific session patterns drive621

predictions.622
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